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SEGMENTATION OF OUTLETS USING MACHINE
LEARNING CLUSTERING AND CLASSIFICATION ALGORITHMS

Abstract. Segmentation of retail outlets in terms of manufacturing
companies’ strategy applied in sales amount and trade activities for each of
them is very important. Directed investments into outlets help companies to
make more profit and decrease expenses. This study presents 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. Previously, clustering was made
without any special methods and clusters were formed using some agreed
threshold values for outlets sales amount. The proposed algorithm was tested
on real sales data and formed 3 clusters according to business needs. Sales plan
achievement prediction gave up to 74% accuracy.

Keywords: clustering, Logistic regression, Neural Networks, GM
Model, prediction.

kksk

AnHoTanusa. CerMeHTalusi TOPTOBBIX TOYEK C TOYKHA 3pPEHUSA
CTpaTEeruy KOMITAHWI-TIPOU3BOJIUTENICH, MPUMEHAEMON B paMKax TOProBOM
JeATETbHOCTH JUISl KaKI0M U3 HUX, OYeHb BakHa. HampaBiieHHble HHBECTUIIUN
B TOPTOBbI€ TOYKHM IMOMOTalOT KOMIIAHUSIM MOJy4aTh OoJiblle MpUObUIH U
CHIXaThb pacxojpl. B 3TOM uHccrnenoBaHUM TMPEACTABIEH METOJl, KOTOPBIN
MO>KHO UCHOJIb30BaTh JJIs KJIACTEPHU3AI[MH TOPTOBBIX TOUEK C MCIIOIb30BAaHUEM
QITOPUTMOB MAIIMHHOTO OOyUYEHUS C yuuTeneM U 0e3, BKIIFOYAINIUX 2 dTarna -
paslenieHre JaHHBIX C HCIIOJIb30BAHMEM aliTOPUTMa KiacTeph3aluu MOJAETU
Cmecu TayccoBckux pacmpenenenuii (GM) Ha ocHOBe oObeMa TpPOAAXK
TOPTOBBIX TOYEK U JOIMOJHUTEIbHOE pa3felieHue AJid OAHOTO U3 KJIACTEPOB C
UCIIOJIb30BaHuEM Jioructuueckor perpeccun (LR) m anroputma HelpoOHHOM
cetu (NN), KoTOpbIe TPEACKA3bIBAIOT, OyAYyT JIU TOPTrOBbIE TOYKH JOCTUTATh
eXKEeMeCSIYHOro IUlaHa TpoAax. PaHee KiacTepuzanus MPOU3BOIWIACHE 0€3

81



CaY xabapwwicer. 2019/4 (51). SDUbulletin

KaKUX-THOO CHeUMaNbHBIX METOAOB, W Kiactepbl (HOPMHUPOBAIUCH C
UCIIOJIb30BAaHUEM HEKOTOPBIX COIJVIACOBAaHHBIX TMOPOTOBBIX 3HAYEHUU IS
o0beMa TMpoJaX TOProBbIX ToYeK. llpeanmokeHHbI anroputM  ObLI
MPOTECTUPOBAH Ha pealbHBIX JaHHBIX O MpoAakax U cHOpPMUPOBaHBI 3
KJlacTepa B COOTBETCTBUU C MOTpEeOHOCTsIMH Ou3Heca. [IporHo3 BHIIOIHEHUS
MJIaHA MPOJAXK Jajl TOYHOCTh 10 74%.

KiroueBble cJjioBa: KiacTepusalus, JIOTMCTUYECKAas perpeccus,
HEUpOHHBIE ceTH, MoJieTb GM, MPOrHO3UPOBaHUE.

