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Abstract 

The information system, which includes data analysis, data clustering, as well as 

sales amount prediction using machine learning algorithms will be described in 

this study. The system is intended for work in a manufacturing company, that 

sells certain products to retail outlets. According to the Forbes article, “Ten Ways 

Big Data Is Revolutionizing Supply Chain Management” [1], companies tend to 

integrate big data and advanced analytics into optimization tools. Thus, the idea 

of the system was proposed to increase efficiency of business processes. The system 

includes a method which can be used for outlets clustering using unsupervised and 

supervised machine learning algorithms comprising 2 steps — data partition using 

unsupervised Gaussian Mixture (GM) Model clustering algorithm based on outlets 

sales amount and further partition for one of them using Logistic Regression 

(LR) and Neural Networks (NN) classification algorithms, which predict whether 

outlets will achieve monthly sales plan. The proposed algorithm was tested on 

real sales data and formed 3 clusters according to business needs. Sales plan 

on gave up to 74% accuracy. Also, system should include 
achievement predicti 

plans settling algorithm based on sales forecasting per each outlet. This part 

was implemented using regression ensembling algorithm XGBoost, time series 

model SARIMA and recurrent neural network LSTM model. Sales forecasting 

was based on weekly sales data for 5 years in the outlet and predicts future sales 

amount values. Models were compared in terms of Mean Absolute Percentage 

Error (MAPE) and running time. From the results, it was decided to choose 

LSTM model which gave 17% MAPE and good running time to embed to the 

system with possible improvements.



AHaTia 

By KyMBICTa JepekTepdi TaayAbl, MoJiMeTTepAi KacTep.leyi, COHdali-ak Ma- 

WIMHAJIbIK OKbITY aJITOPUTMAepit KOTaka OTbIPbIM caTy KesIeMiH OosDKaybI KaM- 

TUTBIH akllapaTTBIK 2%*ylie cumaTTanagpl. By xyle Gerri Cip eximal cayna 

OpbIHapbiHa CaTaTbIH OHAIpiCTIK KOMMAaHHATa 2KYMBIC icreyre apHasiraH. «YuI- 

KeH MaJliMeTTepJi, 2KeTKISiIiM Ti36eriH OacKapydbI 2KaHaPTATbIH OH racisti> [1] 

Forbes MakKaslacbina colikec, KOMNaHMsAap YIKeH MaJIiMeTTep MeH O3bIK aHaJIH- 

THKaAJapAbl OHTA aHAbIpy Kypa/1qapblHa 6ipikripyre 6elttim. Ocbiaaliiia, OusHec- 

mpouecTepAik THIMAWITIH aAPTTbIPy Yuin KylieHin UeacbI ycbIHbI ab. bys 2Kyite- 

ne OakbliaHOaiTblH 2KoHe OakbIaHaTbIH MalUMHaJIbIK OKBITY aJITOPUTMJepil KOI- 

jana OTbIpbII, eKi CaTbiqaH TypaTblH 6akpliaHOatitEin Tayccuan Kocnacsr (GM) 

MOseNbIi KilacTepriK aJITOpUTMA KOJIZaHa OTbIPBIN, cayya HYKTeJepini, cary 

KOJICEMIHE HETi3JeJIreH 2KOHE JIOTMCTHKAJIbIK PErPpeCCHAHbI KOJIAaHa OTbIPbIII, OHBIH, 

6enirin Knacrepsley ywin KoujanHyra OonaTiH onic Gap. ( LR) 2xaHe Neural Networks 

(NN) *KikTey aJITOpuTMepi, Olap cayza HYKTeslepivit ali calibIHFbI CaTy >»KOC- 

apbiHa 2keTeTIH AINA 6omKaliybl. YCbIHbIIFaH AaNITOPUTM HAaKTBI CaTy Tepektepi 

6olibIHUIa CbIHAIbI 2KeHe OMSHEC Ka2KeTTIIKTepine calikec 3 KMacTep Kypabl. 

CaTbiIbiM 2XOCMapbIHBbIH, 2KeTICTIFIH 6ommay 74 % pongirine geltin 2xKeTKi3ziK. 

Conmati-aK, 2yHege ep cayla HYKTeHiH CATBIJIBIMBIH 6oOuDKayblHa Heri3qenren 

*KOCHapsapbIn KypaTbIH AJIrOPHTM KarKeT. Bya 6enim XGBoost gereH Kypama 

perpeccHANbIK aJIrOpuTMIH, SARIMA yakbITTBIK MogesbaAepin »xoHe LSTM xkai- 

TallaHaTbIn HefpOHABIK 2KeJH] KO aHy apKbIJIbI OPbIH AJB. CaTbiibiMaap api 

6omxKay Senimmeci 5 Kb Jarbl alta CaMbIHFbl CaTbIIbIMAap TYpaJiDl MaJIIMeTTep- 

re Heri3qeuIreH 2KkeHe OomailaKtTa cary K@JIeMIHIH OOJDKAMBIH rKacaiiyb. Monenp- 

ep opTaila a6cotoTTik kate (MAPE) okaHe 2kyMbIc yakbiTp! OofbIHIla CaJIbICTBI- 

pbiigbl. HeTwKerepqeH LSTM mogenin Talay TypaJIbl WelimM KaObluI aH bl, on 

17 % MAPE 2xoHe 2KaKCbI 2KYMBIC yaKbITbIH KepceTTi He, *eTiIZipyieplen Keitin 

mkyltere eHe aJlaJIbl.



AHHOTanMA 

B 9Tom uccs1enoBaHin 6yeT onucaHa HHopMallMOHHad CUCTeMa, KOTOPad BKJIIO- 

yaeT aHaslM3 JaHHbIX, KacTepW3alli0 JAHHbIX, & Tak2Ke MpOrHOSHpoBaHHe ob'be- 

Ma IIpoviaxK C HCIOJIbSOBaHHeM aJITOPHTMOB MallMHHOro o6yyeHua. Cuctema ripey- 

Ha3HateHa Ja padoTb! B MpOMSBOACTBeHHOM KOMMaHHH, KOTOpad NpodaeT ONpe- 

JI@JICHHbIC IPOLYKTbI B POSHMYHbIe MarasHHbl. Corsacuo craTbe Forbes, «J[ecaTb 

croco6os Kak 6oubIIne JaHHble PeBOMIONMOHUSUPYIOT yNpaBseHve WemOuKaMH T0- 

crapox» [1], KoMMaHMM CTpeMsATCA MHTerpUpOBaTb 6obUINe AAHHbIe U paciiiMpeH- 

HyIO aHANMTUKY B MHCTpyMeHTBI ONTHMM3aLHH. Takum o6pasom, Hex CHCTeMBI 

6biia Mpesox*Kena WA NOBLIMeEHHA 9dpcbeKTUBHOCTH 6u3HeCc-IIpoleccosB. CucTema, 

BKIIOUaeT B CeOA METON, KOTOPbIH MOXKHO HCMONb3OBAaTb MIA KNacTepH3allHy TOp- 

TOBbIX TOUeK C MCHOJb3OBAHHEM AJIFOPUTMOB MallMHHOTO o6yyeHua 6e3 yunTeiA 

MC YUNTeJEM, COCTOAIMMX U3 ABYX STATOB - pa3s6ueHve JJaHHbIX C MCIIOJIb30BaHveM 

aJIPOpHTMa KlacTepusallu Oe3 yuHTeA MOAeIM Tayccopont cmecu (GM) Ha ocHo- 

Be OObEMA MpOzaxk TOProBbIX TOUeK MH AONOMHUTeEMbHOPO passeseHuA AAA ONHOTO 

13 HUX C UCMONbSOBaHMeM JIOTUCTHYeCKO perpeccuu (LR) u anropuTma Kjaccn- 

dbuxanuu Ha 6a3e HelpoHHbIX cereii (NN), Koropble mpegcKasbIBaioT, OyAyT 1M 

TOproBble TOYKH JOCTUTATS eXKEMECHAHOTO Tada Mpoark. IlpeaoxkeHHbIi aw- 

ropuTM GbIN MpOTeCTHPOBAH Ha PeaIbHbIX AHHBIX O TpomaxKax U ccbopMuposBa- 

HO 3 KslacTepa B COOTBETCTBUM C noTpe6Hoctamu 6usHeca. IIporHo3 JocTwKenna 

awa Mpofaxk aI TOUHOCTh 0 74 %. Kpome Toro, cucTeMa JOJ2KHa BKJIIO- 

yaTb aJTOpUTM pacieTa WaHOB, OCHOBAHHBIM Ha MpOrHOSMpoBaHHN Npodaxk Ana 

Kaokolt TOproBolt TOUKH. ITa WacTb 6blla peaiu30BaHa C HCHOb30BaHHeM ai- 

ropuTMa perpeccuu aucam6uett XGBoost, Mogqemm BpeMeHHEIX pxqoB SARIMA y 

MojleIM PeKyppeHTHOH HepoHHo ceTu LSTM. IlporHo3uposanue mpojjax ocHo- 

BbIBAJIOCb H CXKCHEACIbHBIX JAHHDIX O Nposarkax 3a 5 eT B TOProBolt TOUKe u 

TIpOrHOSHpoBaJIo 3HAYeHUA 6yayilux Mposax. Moses cpaBHuBasucb M0 cpenHett 

aGcosIOTHOM OllMOKe B MpOueHTax (MAPE) u spemenu BbinomHenua. U3 pesyapra- 

TOB ObLIO pellleHO BbIOpaTb MOJEIb LSTM, xoropas faet 17% MAPE u xopomtee 

BpeMaA BLIMMCJICHUA JIA BCTpavBaHiaA B CUCTeMYy © BOSMO?KHBIMH yJIYdMeHHAMy.
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Nomenclature 

ACF Auto-Correlation Function 

Al Artificial Intelligence 

ARIMA Autoregressive Integrated Moving Average 

BI __ Business Intelligence 

CRM Customer Relations Management 

ERP Enterprise resource planning 

GM Gaussian Mixture 

HDFS Hadoop Distributed File System 

IoT Internet of Things 

IQR Interquartile Range 

KNN K-nearest neighbors 

LGBM Light Gradient Boosting Model 

LiR Linear Regression 

LR Logistic Regression 

LSTM Long Short-Term Memory 

MAPE Mean Absolute Percentage Error 

MLP Multilayer Perceptron 



NN Neural Networks 

PACF Partial Auto-Correlation Function 

RNN Recurrent Neural Network 

SARIMA Seasonal Autoregressive Integrated Moving Average 

SoE Systems of Engagement 

SoR Systems of Record 

VA Visual analytics



1. Introduction 

1.1 Motivation 

Segmentation of retail outlets in terms of manufacturing companies’ strategy ap- 

plied in sales amount and trade activities for each of them is very important. A 

Harvard Business School professor said that. of 30,000 new consumer products 

launches each year, 957% 

Directed investments into outlets help c 

g¢ to Harvard Business review, sales teams adopting 

fail because of ineffective segmentation. [2] 

ompanies to make more profit and 

decrease expenses. Accordin 

AI are seeing an increase in leads and appointments of more than 50%, cost 

reductions of 40-60%, and call time reductions of 60-70% [3] 

Gartner published a paper titled, “Demand Forecasting Leads the List of Chal- 

lenges Impacting Customer Service Across Industries”. [4] From the title of the 

article, they conclude that accurate demand forecasts across all industries is very 

important for business. 

