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1. Introduction

One of the temporal data mining types is time series forecasting, which for example is
used in trading. In order to successfully introduce a new product to the market, it is important
to know how similar products’ demand has fluctuated in the previous period of time, for how
long this product was in demand and how long the product stayed on the market from the
moment it was introduced until the moment its demand fell. With the use of data mining the
producer can get some significant data related to the product in question. For data to be used
in data mining, it has to be transformed to common relations. For example, if information
about different products is collected in the same period of time, data mining provides the tools
to process the data for further classification, using rule induction. The extracted rules describe
the conditions for forecasting life phases of some product in the future.

This paper analyzes methods and approaches for data set pre-processing for rule
induction that can be applied to the given problem area. Also the parameters of these methods
will be analyzed to see their effect on the task-solving results.

2. Product life cycle represented by the time series

Product life cycle is a period that consists of five general development phases: product
development, introduction, growth, maturity and decline. These phases exist for all types of
products and services.

It is hard to foresee a decline in consumption. Usually it can be seen from decreasing
sales volumes. But still it is more difficult to realize this transition point, the transition from
one life cycle to another, than one can imagine because good marketing makes you think that
this product can still reach high sell rates. It makes recognising this transition point even more
important.

Since the purpose of this study is to forecast the transition points in the product life
cycle data, the product life cycle is modified, according to the problem area (see Figure 1).



Transition
point «P1» Tranﬁitiuni
point «P2»

Development phase Introduction phase Maturity phase Decline phase

Demand

Timne

Figure 1. Modified product life cycle
The development phase is ignored because it is not used; introduction and growth phases are
merged into an introduction phase because it will describe a state of a product until the
maturity phase is reached. The forecasted transition point between introduction and maturity
phases in the following text will be referred to as transition point «P1», transition point
between maturity and decline phase — transition point «P2.

3. Time series mining

Time series is successive events that are organized by the time of their observation [6].
Events are recorded at regular intervals and are shown as a set. There are three directions in
time series mining: analysis, pattern recognition and forecasting [1]. Time series forecasting
is one of the most popular and demanded tasks. The forecasting model is made based on the
data sets with previously known results. These results are used to forecast results that are
based on other data sets. Therefore forecast model has to be statistically relevant and
reasonable for forecasting to be as accurate as possible. To ensure this accuracy, classification
tasks are used in these time series. Classification tasks describe the rules or a set of rules,
according to which, any new object can be added to an existing class. These rules are created
based on the information about the existing objects that are already put into classes [6]. Based
on the switching in the time series from one product life cycle to another, a class is assigned
in the classification tasks. The class is being described by «Ne» until the switching, but the
switching itself is described by class «Ja», making classification tasks.

The classical time series forecasting passes three stages: building a model, that
describes the data series, using statistical and classification methods; evaluating the created
model, which includes splitting available data into training and test sets. The model is created
using the training set and the forecast is made using the test set. The forecast is compared with
real data and the model is evaluated using forecast error. If the first model passes the test, this
model can be used for forecasting in the future.

4. Concept of the transition points

The concept of forecasting transition points is based on a forecast of two transition
points, that determine the following transitions [3]: from introduction phase into maturity
phase (described by point «P1») and from maturity phase into decline phase (described by
point «P2»).

Previously gathered input information is used to forecast transition points «P1» and
«P2». This data needs some input data pre-processing according to the rules. The input data
describes time series that hold demand information of 24 months that is described by the
following parameters:

e Field «I/D» describes the sequence number of the time series;



e Field «Introduction» refers to the period when the product emerges in the market;

e Field «K1» refers to the period when transition between two life cycles happens;

e Field «K2» indicates the number of periods for which information will be

collected;

e Fields «T1» to «T24» describe the demand for a given period.

The value of parameter «K2» is calculated by the following algorithm:
e [fthe value of the field «/ntroduction» is equal to 0, then K2=KI,;
e [If the value of the field «/ntroduction» is greater than 0, then K2=(KI-
Introduction)+1.

Data is clustered using grid-clustering method with different numbers of clusters. Data
classification is done through a classification task, which creates two classes - «Ne» and «Jay,
where class «Ja» is assigned to the data set that indicates a transition between life cycle
phases. In data discretization, where new data sets are created, data values are replaced with
block numbers that were obtained in clusterization. These data sets are saved in *. arff format
for further use in Weka, in classifier performance scoring.