oKk

AnaaTna. bemmek cayma HYKTENEpiHIH OpKalChICH YIIIH cayna-
CaTTBHIK KbI3METI IICHOEpiH/e Mai1aJaHbUIaThIH OHIIPICTIK KOMITAHUSIIAPABIH
CTpaTerusicbl OOWBIHIIA CETMEHTTEYl ©Te MaHb3Abl. benmek cayna
OpbIHJApblHA OaFbpITTajFaH WHBECTULUSUIAD KOMIAHMUIApAbIH MaiiiackiH
apTThIpyFa JKOHE IIBIFBIHAAPABI a3aiTyFa KeMmekTecedi. byn 3eprreyne
caThUIapABbIH OTKI3y KeJIeMiHe Heri3menreH 2 Ke3eHIl Koca ajFaHfa,
OKBITYIIBIMEH JKOHE OKBITYIIBICHI3 KOMIBIOTEPIIK OKBITY aJrOpUTMIEPI
naiganaHaHaasl - raycc Tapary (GM) kmacTepiik  anropuTMi  apKbUIBI
KJacTepiey YIIiH MaiifanaHell, an JOTUCTUKANbIK perpeccus (LR) sxone
HeHpOHBIK keninik anroputMm (NN) maiimanaHaThiH KiIacTepiepaid OipiHge,
oJlap cayja HYKTEJIEPiHiH aif CAalbIHFBI CaTy dKOCHapbIHA KETETiHIH O0JKaNIbI.
bypbin kiacTepiey apHaiibl 9nicTepci3 *KYy3€ere achIpbUIIbl, all KIacTepiep
Oenmexk cayia OpBIHAAPBIH KEJICUITEH caTy IIeKTIK MOHAEp KeMeriMeH
KypbULbl. ¥YCHIHBUIFAH AJITOPUTM HAKThl caTy Typasbl JepeKTep OoMbIHIIA
CBIHAJI/IBI KOHE OM3HEC TalanTapblHa CoiiKec KanubimTacThl. CaTy »KOCHAaphIH
icke aceIpy OoimkamMbl 74% monmirid Oepi.

TyiiiH ce3aep: KiIacTepley, JOTUCTUKAJIBIK PErpeccusi, HEUPOHBIK
xemninep, GM moaerni, 6omxkay.

Introduction

Retail outlets, also called trade channel, are the most important part of
manufacturing companies’ business, since all produced goods are sold to it.
And outlets can be divided to several segments, which allows to implement
certain actions to each of them.

The data used in this study are sales data of a certain category,
consisting of company’s sales data and sales of the whole industry members.
Using this data, outlets can be divided into such clusters as:

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

82



CaY xabapwwicer. 2019/4 (51). SDUbulletin

. 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.

o low — outlets with low sales amount, where company should
attend or invest less.

The main steps are:

1. To create outlets clusters based on certain parameters, using
clustering algorithms

3. To create a model, which can predict monthly sales plan
achievement, which allows to get additional segmentation.

Literature review

The first step was to review machine learning general types and
principles to choose appropriate algorithms and methods to the problem. There
are many different types of machine learning algorithms, which can be useful
depending on purposes and used data.

Supervised machine learning algorithms are those algorithms, which
require algorithms’ training before it can predict or classify outputs. The input
dataset can be divided into train and test datasets. Cross-validation is one of the
approaches, which is used to divide input data into training and test sets with
the aim of avoiding overfitting. If the output of implemented algorithm is from
continuous set, that kind of objectives are called regression problems, 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. [1]

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 discover complex dependencies based on input data and find out
non-linear functions to predict target data.

Proposed method

The preparation phase began with a selection of clustering algorithms to
segment the points according to sales amount criteria. Many clustering
algorithms and methods were considered during this study [3]-[5], since there
is a huge variety, including the most popular K-means algorithm [6], as well as
the Gaussian mixture algorithm [7] (an algorithm based on probabilities for
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each sample of relation to each cluster) and complex models with ensembles of
clustering algorithms [8].
The proposed method is to make two-step segmentation, including:

1) Using selected unsupervised clustering algorithm to create 3
main clusters.
2) Predicting whether outlet will achieve monthly sales plan based

on additional features and patterns learnt from data.

A similar approach was used in [9], where students prediction problem
was solved by partition of students and using specific algorithms or parameters
for each part based on students’ previous performance and behavior.

Data used at step 1 are company’s sales amount and estimated sales of
total industry for each outlet. Following algorithms were tested with real data
and results were compared within step 1.

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 [10]. 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 amount outlet.

GM Model is a self-learning algorithm, commonly used for data
clustering. Within it a statistical model is built — a normal distribution, that
describes the data as accurately as possible, and then assigns the belonging of
points to clusters.

It is worth noting, that data has little amount of noises and such outlets
were dropped from the dataset. They can be classified after the main
segmentation using K-nearest neighbors (KNN) algorithm [1].