Thus, an idea of developing the information system came up, for our manu- 

facturing company which consists of outlets segmentation part and sales amount 

forecasting one. 

1.2 Aims and Objectives 

The main idea of the research is to create complex system which will make com- 

nt and increase return of it’s directed investments. Which 
pany’s work more efficie 

helps to analyze sales data for manufacturing or retail companies with implement- 

ing segmentation of outlets and sales amount prediction for selected segments. 

Since there are studies related to forecasting or retail segmentation itself, com- 

pany needs a combined solution, which could be accessed by different users in



different locations. For the company it is also outlets segmentation accuracy - 

any pair of outlets from one segment is more similar to each other than to a POS 

from another one. Groups are calculated in a few minutes instead of a few days 

which decreases labor cost. 

During developing the system, main objectives are: 

e To study machine learning algorithms and select ones, which could be used 

for system’s models development 

e Get a pool of machine learning and clustering algorithms to be used 

Conduct a literature review in terms of thesis field to find out similar works 

or works in the field 

e To use data wrangling and analysis tools and algorithms to define necessary 

parameters and dependencies of data 

e Define data to be used, including historical data 

e Implementation of data analysis algorithms and testing 

Get results and evaluate performance of algorithms 

1.3 Working progress 

The first step was to review machine learning general types and principles to 

ropriate algorithms and methods to the problem. There are many 
choose app 

different types of machine learning algorithms, which can be useful depending on 

purposes and used data. 

Supervised machine 

5’ training before it can predict or classify outputs. The input dataset 
learning algorithms are those algorithms, which require 

algorithm 

can be divided into 

proaches, which is t 

of avoiding overfittin 

output of implemented algorithm is from continuous set, that kind of problems 

are called regression pro 

train and test datasets. Cross-validation is one of the ap- 

o divide input data into training and test sets with the aim 

g and use one of the parts as testing set one by one. If the 

blems, and it is called classification if the output set is 

discrete.



Supervised algorithms are used, if there are “correct” answers for the input 

data. Then classification accuracy can be estimated comparing “correct” answers 

with algorithm’s output as share of correctly predicted from total number of 

answers. Unsupervised learning algorithms do not learn any features from training 

data, and it is mainly used for clustering or decreasing dimension of data. [5] 

The Neural Networks are based on a biological concept of neurons. A neuron 

is a cell in a brain, which communicates other ones by exchanging signals. NN 

include input and output layers and can also have several hidden layers. It can dis- 

cover complex dependencies based on input data and find out non-linear functions 

to predict target data. [6] 

The preparation phase began with a selection of clustering algorithms to seg- 

ment the points according to sales amount criteria. Many clustering algorithms 

and methods were considered during this thesis preparation (7],[8],[9], since there 

is a huge variety, including the most popular K-means algorithm [10], as well 

as the Gaussian mixture algorithm [11] (an algorithm based on probabilities for 

each sample of relation to each cluster) and complex models with ensembles of 

clustering algorithms [12]. 

Further: 

1. Using clustering algorithms, system can create outlets clusters based on 

certain parameters 

2. Determine patterns and dependencies between the data 

3. Additionally, develop a model of prediction the fact of achieving settled plan 

for outlets using the previous implementation of plans information and sales 

in the outlet dynamics data 

4. To build a model of predicting monthly plans (sales amount) for each outlet, 

considering the purchase historical data and characteristics of outlets or its’ 

sellers. 

For the sales amount prediction, other papers will be studied to define best 

performing regression time series algorithms. [13] 

There are a lot of different separate problems regarding market segmentation 

and forecasting. The goal of the thesis is to combine developing a complex infor- 

10



mation system for sales analytics including segmentation (stage 1) and forecasting 

(stage 2) machine learning models. 

1.4 Thesis Outline 

The first chapter is Introduction chapter. It is the current chapter and it gives 

work overview and background. In Chapter 2 we review related literature and find 

out the main objective. Chapter 3 is describing proposed methods and algorithms 

used in the information system. Chapter 4 is discussing results, and in Conclusion 

chapter the main conclusions and further steps are discussed. 

11



2. Literature review and pre- 

liminaries 

2.1 Literature review 

2.1.1 Advanced analytics systems 

During the study, papers describing the approaches in building and comparing 

different analytics systems were reviewed. 

The first question to be answered was - what if a software ready for all our 

business needs already exists. In paper “Visual Analytics for the Big Data Era 

- A Comparative Review of State-of-the-Art Commercial Systems"[14] compara- 

tive analysis of most po 

nted. However, it does not include Microsoft Power BI, because 
pular commercial systems, which provide automatic data 

analysis is prese 

ch was made before its appearance. It were compared within functional 

methods and system performance. 

is becoming very popular and software companies which 

the resear 

capabilities, visualization 

Visual analytics (VA) 

develop such systems are growing exponentially. Also, it is the trend that big 

utions vendors are acquiring VA technology companies to integrate 

enterprise sol 
Development of the area follows from the increasing 

it with their existing tools. 

volume of data generated by business. This data is generated from everywhere 

- social media, different sensors in a hardware applied in any industries, GPS 

data and other text and me 

tion of data together with analytics capabilities of the computer and 
dia files from all around the Internet. VA is using 

visualiza 

data analyst[15] to solve busin 

With the increasing number of analytics solutions, including open-source and 

s, there is a need of overviews of the best ones to allow users and 

ess tasks in the area of its application. 

commercial one 

12



businesses to select the appropriate for their needs. Before, there were studies 

related to the comparison of open-source applications and commercial ones. 

Indeed, using available solutions is more efficient than creating a new system, 

but it can be hard to find the appropriate system for our business needs and 

existing software and analytics environment. The paper "Comparison of Open 

Source Visual Analytics Toolkits"[16] provides a comparative review of open- 

source VA solutions with respect to the quality of visualization, capabilities for 

analysis and the interface of applications itself. It concluded from the comparison 

of number of toolkits that there are both advantages and flaws for each of them, 

most of them are good in one area of application or in some functionalities and 

finding the best one for the user implies defining their needs and prioritizing the 

most important ones. And such studies can help with making a choice. [14] is 

about commercial systems which usually have wider range of functions than open 

source tools, but acquainting with the reviews we can decide and choose free or 

commercial one. 

The main difference of commercial systems from open-source ones is that com- 

mercial systems are much more easier to integrate with existing environment or 

the service and integration are included in the cost of maintenance from ven- 

dor. There are several research companies which provide a review of commercial 

Business Intelligence (BI) 

s, which are integrated tools including data extraction, analysis, visualiza- 

r necessary analytics functionalities. Other VA tools 

systems. BI systems typically are commercial analytics 

system 

tion, prediction and all othe 

can be a system which solve 

are integrated with other systems. Every year Gartner publishes "Magic Quad- 

rant for Analytics and Business Intelligence Platforms"|17| with the review of the 

best-known commercial BI systems with respect to its capabilities and integrity. 

Capabilities is about 15 are 

analytics ability, auto insigh 

reports. Nowadays, such advanced features like ability to create a report when 

just a business request text or cloud computations are becoming 

s only some part of analytics problems and usually 

as, including security, cloud calculations and advanced 

ts generation or natural language using for building 

query is made as 

very common and must-have for good commercial systems. 

In Figure 2.1 there is a qua 

with their Power BI product and i 

Tableau (which was acquired by Salesforce which is presented on 

drant of companies for 2020. Microsoft is presented 

t has been a leader for the last several years 

together with 

13



Visionaires quarter), Qlik (with Qlik Sense) and ThoughtSpot. The report is 

enriched with the description of strengths and cautions for each of the companies 

presented. 

Gartner’s rating includes only the BI companies which met Gartner’s stan- 

dards in terms of trends, number of clients and potential of their product. It is 

based on Gartner’s analysts opinion, online survey of real users and some other 

questionnaires. And two axes presented which are ability to execute and complete- 

ness of vision are presented with their own list of parameters. Ability to execute 

assesses the capabilities of the system and user experience which are available 

now in the products; whereas completeness of vision is about the strategy of com- 

panies expressed in the future plans for product development, market potential 

understanding and so on. 

Comparing to the existing reviews of VA tools, [14] provides: 

e a wider research including not only BI tools but VA products in general 

e evaluation of systems capability to work with Big Data, i.e. huge amounts 

of data with irregular structure, whereas existing surveys are researching 

usability of the systems 

e testing on real datasets to compare the performance of systems, whereas 

existing surveys are based on users opinions 

In the paper VA tools from different categories were selected, to cover max- 

imum of the whole market. As it was mentioned, besides BI systems, it were 

also data visualization software, network analysis products or some other niche 

products. First, systems 

tion, analysis and perform 

a analysis, visualization with 2 real datasets. 

were surveyed in terms of data management, visualiza- 

ance. Then, systems were tested for performance with 

a stress test and dat 

According to [15], there are three steps in visual analytics: 

e data management - it is about extracting data from different sources, merg- 

ing, preprocessing +t to create a dataset which is ready to be used in analysis 

e data modeling - analytics itself including models creation, connection of 

data 

14



Figure 1. Magic Quadrant for Analytics and Business intelligence Platforms 
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Figure 2.1: Gartner’s Magic Quadrant for Analytics and BI Platforms 2020. 

e visualization - using best appropr iate data visualization techniques and ap- 

proaches, to create visual representation of data in order to be able to make 

insights from it 

ach of them some more detailed. Let’s look at e 
cludes not only the functionality of data loading and Data management in 

connection to the data sources, but also data handling which is preprocessing, 

pivoting or other data transformation according to our needs. Analytics systems 

can differ in terms of dat | 

possibility to read from different distributed sources in parallel which is 

a management by the list of available data sources to 

connect or . | 

igned with the development of Big Data. Data handling or preprocessing is very 
al 

which predetermines a success of data analysis. In the 
important part of analysis, 

paper, systems were compared with respect to data preprocessing functionalities 

available, in the same time in our study some of the mentioned steps and types 

of preprocessing from the paper were also implemented: 

15



e data cleaning including replacing missing values with zeros or average values 

and outliers detection 

e data normalization 

e columns and rows aggregation, create new columns based on existing ones 

e joining tables 

e grouping, pivoting and filtering 

In terms of data modeling the main categories which are reviewed in the paper 

are - statistics functions, machine learning algorithms and dimension reduction 

algorithms. All of these tools help to analyze data from different views and to 

extract insights. Most of the reviewed systems are able to implement statistics and 

machine learning, the difference is in the variety of algorithms for each type. And 

only two systems (JMP and Spotfire) support dimension reduction algorithms. 