4.1. Time series pre-processing

For the data to be used with data mining algorithms, it has to be initially processed to
exclude noisy and missing data, as well as dominating values because it tunes down algorithm
performance, contributes to inaccurate results and slows down the algorithm. Data preparation
process can be divided into the following stages:

e time series selection based on the value of attribute «K7» that should to be in the

range 2<K1<24;

. time series cleaning — time series that don’t match the value of «K7» are deleted,

o time series transformation — values are transferred to the left side without any

changes in their meaning;

o time series normalization using Z-estimation normalization, because maximum

and minimum limits of the attributes are unknown.

After pre-processing the data, values of attribute «K2» have to be recalculated so that
pairs of given periods can be made, which enables data classification. It is recalculated by the
following algorithm:

e if the value of attribute «K2» is an odd number, then K2=K2+1;

e if the value of attribute «K2» is an even number, then K2=K2+2.

4.2. Time series classification

Classification is adding new objects to the existing groups of objects [1]. Based on
previously gained knowledge, classes are assigned to these object groups. Classification is
done, taking pairs of time series in periods, where the first data set consists of four periods
because the minimum period for transition from one life-cycle to another is greater than or
equal to 3. If there are other pairs after the chosen pairs, data set is classified into «Ne» class;
the values are passed to the next data set where the next pair is added. If after this addition
there are no more pairs in the set, then the set is classified as «Ja», otherwise the values are
passed to the next data set and classified as «Ne». All time series are searched in a similar
manner until all possible data sets and their classes are found. An example of classification
realization with one time series, which consists of six periods, is given in Figure 2.
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Figure 2. Time series classification
4.3. Time series clustering

Clustering is cluster analysis or object grouping into clusters [1]. Objects of one cluster
have to have similar qualities that serve as a cause for grouping. As a result of clustering,
some information about grouped objects is extracted. Clustering means grouping data objects
based on values of these objects. This task can be solved with different approaches:
hierarchical, which means that a cluster can have sub-clusters, or partitioned, which means
that one record can belong to only one cluster. In this case the grid-clustering method with 4,
9 or 16 clusters was used to cluster the data.

a b | - ¢
Figure 3. Dividing range of values into 4(a), 9(b) and 16(c) clusters and assigning numbers

Grid-clustering method is based on Statistical Information Grid, which divides the data
value space into equal square cells. The space of data values is divided into cells that form the
structure of the grid, which is a basis for clustering operations [4]. Grid-clustering method is
based on distinguishing the maximum and minimum normalized value of the set of
normalized values. Values are rounded to an integer (the lowest value is rounded down, the
highest value is rounded up) using mathematical functions. The range of values is divided into
4, 9 or 16 parts, which corresponds to the chosen number of clusters. Division of the range of
values can be seen in Figure 3. Cluster numbers or block indexes are assigned starting from
top left corner, moving right and down the rows.
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Figure 4. Realization of grid-clustering method
In clustering, time periods are arranged in pairs. The value of the first period is marked
on «X» axis and the second period of the pair is marked on the «Y» axis, determining the
number of a cluster or block in the clustering grid. Realization of this kind of clustering is
shown in Figure 4.

4.4. Time series discretization
Time series discretization includes replacing values with numbers [2]. Before

performing time series discretization the data is transformed into unified data set — data sets
with block numbers from clustering and data sets with classes from classification.
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Figure 5. Time series discretization and data transformation

By combining the results into one data set discrete time series with block numbers, the
numbers of cluster blocks in the data set and the class that was assigned in classification are
obtained. These data sets have to be of a specific length, maximum number of periods of a
data set has to be divided by two because blocks are made of pairs. Missing values of a data
set are replaced by «O». In order to use the created data set for rule induction, classification
performance evaluation and transition point forecasting with Weka tool, letter indexes are put
in front of the obtained values. Data transformation and discretization can be seen in Figure 5.

4.5. Classifier performance scoring with 3-fold cross-validation

To evaluate performance of classification, a measure of accuracy that characterizes the
performance of classification, is needed. Clustering is performed using the grid-clustering
method and k-means algorithm with different numbers of clusters. Classifier performance is
measured using the JRip classifier of Weka. Performance is based on the technology of
dividing data into training and test sets [1]. To evaluate classification performance 3-fold
cross-validation was used. That means that data set D is divided into three subsets (D1, D2,
D3). Division has a rule — membership to any of the subsets is random but the size of the
subsets has to be equal. Cross-validation guarantees that every record will be used for training
(n-1) times and once for testing [1]. Sometimes a given evaluation can be biased and true
positive rate, which shows the proportion of positive cases that were correctly identified, must
be used.