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 month was used as
ground truth labels.

Then data was scaled with Standard Scaler to increase the accuracy and
divided to train, test and validation sets. Proportion was 80% — train_val, 20% -
test, where train_val was divided as 70% for testing and 30% for cross
validation as it is the most common way for split. According to the purpose,
accuracy was reviewed, and which is more important - precision, recall and 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
positive were predicted correctly (recall), as the model can be used for real
business purpose.
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Then Logistic Regression model and Neural Network were used to
predict plans achievement and scores were compared. Similar approach was
described for students’ performance prediction in [11]. Multilayer Perceptron
(MLP) Neural Network topology was used, since it is usually used for static
data and for data, which is not too large for using complex topologies [2].

Also, it is important, that Polynomial features were added in LR model,
since the data has non-linear dependencies to increase the accuracy [12].

Using cross validation method, the best polynomial power,
regularization parameters for LR [13] and number of hidden layers and
neurons, activation functions for NN [14-16] were defined.

Results and discussion

Fig. 1. GM Model clustering results

Since all clustering algorithms results can be estimated only visually,
after comparing the results of clustered data by two algorithms, GM Model
algorithm was chosen as more corresponding to business means of clusters,
where every cluster presents company’s strategy of investments in every outlet.
Fig.1 shows the obtained clusters which were chosen because the 2nd cluster
(yellow-colored) is more corresponding to outlets, which were mentioned
above as “potential”.

Also, the Silhouette Coefficient (SC) was used to estimate how well the
both algorithms clustered the dataset. It is calculated using the mean distance
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inside the cluster @ and the mean nearest-cluster distance b for each outlet by
the following:

SC= (b - a)/ max (a, b)

The best value is 1 and the worst is -1. The results are shown in Table
1, K-means was implemented using 2 Python libraries — scipy and sklearn. All
scores are similar, but K-means was not chosen despite better scores, because
the obtained clusters had unsuitable form as mentioned above.

Table 1: SC for K-means and GM Model

K-means K-means GM
scipy sklearn Model
0.457 0.465 0.416

As an additional estimation of clustering quality Fig. 2 shows the
boxplot with distribution of outlets sales data by clusters formed with GM
Model algorithm. It shows, that obtained clusters fit to the needs as described
above — clusters differ with the amount of sales.

L] Zi. r
Fig. 2. Distribution of outlets sales data by clusters

During the next step LR and NN were used to predict sales plan
achievement for low cluster as it can be clustered additionally.
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As it was mentioned above, polynomial features were added to the data
before fitting to LR model and to define best polynomial power, training
accuracy for different powers was plotted. Fig. 3 shows, that 5 is the best
choice as a global maximum of training accuracy. Feature engineering,
including selection of most important features was also made to trade-off
accuracy and computational speed.
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Fig. 3. Training accuracy of LR model depending on polynomial power

After using cross validation and defining best hyperparameters for the
model, learning curve was plotted to estimate if the model underfits or overfits
the data. Fig. 4 shows, that with increasing number of samples training and
validation accuracy scores converge and are not too close. It means model is
not underfitting or overfitting [17].
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Fig. 4. Learning curve for LR model
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For NN using Multilayer Perceptron the most important is to define the
number of hidden layers and number of neurons in each. For this study
Growing Method [2] was used, according to which model begins with small
number of layers 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 [18].

In Table 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.

Accuracy scores are like other works, using NN for predicting
students’ performance [2], [11] and show approximate potential of these
models in terms of predicting plan achievement.

Table 2: Testing scores for LR and NN

Metric Logistic MLP
Regression Neural
Network
Accuracy 71% 74%
Precision 57% 62%
Recall 84% 71%
F1 68% 66%
Conclusion

In this study, outlets clustering method was presented, which can be
used by manufacturing companies in terms of trade channel approach.
Clustering results satisfy business needs and allow to use certain investments
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
positive labels, such result isn’t so valuable. Benchmark for this problem is
>90% accuracy and F1.
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Main advantage of predicting model is that it is not overfitting or
underfitting. Its accuracy can be increased with creating ensemble clustering
model or using additional features in the dataset. Proposed clustering method is
already used and its second step with plan achievement prediction will be
improved.
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