Statistics are about calculating statistics functions for one variable such as 

mean, standard deviation and so on, for two variables such as correlation, and 

less common multivariate analysis. This type of data modeling is not implemented 

in our system since the main idea was to apply machine learning algorithms to 

effective forecasting according to the business needs. Thus, all types of machine 

learning algorithms such as clustering, classification and regression algorithms 

were implemented in our system. Dimension reduction algorithms are usually 

used to change the multidimensional data to 2D or 3D to be able to visualize it 

on a graph. Such kind of algorithms imply that data retain the mutual distance 

between data samples or their orientation in space. In our system, dimension 

reduction were also tested in classification problem to reduce the dimension to 2D 

he data by clusters. 
space and plot t 

the systems in the paper were compared in a set 
In terms of visualization 

of available graph visualizations 

interactive filtering, drilling up and down. Most commonly used visualized data 

s the only type used in our system. There were some 

and the interface capabilities such as advanced 

type in numeric and it i 

categorical data, but 1¢ was translated to the numeric with discrete values. 

And most of the systems support the most common and standard graph types 

otting not very high dimensional numeric data - line charts, bar charts, 
used for pl 

pie charts, column charts, scatter charts and histograms. In our system we also 

16 



used scatter plots and line charts to visualize data. And only few systems support 

graphs for multivariate data. Each type of graphs is used depending on data and 

what the author wants to show. For example, to show the dynamic change of the 

variable through time line charts are used with time put on horizontal axis. Pie 

charts are used to show the parts of the whole, whereas bar and column charts are 

for comparison of values clustered by some another parameter. Scatter charts and 

histograms are used to show the relations between variables and distribution of 

the variable respectively. In [18] there is a chart suggestion diagram - an universal 

tool to find the appropriate type of chart for numeric data. Tableau and JMP 

are both also able to create visualization recommendations based on data (by the 

date of research made). It is also available in Power BI, which was created later 

than the research, as it was mentioned. Capabilities of interactive interface are 

the main strengths of some systems in terms of visualization. It is about filtering 

data interactively (simultaneously for several charts), changing the level or scale 

of the data, ability to view the data in different scales at the same time. This 

kind of functionality can be also added to our system, but the most effective way 

is to integrate with existing VA systems which support the most common types 

lization since it is not the main purpose of our system. 

is also important if we deal with big amount of data. And 

ovided stress tests with various sizes of CSV files to be 

ly Spotfire was able to load 50 GB file, whereas 

of visua 

System performance 

in the paper authors pr 

loaded into the system. And on 

d JMP were able to load 20 GB and Qlik only 10 GB. Similar approach 
Tableau an 

sting algorithms will be tested for running 
will be used in our study - all foreca 

time and it will be also considered to choose the best one. 

The tasks which are supported by all systems are in these categories: 

loration, which is mostly about creating hypotheses based on data 

e data exp 
alization (usually histograms, box plots or 

available. It includes data visu 

scatter plots to find the structure of data, sometimes heat maps), statistical 

models and even machine learning algorithms. 

e dashboards, which is about set of graphs and visual representation of data. 

Dashboards usually implies an interactive interface with connected graphs 

which can be filtered, selected to extract insights from the data dependencies 

among graphs 

17



| 
commu: 

q . prises 

e alerting, which means making signals t whe ; g signals to user ing i rtan 
. | hen something important 

Mostly, our study is related to data exploration - to find out patterns f rom 

the data using available machine learning algorithms and visualization techni ques. 

In terms of exploration methods only few systems, which are QlikView Spotfi ’ , »powunre, 

JMP, ADVIZOR, support machine learning and predictive algorithms. Spotfi . Spotfire, 

comparing to other systems, has advanced predictive analytics, ADVIZOR h ’ as 

some not common interactive graphs. 

limited with the standard ones. Because of it, defining business needs and addi Ing 

to the separate system product has become a better 

And the list of algorithms available there is 

all necessary functionality 

choice. 

According to “A systems approach to big data technology applied to suppl ply 

chain"[19], which describes the approaches and methods regarding new analyti 

systems integration to business processes, there are 2 types of systems - Sor 

(Systems of Record) and Sok ( 
on 

which support basic supply chain operations - production, planning and sale 

itself. And SoE is a systems group which refers to using advanced analytics na 

getting insights from it to incre 

It includes monitoring, predict 

Systems of Engagement). SoR are the systems 

ase business efficiency or find opportunities to grow 

ion, visualization and other methods described in 

the paper. 

Also, integration 

Id be also usefu 

f digital technologies into other aspects of business i is 

process of oR and SoF systems is described in a detailed 

way, which cou 1 for connecting our system with sales databas e. 

Nowadays, penetration © 

called as a digital transforma 

cesses and advanced analytics. For example, smart ordering systems are usi using 

demand forecasting to create an optimal number of orders and products for th 

. 
7 } 

° 

retailers. Sales forecasting 1S also used as a complement for planning of producti ction 

turing companies. 

f applying digital is also going on. Before, only static 

Its were used for improving product strategy or making 

tion. And it is seen as integration of business pro 

by manufac 

The transformation 
O 

reporting and analysis resu 

decisions. Now it is a trend of dynamic analytics when the results of analysi 
: ysis are 
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appli ep ~ automatically, without a human. Then, strong settled business pro autom | cess 

gether with integrated analytics lead to effective and optimal business decisi cisions 

and profits increase. 

So, for SoR it is important to be stable and reliable since all business proces } , ses 

are based on it. On the other hand, SoE is becoming connected with many sen 

data sources and with increasing amount of data, it must be able to retain table in stable 

and scalable even with extension of the system. 

According to the paper there are some important points that should be con- 

sidered when integrating these 2 types of systems: 

e system integration method - it is better to consider API connection if it 1 

is necessary to ensure high synchronicity and to use files or intermediat e 

servers when it is about large amount of data because it could be hard t 0 

provide reliable integration with big amounts of data 

© code architecture - it can be an issue when it is necessary to analyze merged erge 

data from different systems and the structure, names of columns and 

; ; oy: 
eXx- 

port methods, so it requires additional preprocessing from analysts or ever 

vas ; ; 
n 

additional transforming rules in case of automatic integration during dat ata 

exchange 

e division of microservices - it is about the connection between the syst : 7 | ems 

which implies separate integration between the parts of the system beca use 

:t can differ in requirements for stability, reliability or frequency of u se. 

For example, microservices of searching in on ecommerce site and orderi oe ring 

have different requirements since searching is more frequent operation and an 

ordering should not allow any mistakes 

e system integration model - it can be centralized when the whole SoR and 

SoE are integrated wit 

f each system are integrated separately as in case of microservices 

lized model allows to control and analyze the system as 

hin one integration platform and distributed when the 

parts 0 

architecture. Centra 

a whole, but it could need 

more data simultaneously 

higher requirements to reliability since it manages 

Concluding, systems have evolved from static integration to dynamic analyti 

(SoE) integrated with business systems (SoR) and it will continue with he i. 

| e de- 
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velopment of Artificial Intelligence (AI) and Internet of Things (loT). And such 

integration applied to any companies leads to the increase in profit and work 

efficiency. 

There are also some related works which describe sales analysis tools devel- 

oped for the specific purposes of the company. The paper called "Analysis and 

Optimization of Online Sales of Products" [20] tells about the similar system as 

in this thesis but for online shopping companies. Since, e-commerce companies 

are having more and more data from website transactions, clients actions and 

payments, it is very necessary to create such tools which are helpful in achieving 

business and sales goals. 

The system described in the paper is based on affinity analysis to determine 

connections between some transactions and simple logistic, linear regression. 

The system can be used to analyze data comprising of steps listed: 

e export data from the sales transactions database 

e segmentation of the data 

e extract some insights from sales data such as trends or seasonality and so 

on 

mmendations within sales and business improv- 
project the insights into reco 

ing tasks 

The importance of using analysis tools for increasing sales and work effective- 

ness in e-commerce is mentioned in the paper. It is the same as for supply chain 

ompanies which 1s this thesis is dedicated for. 
or retail c 

s are used for the system development. Data 
Several data mining approache 

mining helps to find out some patterns in sales or transaction logs and then use 

the obtained insights to rearrange stocks or come up with some promo. For 

ncrease the stock or purchasing for fast selling products is also the 
example, to i 

i1 companies. Patterns recognition in the sales data 

tool which is used in reta 

and creating insights are very im 

ompany. The difference of this thesis is that we do not 

portant and can be useful for decision making or 

strategic planning by the c 

consider every item specifically, but sales for all products within the achievement 

of monthly full portfolio plans. In the paper, also affinity analysis is used to find 

out connections between the sales of different products. 
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socket system described in the paper used sales data for each item, data about 

consisting of items combination and customers’ feedback regardi . 

product. Affinity analysis used in the system implies analyzing “slats is each 

products in the basket to define main products and the ones which ar “ee ways 

b 
ae 

ought as an addition. As well as defining the most effective promo campai mpaigns 

or t iviti isti ion | rade activities. Logistic regression 15 used to define whether the specific it ar the specific item 

will be sold or not, since the algorithm is binary classification model. It is simil 

to the approach used in stage 1 of this thesis to define whether outlet will whi : ieve 

th , 
; 

e plan or not. And Linear Regression (LiR) is used to forecast some indicat ors 

which have a roughly linear relation with sales data and this dependency can b n be 

estimated in the future. 

There is also a review of the existing analytics systems presented in the pap er. 

Listing their advantages, the described systems are: 

e Mindtree - is a good tool for managers to review main indicators since it ei 

has reporting visualization and to settle plans for future transactions 

e Micro Strategy - it has great capability for advanced predictive analytics 

and advanced data visualization 

_ ig one of the most popular data visualization tools which is also 
e Tableau 

alytics, including widely used Hadoop based 

able to provide Big Data an 

systems 

d before, the system described in the paper uses data 

As it was mentione 
from the database. Then it stores and segments 

mining approaches to select data 

tables for items sales, combination of items, ratings and feedback from custome TS. 

The obtained data is proces 

and patterns in the data suc 

or trends during the time. The system creates recommendations in terms of k ey 

profit and sales drivers, namely: 

tegy - to decide which products’ sales should be increased and to 

sed into graphs which are used to find out insights 

h as defining the amount of sales for each product 

e sales stra 

de portfolio optimization in order to increase overall sales 

provi 

e price stratesy ~ to define products which have to be discounted or pri rice 

increased 
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e stock management - to forecast demand in order to provide more efficient 

stock creation by products to avoid lost sales 

Strategically, our system has the same purposes which are increasing overall sales 

amount and profit by increasing effectiveness of business processes working. The 

difference is in the approaches, which are used and specifics of the field of appli- 

cation. For manufacturing company, stock management and sales itself can be 

not connected directly, since they are implemented as separate supply chain parts 

and can be independent. 

per is realised on a back-end of the clothes selling 
The analysis tool in the pa 

website, created specially for the research. It took data from sales tables and 

segments products on fast and slow sold ones. Then in terms of price strategy 

st selling products are increased and slow selling ones decreased. It 
the price of fa 

ted approach in contemporary business, 
confirms the importance of using segmen 

as it was mentioned above and applied in this thesis. 

The paper also presents the results of survey created to estimate the user 

analysis tool and this approach also can be used to get a 

experience of their 

feedback from our system users and enhance its work. 

Concluding, the described system in the paper is useful in a field of e-commerce 

or some other fields if it has th 

mplement some actions or activities on some of them to 
e same indicators or needs. It is able to segment 

products in order to 1 

increase overall sales an 

analytics 

hich are able to define covert features and dependen- 

me differences in manufacturing company’s working 

d profit. It uses some business reporting tools but not ad- 

vanced predictive igorithms such as deep neural networks or sales time 

series prediction models w 

cies in data. And there are SO 

specifics and analysis needs, $0 it requires personalized analytics system, ideally 

created for each company itself. 

Another paper which is called "Walmart’s Sales Data Analysis - A Big Data 

Analytics Perspective" [21] also describes the analytics system which was devel- 

oped within the retail com 

system. It is mentioned that nowadays retailers, despite being very traditional 

business models, are a 

all potential of the data aval 

with some promo activities or offers to increase overall sales and reach the goals. 

The paper presents the a 

pany which is close to the area of application of our 

Iso racing in implementing advanced analytics and using 

lable. And it is also important to provide customers 

nalysis of the big amount of data of Walmart which 
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includes defining most important parameters influencing on sales, visual represen- 

tation of the insights with using Scala and Spark Big Data Analytics frameworks. 

Also there is an option to forecast future sales based on previous years data us- 

ing Big Data application, described in the paper. Reviewing this paper may be 

beneficial in terms of using some of the Big Data tools and approaches in finding 

dependencies among the data in our system. 

The most adaptive businesses are trying to understand the willing of cus- 

tomers, to predict it in order to have a competitive advantage. It also includes 

reviewing your current progress and ability to settle future plans in terms of sales 

and marketing strategy. It is also mentioned in the paper that the more important 

is to be able to process the data, analyze it rather than just having it. That is 

why the authors present their approach of getting insights from Walmart’s data 

stack of Big Data technologies and data visualization. 
using 

rmarket or hypermarket like stores, which 
Walmart is a retail chain of supe 

has a lot of branches in different locations and cities. The main idea of the paper 

is to find out the most influencing parameters on sales in order to analyze this 

ovide recommendation on increasing sales. The parameters can be 
features and pr 

n a locality, holidays or time of the 
f unemployment, average salary i 

the level o 
an impact on the sales itself and market potential in 

year. All of these factors C 

the locality or city, and the similar approach was used in our system where outlets 

were segmented based on the company’s sales amount and the amount of sales of 

the whole category. The 

e outlets are traditi 

factors listed above are not widely used in our study for 

outlets, sinc onal independent stores [22], whereas Walmart is 

e. Independent stores are very local and could be 

a chain and has a wider audienc 

s, for example, being close to the big store nearby or 

influenced by so many factor 

he owner. Though, such global factors as holidays have an 

financial potential of t 

impact both on big chain stores as 

llocate sales or resources on the eve of the holidays. Authors explain 
Walmart and independent stores, so it could be 

useful to rea 

that they chose Walmart as 

the same problems and tasks. After becoming a big retailer it is important to sell 

more and simultaneously 
re 

happening flexible companies mana, 

is also about allocation between the shops of the chain, so getting some analytics 

shop can be useful for the retailers. The main purpose of the 

an object of analysis, because all big retailers have 

duce the costs. And if there are some sales increases 

ge to have enough product or enough staff. It 

regarding each 
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retailer ig to find out customer’s needs and possible future behaviour in order to 

be able to provide effective actions so that customers come back to purchasing at 

the same retailer’s shops. 

The described approaches analyze the data from the next points of view: 

e different scale - analytics can be applied for the whole chain or for any of 

shops separately which allows to define best or worst performing teams and 

to make decisions based on the analysis 

e dynamics - it is possible to apply predictive analytics to forecast future 

weeks sales based on previous sales history in order to align the result with 

the plans 

he paper, that there was already a study related to sales 

"Forecast of sales of Walmart store using Big Data 

application"[23]. This paper described data analytics based on Hadoop, Hive Big 

Data technologies which were applied on the open Walmart dataset, the same as 

used by the authors of [21]. Then, R statistics tool was used to apply a standard 

forecasting model and also Ta 

he data and obtained results. The main idea of that paper was to 

s to be able to act with huge amounts of data and 

It was mentioned in t 

analysis in Walmart called 

bleau data visualization tool was used to show the 

patterns in t 

apply Big Data framework 

create some meaningful insi 

The authors provided deep researc 

choice of Big Data technology to use in 

MapReduce with Hadoop for Weather Data Analytics"[24] shows an application 

of Big Data for forecasting and analysis of weather and temperature. It showed an 

efficient and accurate analysis for climate area, which is crucial for some other re- 

lated areas such as agricultural planning, using MapReduce architecture. Another 

also provides weather fore 

A huge amount of data from different sensors and de- 

ghts based on it. 

h in other works to find out the better 

their study. A paper called "Leveraging 

paper [25] 
casting but with comparison of MapReduce 

and Spark technologies. 

vices, from other climate para 

, weather. Spark was proved as better performing in that paper. 

"A review: MapReduce and Spark for Big Data analysis" (26| 

mparative review of two mentioned technologies. The au- 

t depends on the area of application but mostly Spark is 

meters was analyzed in order to create accurate and 

early forecasts fo 

Finally, the pape 

directly provides 4 C0 

thors concluded, that 1 

much more efficient in terms of time and memory. Thus, authors of the [21] used 
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Spark with Hadoop for performing Big Data analytics. 

Apache Spark is a framework for dealing with Big Data using distributed 

calculations on the clusters, and programs can be written in Python or Java. The 

main data object is Spark Dataframe which is a kind of table with named columns 

and was used to extract data from Walmart datasets stored in CSV format. Spark 

can also use Hadoop Distributed File System (HDFS) as an architecture for data 

management. Spark support the most widely used data types, but for reading 

CSV files authors used a special library. And after extracting data, transforming 

it and saving into separate tables Pandas|27] library was used to work with the 

datasets. 

The analy 

each store, also using additional fea 

ployment level for the each store an 

sales used for forecasting by several models. Also, in the paper Spark performance 

for different stages of analysis was compared with widely used systems for such 

kind of operations. 

The paper provides week 

during 3 years. From this graph, it is clearly seen that: 

sis was made in the paper using 3 years weekly sales dataset for the 

tures such as temperature, fuel price, unem- 

d week. In our system it will be also weekly 

ly sales data graph for each of 45 Walmart stores 

e sales trends are the same among stores, since graphs for each of 45 stores are 

arallel to each other and differ only with the level of sales amount 

almost p 

e sales trends are the same for each year, since sales amount increases and 

decreases in the same period every year. It stays low for the first quarter, 

then increase in the second, decrease slightly in the third quarter and highly 

increase at the end of the each year 

As mentioned before, sales data in our research are not similar to the ones pre- 

sented in the paper regardin 

more local stores when in case 0 

such as temperature, solvency of the population and so on and this parameters 

a big stores directly. For example, on figures 2.2 and 2.3 you can see 

cs from our dataset and there is no any stability in trends 

g Walmart. Mostly, because in our study we consider 

f Walmart each store presents macro parameters 

impact on 

the weekly sales dynami 

depending on the time 0 

to each other. T hat is W 

each outlet separately. 

f the year and the behaviour of each store are not similar 

hy we considered weekly sales for forecasting model for 
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Figure 2.2: Weekly sales in the store A from our study dataset. 
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Figure 2.3: Weekly sales in the store B from our study dataset. 

Fr the obtained data also it was concluded that there is a range of fuel 
om ! , 

, d outside temperature when sales amount are maximum values amongst 
rices an 

_ lues. So, using Big Data or other analysis tools more and more insights 
other values. 50, . | 

f the sales data like it were pr esented in the paper, can be extracted in order 
rom 2 Hale ’ 

; fad ich in turn leads to the better customer competitiveness whi 
: | 

to increase business 

experience. 
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2.1.2 Machine learning algorithms’ review 

The important step of literature review was to study machine learning general 
types and principles. It will help us to define which ones are the most relevant 
for segmentation and forecasting objectives during the work. 

On Figure 2.4 there are most popular types of algorithms reviewed, which can 

be used in system development. [5] 

Machine Learning 

| 

Supervised Unsupervised Semi-Supervised —_- Reinforcement Multi-task Ensemble Instance Based 

Learning Learning Learning Learning Learning Learning Neural Networks Learning 

Principal ' 
Generative ream 

Decision Tree Component Models Boosting Suoervised k- Nearest 

Analysis Neural Network Neighbor 

Traini Unsupervised 
Naive Bayes K+ Means Self Training Bagein 

ni a Neural Network 

Transductive 
Sueport Vector Support Vector Reinforced 

Machine Machine Neural Network 

Figure 2.4: Types of learning. 

The supervised machine learning algorithms need algorithms’ training on truth 

labels (correct answers) before it can predict or classify outputs. The input dataset 

can be divided into train and test datasets to train a model with the train dataset 

and check its performance with the test dataset. 

idation is one of the approaches, when you divide data into k folds and 

use each fold as a test set, while others are used for training. |28} 

learn some kind of patterns from the training dataset and apply 

Cross-val 

conseguentially 

All algorithms 

them to the test dataset for prediction or classification. 

If the task is to find an output from continuous set, the algorithm is called 

regression algorithm a 

Supervised algorithms are U 

for the input. Comparng similarity of the output and correct answers, accuracy 

nd classification, if the output is from discrete set. 

sed, if there are "truth labels"(“correct” answers) 

of the algorithm can be defined. 

Supervised machine learning algorithms can be: 



1. Decisi : iS ) i y 
f al- 

| | . Mn Oo 

this tree to predict the output for test data 

. j 
: i 

1 g some 

scenarios and mainly used for classification and clustering probl I ems. It 

takes one assumption: each parameter of the classified data is considered sidere 

independently of the other class parameters. 

3. ine: Support Vector Machine: works on the principle of margin calculation with Wi 

increasing the dimension of data. It basically, draw margins between th e 

classes. Builds a hyperplane, i.e. allows you to project your data int into a 

larger dimension space and divide it into 2 classes of data 

pervised learning algorithms do not learn any features from training dat ata, 
Unsu 

ew data without any “correct” answers o r 
and it is mainly used for clustering n 

decreasing dimension of data. 

1. K-Means Clustering: self-learning algorithm that builds K clusters f rom 

input data, so that at each point in the cluster there are minimum dist ance 

to the cluster center. 

2. Principal Component Analysis (PCA) — the dimension of the data is reduced uce 

to make the computations faster and easier.[29] 

Ensemble learning is @ combination of various learners to create a ne Ww one to 

solve a particular task. They are: 

AdaBoost is the mo 

of the training set an 

ensemble consists of one c 

the best classifier. 

st popular. In each round, AdaBoost selects a portion 

d checks how accurate each classifier is. As a result, th 
. 

° 

lassifier. Next, AdaBoost again tries to identify 

is applied where the accuracy and stability of a machine lea rn- 
2. Bagging: 

d. It is applicable in classification and 
ing algorithm needs to be increase 

regression. 

28 



In instance-based learning, learner tries to apply the same pattern to the new 

data without doing anything with training data. 

K-Nearest Neighbor (kNN): is a “lazy” classifier; it begins the classification 

only when new unmarked data appears. First, he searches for the nearest marked 

points. Then, using the neighbor classes, kNN decides how best to classify the 

new data. The decision on whether a new element belongs to a cluster is based 

on belonging to the majority of neighbors. 

The neural networks (NN) are based on a biological concept of neurons. There 

are a lot of different types of neural networks, such as Multilayer Perceptron 

(MLP), Concolutional Neural Networks, Recurrent Neural Networks (RNN) an 

so on. The main idea is to train each of the set of neurons, which is some kind of 

linear function followed with activation function. Different types of NNs are used 

for different data and objectives. 

Following algorithms were studied deeper [30] and some of them were imple- 

mented with using real data and according to the objectives of research. 

Algorithm C4.5 / C5.0 and CART algorithm are algorithms based on decision 

trees. Both of it require training, based on the construction of a decision tree. 

After building the tree, it makes a decision to classify the test data by passing 

through the tree. CART algorithm uses evaluation functions to find delimiters 

when building a binary decision tree. After building the tree, new data is added 

to the class that corresponds to the leaf, that we got after walking through the 

tree using the data given. 

Apriori algorithm - @ self- 

study the relationships between 

ple of “consumer basket” in which it is possible to define the relations between 

cts that are most often bought together. Described algorithms can be used 

arching relations between attributes (Apriori) or clas- 

learning algorithm that uses association rules to 

database variables. Often it is related to exam- 

produ 

further in the system for se 

sification of data (CART). 

g algorithms were tes 

and implemented within the work. K-means finds the optimal centers for the 

clusters the data to be divided into. EM algorithm is a self-learning algorithm, 

a clustering. Within a statistical model is built — a normal 

Followin ted with real data to divide outlets for clusters 

commonly used for dat 

distribution that describes t 

the belonging of points to ¢ 

he data as accurately as possible, and then assigns 

lusters. These two clustering algorithms were used 
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and tested to be used in a system during this work. 

2.1.3 Forecasting models 

There are papers related to sales forecasting systems, however only sales fore- 

casting are described there, not full analytics of sales data. The paper “Hitting 

+? A robust & intelligent sales forecast system"(31] introduces your number or no 

em with highly accurate predictions and describes it as a 
a sales forecasting syst 

product. Sales forecasting is using past sales data to define future sales or other 

indicators for the week, month or year. 

The paper also describes sales funnel and its stages to give a general under- 

standing of how the process of selling works nowadays. In case of manufacturing 

company, route to consumer is slightly different. There can be different interme- 

diate stages such as wholesalers, distributors or chains and the topic of selling is 

the volume rather than the fact of sale. But traditionally sales funnel consists of 

leads, opportunities and customers stages. Leads are coming from different traffic 

sources, €.g. internet website, events or personal calls. After expressing interest, 

lead could become an opportunity which has also different stages of readiness to 

r. All of the leads (independently if it has reached the next 

n Customer Relations Management (CRM) system 

t of features. Generally, the same process is used 

become a custome 

stages) usually are gathered i 

and are detailed with some se 

by manufacturing companies on t 

olumes increasing based on the specifics of market trends 
work is more related to Vv 

or each outlets capabilities. 

quirements liste 

he stage of distribution chain building, but our 

Forecast re d there could be used as a benchmark in this paper 

- forecasts must be: 

e accurate - able to learn from many past periods even with outliers in data 

e stable - no high volatility within some period of time 

e fast - available at any levels of specification and have minimum delay for 

calculating any of it 

e consistent - sum of predictions far subsets of time series gives a prediction 

for its union, for any level of specification also 
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e interpretable - logic is understandable by any users 

, In our system, several models for sales forecasting were reviewed and compared 

or bei i 
pare 

eing used in the system. They are - traditional time-series models, neural ; a 

nets and decision-tree based ensembling models. 

The similar approach was used in [31], where probability models, Opportunit, ? ivy 

Score Aggregation models, Time Series models, Neural Network models and H y- 

brid models are combined in the system as a model library. Since, it is described . ) e 

as universal system for any company, 

the best model from model library in terms of Mean Absolute Percentage E rror 

(MAPE) and implements it. But in our study, since it is for the specific field and 

company, the best model will be estimated also with MAPE beforehand and onl y 

the best model to be realized in the system. 

e the challenges that meet us on the way to developing sales forecast 

with data fed to the system, it estimates 

There ar 

system according to the paper: 

e business process change - with changing of data structure such as number of Oo 

categories, redefining steps of route to consumer it could lead the forecastin g 

method to become inapplicable 

- every outlet understands its plans and the result can be 
e bias to quota 

can be peak sales at the end of month 
cted to achieve this plan, and it 

dire 
lumes to leave it for the next month 

or vice versa decreasing VO 

e human factor - there could appear mistakes on any stage due to manually 

uploaded data such as importing data from Excel files to the database 

n change - patterns can change drastically with any outer factors 
e sales patter 

due to the crisis, new products launch, thus making 

such as changing prices 

learned patterns from historical data inapplicable 

Figure 9.5 shows a. deployment diagram from the paper which describes their 

sales forecasting system. 

create their forecast, fill the data or make some other actions. All of the actions 

n CRM whic 

defined intervals. Data base is stored in Data Store and the 

; it . 

nected with the "heart" of the system which is Forecast 

Clients are any devices which user can connect by to 

are recorded i h is able to update data in a database on a regular 

basis with some Pre- 

Data Store can be con 
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Engine through Data Collector. Data Collector is the set of APIs, protocols or 

database queries. So, when the request comes from the client to Forecast Engine 

Forecast Engine through the network, Forecast Engine creates database queries 

to get required data for the forecast in a real-time mode. This architecture could 

be useful for further developing of our system, but for now this study is focused 

on developing analytics core which are modeling algorithms itself. 

cto ov Posie See 

Client device 

” Network 

. CRM System F . 

(e.g. Salesforce) Data Server 

9.5: Deployment diagram for sales forecasting system.|31] Figure 

Forecast Engine contains @ model library, which applies all models from the set 

and use the most accura 

to predict revenue from the opportunities (as a stage of sales funnel) for future 

d on revenue and other data from previous quarters. There are: 

te for given data. Models from the paper are developed 

quarters and base 

y models - after aggregating opportunities conversion rate is used 
1. Probabilit 

ability to calculate revenue. Revenue for each category of products 
as a prob 

ltiplied with probabilities (of the opportunity 
‘n the current quarter are mu 

to be successfully closed) and summed up. Probability is weighted mean of 

ates for previous quarters. And the weights can be defined in 

conversion fT 

different ways: 

e just equal - then it is just a mean of previous quarters conversion rates 

e bigger weights for the same quarter in previous years - if the change is 

seasonal 

e bigger weights for the latest quarters - if there is a persisting trend 

here is another term related to the opportunities newly cre- 
Additionally, t 

ated opportunities during the quarter. This model is easier to implement 
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does not need training but could be not consistent 

2. Opportunity Score Aggregation models - here the model first 

the chance to be closed by the end of quarter for each op ont oe 

multiplying this chances with the price of each opportunity a a Then 

up it receives the forecast revenue. The chance of bein clo boon te 

calculated with binary classification algorithms such as Lo jstic R ve - 

(LR) using parameters of the opportunity as features and seainin persion 

quarters opportunities. Also, Long Short-Term Memory STM) n past 

used instead, if there are some dependencies on opportunities hi can be 

data. These models in the system are consistent, but need more r oral 

for training and debugging since it trains a lot of separate machine learni rning 

models. The similar modeling is used in our system for predicting pl ans 

achievement fact with LR and predicting sales amount per each outlet with wi 

LSTM. 

time series with some trend or seasonality in i ality in it. The i i 
y . n, time series m odels 

) 

which are common for sales forecasting problems are used. In th ; € sys- 

tem from the paper, Seasonal Autoregressive Integrated Moving Av erage 

(SARIMA) is implemented if considering quarters or other time ran ges as a 

seasonal ranges. Moreover, there are Simple Linear and Exponential regres- 

sion models in the library which can give decent results, since many pl ’ plans 

for the quarter could be settled by management considering just line 
| 

a 

ential market growth. Formulas for Linear and Exponential veges a sion 
expon 

models of revenue based on historical revenue values are shown below i ow in 2.1 

and 2.2 respectively. 

yrax*xx+ b 
(2 1) 

y =axb* (2.2) 

Time series models are also easy to implement and run since training is not no 

required, but it show good results in case of strong patterns in t f erms 0 

seasonality or trend in data. Also, it may be not consistent 

4. Neural Network models - LSTM is used for predicting the whole re » revenue 
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and it is the output of the model and the input is different features related 

to the whole funnel. LSTM as a neural network is able to capture complex 

non-linear functions and is a common model used for time series prediction. 

5. Hybrid models - it is based on linear or exponential regression models for the 

opportunities together with any other model listed above and applied for 

the aggregated data in the current quarter. Linear or exponential regression 

model is applied for past quarters only, so it give enough accuracy if revenues 

from past quarters are in a good linear or exponential trend. In the system, 

determination coefficient[32] is calculated for checking this fact and it has 

to be greater than some threshold. Then the output of hybrid model is 

weighted mean from regression model and any model from listed above 

applied for the current quarter. And the weight for linear or exponential 

regression model is decreasing from 1 to 0 depending on the day of the 

current quarter. 

Concluding the paper, authors provided results of testing with the data of 

two organizations, and their system showed 98% and 93% accuracy whereas some 

other baseline model gave 88% accuracy for both. In terms of volatility revenue 

forecasts for each day of the quarter did not deviate for more than 2% from 

the value at the end of quarter which means that the system gives not volatile 

asts. And computational time for forecasting itself was much less than time 
forec 

So, the robust sales forecasting system was 
for querying data from database. 

developed which complies with all the forecast requirements listed above. In the 

future, authors want to implement confidence intervals for forecast values, which 

also could be useful in our system. 

For diving into traditional time series models "Modeling and Forecasting Ve- 

hicular Traffic Flow as a Seasonal ARIMA process: Theoretical Basis and Empir- 

ical Results" [33] was also reviewed. Using SARIMA model high enough accuracy 

level can be achieved, also MAPE is used there as a measure for forecast accuracy 

estimation. 

As it was already mentioned, one of the most popular methods in forecasting 

are neural networks. NNs have several advantages, which are ability to learn more 

complicated dependencies than linear models, flexibility in terms of fine-tuning 

though it requires technical knowledge and experience working with 
opportunities, 

NNs. Paper “A Comparative Study of Machine Learning Frameworks for Demand 
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Forecasting"[13] provides a review and comparison of several models applied to 

sales forecast for next 16 days. There are 3 NN approaches described, which are 

single NN considering 16 days as one variable, 16 models approach, when single 

NN predicts only one specific day, and 16 model approach with adding categorical 

features and sequence-to-sequence model as preprocessing step. 

Light Gradient Boosting Model(LGBM) also described in [13] is one of the 

boosting (or ensembling) algorithm based on decision trees. It runs several deci- 

sion tree based models in order to unite it as one strong model. It achieves the 

same accuracy as other boosting algorithms such as XGBoost but in better time. 

The paper is specifically about demand forecasting and as it was described 

in the review of analytics systems, accurate demand forecasting can lead to right 

stock management as well as sales management and finally to increasing profit. 

It is worthy to mention that perishable items have higher weight in loss function 

because it is more important to provide right stock management for such products. 

The main feature of the paper is that the authors provide forecasting at the very 

el such as forecasting per each day, each product and at any store. In our low lev 

study we use weekly sales data because sales per each outlet are not made every 

day and prediction on a day level is not possible. 

Data used in the paper is sales for each store and each item, store data, items, 

oil prices and holidays since it is the factors which can impact on sales amount. 

On preprocessing step, windowing was implemented - when time values change 

from rows to columns and any additional features combined from the initial ones 

could be added such as mean sales. 

These are the models used in the paper described: 

e Moving Average Method - it is merely average sales for some number of 

previous days, corrected with a parameter responsible for seasonality. Quite 

accurate for short-term forecast, but not for long-term 

Light Gradient Boosting Model(LGBM) - it is ensembling algorithm based 

on decision trees and gives the same accuracy as other similar algorithms 

such as XGBoost in less running time 

e Factorization Machine - it is general model like SVM, but is better for high- 

sparse data as it is in the paper. It finds latent factors which are showing 

interaction between other factors. 
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e Deep Neural Networks - in the paper it was used with additional prepro- 

cessing which are categorical embedding (mapping values to the categories 

where similar categories have similar mapped values) and sequence to se- 

quence model (uses LSTM to encode sequence with unknown length to high 

fixed dimension sequence and then another one to decode into another se- 

quence) 

In the paper LGBM and NNs achieve same order accuracy and run time, and 

bigger comparing to traditional methods. And similar approach in comparison of 

different algorithm types will be used in our system. 

The paper called "Egyptian Case Study - Sales forecasting model for automo- 

tive section"[34] presents a sales forecasting approach applied to automotive sales 

in Egypt using macro parameters such as inflation rate, gasoline price, GDP, and 

sales data such as car prices and previous sales on a monthly basis. The paper 

describes using NNs, multiple Linear Regressions and Adaptive Neuro-Fuzzy in- 

ference system (ANFIS) and it resulted that NNs applied for the problem and 

data features used gave better accuracy: 

Table 2.1: A summary on forecasting literature 

Studies Motivation Result of the Research 

Hitting your num- To get acquainted with | Robust forecasting system which 

ber or not? A ro- | existing sales forecast- | chooses the best model in a real- 

bust &_ intelligent ing system and its inte- | time. 

t sys- | gration process There could be different ap- 

sales forecas proaches in forecasting aggre- 

tem [31] gated revenue - to forecast it as 

one parameter or forecast sepa- 

rately for each item and then sum 

it up. 

Running time is important 

in terms of applying for huge 

amount of data in a real-time 

mode. 

_—— Continued on next page 
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Table 2.1 — continued from previous page 

Studies Motivation Result of the Research 

Modeling and fore- 

casting vehicular 

traffic 

seasonal 

flow as a 

ARIMA 

process: Theo- 

retical basis and 

To 

time-series methods 

study traditional SARIMA model gives good accu- 

racy. 

Can be slow if it needs analysis 

for each observation separately. 

Root Mean Square Error(RMSB) 

and MAPE are common to be 

used in forecast performance es- 
empirical results 

[33] 
timation. 

A Comparative | To get acquainted with | Standard time series model, en- 

Study of Machine 

Learning Frame- 

works for Demand 

Forecasting [13] 

the possible time se- 

ries forecasting methods 

and its performance 

sembling or boosting algorithm 

and Neural Networks were tested 

for demand forecasting. 

LGBM and NNs achieve the best 

accuracy 

Egyptian Case 

Study - Sales fore- 

casting model for 

automotive section 

[34] 

To see some other ap- 

plication of forecasting 

models and the possible 

features to be used 

Besides NNs and Linear Regres- 

sion, Adaptive Neuro-Fuzzy infer- 

ence system was also tested 

Besides sales data itself, macro 

parameters such as GDP, oil 

prices on some time span can be 

added to train a model 

NNs showed the best accuracy 

Le 

2.2 Preliminaries 

Aim 1 

trade marketing issues, usin 

h within t 

¢ could be developed additionally. 

the functional requirements for the system, use case 

data science. Thoug 

the system itsel 

At the stage of analyzing 

diagram was developed for the system: 

37 

5 to create a system, which will increase effectiveness of analysis and solving 

g contemporary achievements in machine learning and 

his thesis, only modeling part is implemented and 



1. Users can use the system for outlets segmentation 

2. Also, users can calculate plans for retail outlets, as well as view and build 

reports, including carry out “what-if” analysis 

3 The administrator is responsible for maintaining the database used by the 

algorithms and for developing calculation algorithms. 

4. The system is connected to the website where the entire interface will be 

displayed. 

5 Associated with a distribution system where calculations can be performed 

using Hadoop technology 

6. Also connected directly to the database or to intermediary FTP server used 

for data exchange. 

Figure 2.6: Use case diagram for the system. 

Software and libraries to be used: 

e Python 3.8 
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Jupyter Notebook and Google Colab with GPU - environment for coding 

R: possible for the initial identification of statistical patterns or data wran- 

gling 

Pandas, numpy, scikitlearn, scipy, matplotlib — Python libraries for machine 

learning and visualization 

PyTorch - Python library for deep learning 
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3. Proposed methods and al- 

gorithms 

3.1 Stage one - data segmentation 

sales data from Enterprise resource planning 

ing this work we use 

r downloading with any level of granulation As to recap, dur 

(ERP) system, which is available fo 

such are sales data on @ daily, weekly, monthly basis. In our case, we use averag e 

monthly company’s sales data. And we also use the data, collected by surveying 

each outlet on how many items they sell by all brands presented on market. Which 

s monthly sales data but for all the category. 

ameters for each outlet, a dataset can be divided for some 

h the aim to provide separate company strategy for each 

g, which includes removing extremely 

also denote 

Using this two pat 

number of clusters, wit 

of it. Firstly, we provide 

high or low sales data. 
data there can be some outliers with extremely high 

For the company’s sales 

g too 

data preprocessin 

ther outlets. Though we use outlets with the same 

sales amount comparin tlets can be denoted with the wrong 

retailer type for segmentation
, some of ou 

type, thus sales data is strongly different from other outlets. The most prevalent 

types based on their operational structures are independent stores, cash-n-carry 

stores and retail chains or franchising stores. [22] In this work, only independent 

ed, because of the highest contribution of this retailers type 

stores are consider ce outlets type belonging is defined manually by 

to the category sales- And sin 

company employee: its type C2 be wrongly indicated leading to the sales data 

outliers. 
tliers we used an approach with box plots logic in it. Box 

For detecting OU 

plot is a diag ram W plot a distribution of data in dataset. It 
hich is used to 
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shows the values of median, quartiles and outliers separately.[35] Median is the 

average value, which is also called middle value of the dataset - it means, that 

in the dataset there are equal number of values, which are higher or lower than 

the median value. The first quartile (Q1) is the value, which represents the 25th 

percentile - 25% of values from the dataset are lower than the first quartile, while 

the third quartile (Q3) represents the 75th percentile. 

According to box plot logic, outliers are all data values, which are further than 

1.5 times interquartile range (IQR) 

outlier values) and the first quartile 

outliers are higher than maximum or 

from the third quartile (for extremely high 

(for extremely low outliers). In other words 

lower than minimum, where: 

maximum = Q3 + 1.5 *IQR (3.1) 

minimum = Q1—1.5*IQR 
(3.2) 

After detecting outliers, it were removed from dataset to eliminate wrong 

influence on other sales data. 

For the data, which was co 

es data an 

he dataset. 

ected by surveying it is validated using comparison 

d surveyed data. In case of too high deviation, data 

of company’s real sal 

ed from t Some special cases were clarified manually 

was also remov 

with the interviewers. 

The proposed method for stage 1 is to make two-step segmentation, including: 

unsupervised clustering algorithm to create 3 main clusters 

1. Using selected 

whether outlet will achieve monthly sales plan based on addi- 

2. Predicting ns learnt from data 

tional features and patter 

where students prediction problem was 

A similar approach was used in [36], 

g specific algorithms or parameters for 

solved by partition of students and usin 

> nrevious performance
 and behavior. 

each part base 

Previously; 
clusteri 

formed using some agree 

Data used at step 1 are 

estimated 
sales of total industry fo 

ng was made without any special methods and clusters were 

d threshold values for outlets sales amount. 

company’s sales amount (from Oracle database) and 

r each outlet gained during Census. Following 

4]



algorithms were tested with real data and results were compared within step 1 

Using this data, outlets can be divided into such clusters as: 

e high — outlets with high sales amount, where company should hold their 

position 

e potential — outlets with lower sales amount, but with a big potential to grow. 

It is about low company’s sales and high amount of the whole industry sales 

e low — outlets with low sales amount, where company should attend or invest 

less 

On Figure 3.1 the main idea of the clusters described above is illustrated. 

fou High All category sales 

45% 30% 15% 10% 

Hi
gh
 

| 

8 
a 
Z| 
& 
5) 15%) t Low 

_ Development potential 

= | 10% Potential ee 

Figure 3.1: Outlets clusters 

K-means finds the centers of the cluster, so that the distances from each point 

in the cluster to the center are minimal at each iteration. It stops, when cluster 

centers have not changed at the iteration. Susceptible to the choice of initial 

centers and noises in the data [37]. Three initial centers according to the business 

needs of the segmentation were chosen manually — high sales amount outlet, outlet 

with the potential and low sales aan outlet. 

GM Model is @ self-learning algorithm, aay = for data clustering. 

Within it a statistical model is built — a normal distribution, that describes the 
e, and then assigns the belonging of points to clusters. 

1 ibl 

data as accurately a8 Pose : | 

data has little amount of noises and such outlets were 
i t 

It is worth noting, tha 
: 

aset. They can be classified after the main segmentation he dat 
} 

neighbors (INN) algorithm. 
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For step 2 also variation of company’s sales for outlet, outlet’s past plans’ 

achievement for the whole year and last 3 months were used as additional features 

Sales plan achievement for current mont 

Then data was scaled with Standard Scaler to increase the accuracy and di- 

vided to train, test and validation sets. Proportion was 80% — train validation 

20% - test, where train validation was divided as 70% for training and 30% fot 

most common way for split. According to the pur- 

hich is more important - precision, recall and 

h was used as ground truth labels. 

cross-validation as it is the 

pose, accuracy was reviewed, and w 

F1 (harmonic mean of precision and recall) scores to track how many of positive 

predicted outlets were actual positive (precision) and how many of actual posi- 

tive were predicted correctly (recall), as the model can be used for real business 

purpose. 

Then Logistic Re 

plans achievement and scores were compare 

ediction in (38]. Multilayer Perceptron (MLP) Neural 

students’ performance pr 

Network topology was used, since it ‘s usually used for static data and for data, 

which is not too large for using complex topologies. 

Also, it is important, that Polynomial features were added in LR model, since 

the data has non-linear dependencies to increase the accuracy [39]. Using cross val- 

idation method, the best polynomial power, regularization parameters for LR [40] 

and number of hidden layers and neurons, activation functions for NN [41],[42],[43] 

were defined. 

gression model and Neural Network were used to predict 

d. Similar approach was described for 

o- forecasting mac
hine learning mod- 

32 Stage tw 

els 
n amount of sales on a weekly basis was used per 

sales predictio
 

for last 5 years at least should be used to be able to capture 

qd. Pandas library is used to obtain data, combine it to the 

reprocess
ing, which is described

 below. A goal is to 

ount based on historical data. After, as an additional 

weekly sales amount, we can obtain monthly sales and 

ettled plan for outlet. Or use predicted monthly sales 

At the stage of 

each outlet. Data 

seasonality 

dataframe and ma 

forecast weekly gales aim 

application,
 summing 

up 

check if it is greater than § : 
, 

ne for settling plans itself. 

amount as @ paseli 
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In this study we will consider sales data for one specific outlet only, so fore- 

casting will base on its own sales patterns. In order to compare algorithms per- 

formance, a random outlet was chosen without lose of generality. As a potential 

an be tested with all other outlets and predictions com- 

pared with real sales data. For all models in this study data was split on training, 

validation and testing set. Split of data for time series should be implemented 

not randomly, but handling @ structure. Thus, validation set is sequenced part of 

data which is going consequently after training data, and test data is a sequence 

at the end of the whole time series. 

Before applying any algorithms data will be explored using statistical tools 

which is actually obligatory for using time series models such as Autoregressive 

Integrated Moving Average (ARIMA) or Seasonal ARIMA (SARIMA). All of these 

statistics functions OF time series models are available in R, but in this study we 

will use Python library called statsmodels|44]. 

Using histogram plot, 

3.2 shows the distribution © 

m the histogram th 
oo big value of sales amount. Indeed, Figure 3.3 

e end of 2016 and overall it is 

improvement, algorithms c 

data was checked for normality of distribution. Figure 

£ weekly sales data in the outlet during 5 years. We 

can observe fro 
at it looks similar to normal distribution and 

also there is one outlier with t 

shows that there is 4” abnormal sales value at th 

seasonal increase at the end of the year. 

For checking normality of distribution, also Jarque-Bera test can be applied 

which checks the null hypothesis of the distribution to be normal based on com- 

he ones of normal distribution.[45]
. Test rep- 

parison of skew and kurtosis with t 

which confirms the null hypothesis of the distribution
 

Its as p-value, 

less than some fixe 
e is 

of data is normal. 

model behaviour since there is no skewness and 

d value. For our data, p-value con- 

Normal distribution of data implies resents resu 

being normal, if p-valu 

firmed that the distributio® 

that there will be n° 

ata. 
imbalance in 4 

. 
. | 

ing the important property of the time series is stationar- 

property of the process to have its statistical 

+ over time, such as mean, dispersion and covariance func- 

characteristi
cs constan 

| _ : , 

ti P rving the mean constant 18 there 15 no trend in time series, dispersion is 

ion. Prese 

| 

bout th deviations of data values and constant covariance function means dur- 

about the jues do not beceom closer or further to each other|46}. 

ing whole time SP9” data v4 
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Figure 3.2: Histogram of outlet sales data samples 
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Figure 3.3: Weekly sales in the outlet 

Stationarity is so important because constant statistical measures allow to make 

predictions for the future data since it will not change with time. 

As it is seen from Figure 3.3, our sales data has no trend, has constant co- 

n and pretty constant dispersion except few abnormal values. 

ler test which defines the stationarity of time series based 

t root presence.[46] So, if p-value is less than some 

n time series are stationary and the null hypothesis 

ation function (ACF) and partial auto-correlation 

lly used to explore the structure of time series as 

variance functio 

There is Dickey-Ful 

on the nul! hypothesis of uni 

fixed value (usually, 0.05) the 

is rejected. Also, auto-correl 

function (PACF) plots are usua 

well as to define coefficients f" ARIMA/SARIMA models. Dickey-Fuller test for 

our data confirmed the stationarity by rej ecting the null hypothesis, but ACF plot 

has too many significant lags. So, we will te the fit seit (lag the data for 

one step and find @ difference) to deal ant ans Differences of various 

orders, getting rid of the trend or saninaied smoothing, Box-Cox algorithm are 

the methods of dealing with non-stationarity. More detailed information is given 
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in {46], and is recommended to look through, since it is not the main topic of this 

study. 

After, difference time series should be also tested for stationarity, and the 

order of the first stationary time series (called order of integration) is used as a 

parameter d for ARIMA/SARIMA models. In our case first difference time series 
is stationary and in Figure 3.5 shows the difference time series itself and ACF, 

PACF plots for it. 

The first model to be tested in this study is ARIMA, which is an integrated 

combination of Autoregressive (AR) model and Mean Average(MA) model. It has 

3 parameters which are: 

e p - the order of AR model 

© q- the order of MA model 

e d- the order of integration discussed above 

The orders of AR and MA can be obtained from ACF and PACF plots. Pa- 

rameter p is the largest index of significant lag from PACF plot, whereas q can 

be defined as number of significant lags from ACF. Thus, ARIMA model with 

parameters 5, 1, 1 as P, 4 d was trained and tested on our sales data. 

e 3.4 shows the result of prediction of a trained ARIMA model on test 
Figur 

1 did not learn all dependencies well from data 
data and it is seen that the mode ) : 

and will not be considered for comparison 1n this study. As it was mentioned, 

data has some seasonal patterns and using SARIMA instead can be an appropriate 

way. 

Figure 3.4: ARIMA model prediction on test data 
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Figure 3.5: First difference time series for the outlet 

SARIMA is similar to ARIMA model but with some additional improvements. 

It also has parameters which are responsible for seasonality. And the preprocessing 

is similar. The main difference is that for SARIMA usually seasonal difference js 

made to achieve 

time series is use 

has 3 additional parameters: 

e P - the order of seasonal AR model 

stationarity and the integration order of seasonally differenced 

d as an additional parameter in the model. Overall, SARIMA 

e Q - the order of seasonal MA model 

e D- the order of integration for seasonally differenced time series 

so added Box-Cox transformation to stabilize dispersion 
For SARIMA we al 

applied to the initial dataset. Then used 52 (number of weeks in one year, since 

it looks like having one year seasonality) as seasonal difference and get one lag 

difference from the obtained time series. And finally, resulted time series was 

checked and confirmed as StgONery, ie D is equal to 1. Then, using ACF and 

PACF for resulted time series we can obtain most probable values of other param- 

eters p,q,P,Q. We will also make a brute force search of best model parameters 

by training th 

measure called Al 

e model using different values for its parameters and comparing the 

saike information criterion (AIC)|47] score which is specifically 

nsed for comparing time series models. 
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After having best parameters, we use it to train a SARIMA model. Th el. e im- 

portant part of checking the performance of ARIMA and SARIMA (or ti any time 

seri ; 
. . 

eries) models is to check the stationarity of residuals which is difference bet etween 

actual and predicted data. After training the model, SARIMAX model f 

statsmodel library already has built-in resid function to get residuals datas t AE et. Af 

ter checking it, stationarity was confirmed, thus the difference between predicted TECICtEe 

and actual values can be considered as random. 

As it was described, SARIMA may need too much additional preprocessin & 

steps and checking for stationarity which may be inappropriate in case of predi predic- 

tion for many outlets separately in the analytics system. 

The other set of algorithms effective in times series forecasting is Gradient ien 

Boosting Machines (GBM) which implies boosting the implementation of classi Cc 

gradient. descent. Basically, the logic of such algorithms is to combine a set of O 

weak algorithms as one strong ensemble which will be able to detect strong de pen- 

dencies. It is similar to classic mac 

hat penalizes errors in 

t. Such kind of algorithms became popular 

hine learning algorithm in terms of minimizing 

a loss function t finding a function as a linear combination 

of other functions within function se 

ontests and giving best accuracy results. [48] 

for solving machine learning © 

ffective implementation of the classic GBM. It can 

XGBoost is an extremely e€ 

£ decision tree based or linear algorithms. In this study we will i 

be an ensemble © 

xgboost library in Python. 

The first step in applyin 

week 0 

time series values with some lag). Any of these features 

g XGBoost will be to add some additional features 

such as month, year, f the year, week of the month and also lag features 

(obtained with shifting the 

can be useful for the ensembling model. If there were categorical features in our 

t it would be useful to apply categorical embeddings. After testing of 

gs it was decided to add only lag 1 feature. Figure 3.6 

he model shows that the most important features are lag 

r. Also it was decided to use decision tree based 

datase 

different number of la 

obtained after training t 

1 feature and week of the yea 

version of the algorithm. 

for defining the best number of trees in the ensemble, eta 

Cross-validatio
n 

h is respons! 

th was implemented on validation dataset. Using stratified k 

tead of simple k-fold since it gave better accuracy score 

parameter whic 
ble for regularization and avoiding overfitting and 

maximum tree dep 

fold validation was used ins 
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Stratification in terms of cross-validation for regression problems is described i 
mM 

[49]. 

Feature importance 
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Figure 3.6: Feature importance for XGBoost algorithm 

proach to be applied for our sales data is deep neural networks. Another ap 
LSTM) model is Recurrental Neural Networks (RNN ) Long Short Term Memory ( 

which main feature is remembering some state during processing even a long 

sequence. RNNs consist of hidden units which are looped with other hidden 

units in a sequence, where units also take the hidden state input from previous 

step besides input data. LSTM is a specific of RNNs, which together with the 

hidden state also inputs such called cell state which contains information to be 

some previous steps. For example, it can be useful in prediction 
remembered from 

s. when model bases on the previous value and also on some old value 
3 for time serie 

which could be responsible for seasonality. 

LSTM in this study was implemented using Python Pytorch library which is 

used for deep learning tasks and allows to build neural networks on a low level 

description of all components. As a preprocessing, for LSTM model, 
with manual 

ow were done: 
the actions listed bel 

e create a difference dataset - in order to provide stationarity for better pre- 

fted with the lag 1 and substracted from initial data. 
diction, data was shi 

: 

After prediction, ‘averse transform will be applied to get initial dataset 

ming to supervised learning task view - adding a lag 1 feature such 
e transfor 

taset represents a set of pairs of consequent sales amount values 
as da 
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e splitting to training, validation and test data - as it was described above 

and the same as other models 

e scaling data - scaling in order to improve forecasting, fitted only on training 

data and applied for validation and test data 

e creating sequences - data was split on a set of sequences consisting of data 

values resulted from previous steps and the next week data value as a label 

for each data value. Le. it is the list of 20 sales amount values and 20 labels 

which are actually the value of the next week 

e batching - sequences were split into batches to feed the network with mini- 

batches which is more effec 

ists of 2 layers for learning more deep dependencies, 

layer to decrease overfitting. Validation was also 

tive in optimization process 

LSTM in our study cons 

and has dropout regularization 

made for finding the best learning rate. 

Then, traditional time series SARIMA model, LSTM neural net and decision- 

CBoost model were used for prediction and the perfor- 

tree based ensembling X 

¢ MAPE and running time. 

mance compared in terms fe) 
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4. Results discussion 

4.1 Clustering results 

Below is the result of division into 3 clusters by rationing and using the Gaussian 
muxture algorithm. It was divided to 3 clusters because of business needs, which 
18 related to company’s strategy implementation in every outlet. 
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Figure 4.1: GM Model clustering results 

Since all clustering algorithms gee att Ge colmnsted only visually, after 

— the results of cluster pal ns at wo algorithms, GM Model algorithm 

was chosen as more corresponding, to nas means of clusters, where every 

strategy of in-vestments in every outlet. F igure 4.] 
i] 

cluster presents company 
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shows the obtained clusters which were chosen because the second cluster (yellow- 

colored) is more corresponding to outlets, which were mentioned above as “poten- 

tial”. 

Also, the Silhouette Coefficient 

both algorithms clustered the datase 

inside the cluster a and the mean nearest- 

(SC) [50] was used to estimate how well the 

t. It is calculated using the mean distance 

cluster distance b for each outlet by the 

following: 

SC = (b—a)/max(b, a) (4.1) 

The best value is 1 and the worst is -1. The results are shown in Table 4.1, 

n libraries — scipy and sklearn. All 

K-means was implemented using 2 Pytho 

scores are similar, but K-means was not chosen despite better scores, because the 

form as mentioned above. 

obtained clusters had unsuitable 

Table 4.1: cc for K-means and GM Model 

K-means
 scipy 

K-means
 sklearn 

oe Model 

0.457 

n of clustering quality Figure 4.2 shows the box- 

ies data by clusters formed with GM Model 

5 fit to the needs as described above — 
As an additional 

estimatio 

plot with distribution of outlets s@ 

algorithm. 
It shows, that obtained cluster 

clusters differ with the amount of sales. 

During the next step LR and NN were use 

i be clustered additionally.
 

n 
for owe cas ned polynomial features were added to the data before 

fitting to LR model and to define best polynomial power, training accuracy for 

different powers Wa° plotted. Figure 4.3 shows, that ° is the best choice as a 

racy. Feature engineering, including selection of 

imum of training accY 

also made ‘0 trade-off accuracy and computati
onal 

d to predict sales plan achievement 

global max 

most important 

st hyperparameters for the model, 
on and defining be 

odel underfits or overfits the data. 
timate if the m 

umber of samples training and validation 

It means model is not underfitting 

speed. 

After using © 

learning curve W4® plotte 
that wit 

Figure 4.4 shows: 
werge and are 

accuracy scores col 

(51) 

h increasing 1 

not too close. 

nor overfitting- 
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Figure 4.2: Distribution of outlets sales data by clusters 

For NN using Multilayer Perceptron the most important is to define the num- 

ber of hidden layers and number of neurons in each. For this work Growing 

Method [6] was used, according to which model begins with small number of lay- 

ers and neurons, then it increases and obtained results are compared to choose 

the best. 

Most of problems and datasets does not need more than 2 hidden layers, and 

the number of hidden neurons should be less than twice the size of the input layer 

[52]. In Table 4.2 best scores after hyperparameters tuning for testing data using 

LR and NN are shown. NN gives slightly better accuracy and precision, but LR 

gives better recall. Precision and recall are very important in terms of business 

needs — trying to predict sales plan achievement with aim to focus efforts on such 

outlets. 

Table 4.2: Testing scores for LR and NN. 

Metric Logistic Regression MLP Neural Network | 

Accuracy 71% 7TA% 

Precision 57% 62% 

Recall 84% 71% 

Fl 68% 66% 



— 

7 2 3 3 5 5 

Figure 4.3: Training accuracy of LR model depending on polynomial power 

——— Training scores 
095 < 

| = validation scores 

090 4 

“00 1000 1500 2000 2500 
Training Set Size 

Figure 4.4: Learning curve for LR model 

Accuracy scores are like other works, using NN for predicting students’ per- 

formance |6| [38] and show approximate potential of these models in terms of 

predicting plan achievement. 

4.2 Sales Forecasting results 

e research we could face with some accuracy limitations due to data 

its sparsity or insufficiency. But the applicability of the forecasting 

ced with real outlets and improved with more data and many 

During th 

structure, 

models will be checl 

outlet approaches to increase an accuracy in case of necessity. 

At the stage of sales prediction amount of sales on a weekly basis was used 

per each outlet. Data was used for each week from 2015 till the end of 2019. 

Then, as it was mentioned, traditional time-series model SARIMA, neural 

im 
D4



nets and decision-tree based ensembling model XGBoost were used 

and the performance compared in terms of MAPE and runnin 1 ots 

model ies tested on last 7 weeks of 2019 (excluding last 2 ~ t D - . i 

As it was mentioned, SARIMA model was trained with the param em cae 

were found by estimating AIC on validation phase. It was able to | . ee 

from training data and for test data also could predict values quite zen ot - 

Figure 4.5 shows the result of prediction of _ 
ones and recognize trends. 

amount on test data which are 7 weeks values of sales to the outlet. Root M t. Root Mean 

Squared Error (RMSE) was used as a loss function in all 3 models 

SARIMA RMSE 5.48 cartons 

5000 

4000 

3000 

—— model 

2000} ae —— actual 

0 il Le 3 

Figure 4.5: SARIMA model prediction on test data. 

XGBoost cr oss-validation was stopped after 200 epochs (or trees) because aft : ; ber 

and validation set error starting to increase. Stratified 
it was beginning to overfit 

lidation was implemented on validation data. Testing and training 
i; 

i 

k-fold cross-validé 

logs was converging as It is shown in Figure 4.6. 

aining with using the best parameters from cross-validation, XGBoost ; OOS After train 

was able to learn sales trends wel] and give a better prediction than SARIMA on 

test data for 7 weeks. See Figure 4.7. 

was also checked on validation data and it achieved quite low 
LSTM model 

and validations sets both. Training of deep neural networks is 
error on training 

ted for some number of epochs, where each epoch is the whole pro aL Sk » process conducte 

of training applied for the training data. Though the training loss stopped t f°) 

decrease abruptly after 20 epochs, it was necessarily slowed down due to regul 
AAG lue to regular- 
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Figure 4.6: Validation error of XGBoost. 

XGBoost RMSE 4.9 cartons 

| et —— prediction 
actual 

5000 

4000 

3000 

| : } = —! 
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Figure 4.7: XGBoost model prediction on test data. 

ization, as it is shown in Figure 4.8. Without regularization model start to overfit 

strongly with validation loss going up while training loss decreasing. Training loss 

is higher than validation loss because regularization is not applied for validation 

and only applied on a training stage. It is also worthy to mention that training 

logs is estimated during the epoch, whereas validation loss is estimated after the 

training epoch. 

Figure 4.9 shows the prediction built by LSTM on the same 7 weeks. And it 

seen that LSTM has the lowest RMSE amongst all models, it was able to predict 

the values close to the actual value which can be useful for the application of the 

models. 

LSTM and XGBoost models achieved the same order accuracy in terms of 

RMSE, though LSTM was slight better. But XGBoost was better at predicting 

trends or values change directions. It can be beneficial to add some features to 

LSTM model, which will be responsible for trends detection. The main difference 
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Figure 4.8: Validation error of LSTM. 
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Figure 4.9: LSTM model prediction on test data. 

earning from sequences of consequent pairs of values, whereas 

value sample with respect to its week number, 

h of sequence is also a hyper-parameter 

is that LSTM was | 

XCBoost was learning on each 

h and other parameters. The lengt 

Ww ; } ve e del accura LV. 

h that LSTM has the least error within observed models with a quite good 

id 1 is comparable with similar works described in [31] and 

mont 

17% on test set. Whicl 

ae n Figure 4.11 it is shown, that LSTM is slower than XGBoost, it 

| | he same order comparing to SARIMA which need 1 second to predict 

a ws “ weeks and in terms of thousands of outlets will not be applicable. 

caer i mes slower than XGBoost but it has to be mentioned that prediction 

f h of 7 values was made in a loop manually adding each next real sales value 

for each O € : 

of



from test data as the last item in sequence for each iteration. Running time can 

be decreased using some other approaches with predicting for the whole sequence 

at once, so XGBoost and LSTM indeed can be considered as having the same 

order running time. 

24.6% 

aSARIMA =XGBoost =LSTM 

Figure 4.10: Comparison of predicting models, MAPE, %. 

1 296.5 

2.0 13.1 
EE 

= SARIMA ©XGBoost sLSTM 

Figure 4.11: Models running time, ms. 
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5. Conclusion 

siness needs and allow to use certain investments 

Clustering results satisfy bu 

strategy for each outlet. Predicting sales plan achievement gave enough accuracy 

results, like other works solving such problem. But since predictions will lead 

to business decisions corresponding to it — it is very important to get higher 

precision and recall. Using these models if they predict outlets as achieving plan, 

only around 60% will indeed achieve it, and only 84% of plan achieved outlets 

will be predicted correct. Also, considering that only 30% of the dataset have 

such result is not so valuable. Benchmark for this problem is >90% 

positive labels, 

and F1. Main advantage of predicting model is that it is not overfitting 

y can be increased with creating ensemble classification 

features in the dataset. Proposed clustering method 

d step with plan achievement prediction will be 

accuracy 

or underfitting. Its accurac 

model or using additional 

is already used and its secon 

improved. option to use with our data and for improving pre- 

LSTM model is the best 

diction accuracy additional features can be added to the model. 

Next, the web part will be created to create a complete system in which 

different users of the ‘nterface will have different levels of access and it will be 

possible to perform the necessary actions with the data. In addition, it can be 

completed with distributed calculations for historical data, which could increase 

lation effectivenes
s. 

To use additional seem 

S transform
ed as fo 

STM model with all sequences from all outlets in the cluster 

f sales forecasting instead of forecasting for each outlet 

calcu entation and create a cluster of outlets based on its 

sales time serie 
r classification 

problem, and using some metric, 

then to train our L 

can increase the accuracy 0 

separately. 
. 

Future plans are to check up forecasting values for all outlets with settled 
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plans and facts itself and to estimate whether it is applicable for regular use. It 

could be also used for forecasting amounts for some territory aggregating amounts 

per each outlet. Also, forecast values can be compared with plans settled for the 

outlet to find out whether it will achieve it which was the objective of stage 1. 

Implementing confidence intervals calculations for the forecasts can be also 

useful since there can be some distortions in forecasts and creating intervals will 

give more information for decisions. 

Also it is possible to add visualization to our system, but the most effective 

way is to integrate with existing VA systems which support the most common 

types of visualization since it is not the main purpose of our system. 

After, to integrate with existing s 

dynamic digital transformation and increase 

allows to define anomalies in sales or predict in a much smaller time since there is 

ta export and manual data handling. It also depends on the ability 

egrate with such solutions and this fact should be 

s of integration, intermediate data server might be 

les system and to be accessed with the analytics 

ales reporting system in order to implement 

the effectiveness of the solution. It 

no need of da 

of the existing system to int 

checked beforehand. In term 

necessary to export data from sa 

system. 
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