By evaluating classifier performance with different clustering approaches, the best
method to forecast transition points is chosen (the choice is made on the basis of aggregated



confusion matrixes). The accuracy of the classification task (KKP) is described by proportion
of the aggregated true positive and true negative rates and total classified records, which is
determined for each cluster group using equation (1)

~ IP + IN
IP+ KN +KP+IN’

where: [P — true positive (positive (Ja) cases that were correctly identified (Ja)); KN — false
negative, (positive (Ja) cases that were incorrectly classified as negative (Ne)); KP — false
positive, (negative (Ne) cases that were incorrectly classified as positive (Ja)); IN — true
negative, (negative (Ne) cases that were classified correctly (Ne)).

Total classification error (KKK) is calculated by subtracting the accuracy from 1 or
aggregated false positive and negative records divided by total number of classified records
using the equation (2), but the calculation of total classification error for transition points
«P1» and «P2» can be seen in Figure 6.
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Figure 6. Total classification error for transition points «P1» (on the left side)
and «P2» (on the right side)

Classification error for the class «Ja» can be determined by the positive records that
were classified as negative and that are described by true positive rate (/PN) which can be
calculated using the equation (3), true positive rates (IP) for transition points «P1» and «P2»
are shown in Figure 7.
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Figure 7. True positive rates for transition points «P1» (on the left) and «P2» (on the right)



5. Conclusions

After evaluating classification performances, it can be concluded that for forecasting
transition point «P1» for data sets used in this study it is better to use grid-clustering method
with 9 clusters, and for forecasting transition point «P2y», grid-clustering method with 16
clusters is recommended. Since the classifier’s performance is evaluated, it is important to
evaluate new classifier’s performance when working with new time series to reduce forecast
error that can be caused by specific nature of time series and the choice of clustering
algorithms.
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KirSners Arnis, Sukovs Anatolijs. Parejas punktu prognozesanas likumu indukcija produkta dzives cikla
datos

Dotaja raksta tiek aprakstita netradicionala pieeja problemas risindjumam, kas saistita ar jauna produkta dzives
cikla prognozésanu. Si pieeja ir vérsta uz parejas punktu prognozéSanu produkta dzives cikld. Raksta
aktualitates pamata ir risku samazinasana, pienemot lemumus, kas saistiti ar jauna produkta dzives cikla
prognozésanu nakotné, analizéjot lidzigu produktu vésturiskus pieprasijuma datus. Raksta autori ir analizéjusi
vesturiskus produkta pieprasijuma datus par diviem gadiem. Par raksta teorétisko pamatojumu kalpo produkta
dzives cikla un laika rindu analizes metodes. Raksta tiek izmantotas datu pirmapstrades, normalizacijas,
klasifikacijas, klasterizacijas un diskretizacijas metodes. Klasifikacijas veiktspeja un istas pozitivas klases
atpaziSana tiek verteta ar 3-kartigu skersvalidaciju, pielietojot riku Weka — taja iebiiveto klasifikatoru JRip,
klasterizdcijai izmantojot klasterizacijas rezga metodi un k-vidéjo sadaloso algoritmu pie dazadu klasteru skaita.
Eksperimentali tiek noteikta labaka klasterizacijas metode un klasteru skaits parejas punktu prognozésanai.

Kirshners Arnis, Sukov Anatoly. Rule induction for forecasting transition points in product life cycle data
This paper describes a novel approach to solve problems related to new product lifecycle. The approach is
based on search for transition points on the curve of product life cycle. The topicality of the study is based on the
decrease in risks in decision-making process. This new approach becomes even more important if decisions are
connected with new product life cycle forecasting in the market. The authors have analyzed historical demand
data for a two-year period. Methods of product life cycle and time series analysis are the theoretical basis of the
study, data pre-processing and normalization methods are also used. Data classification, clustering as well as
discretization of the available data are made. Classification performance is evaluated by the method of three-
fold cross — validation using Weka’s built-in classifier, JRip. Data clustering is made using grid-clustering



method and the k-means algorithm at different numbers of clusters. The most appropriate clustering method and
the number of clusters for forecasting transition points Pl and P2 are determined experimentally.

Kupmnepec Apauc, CykoB AHartonuii. IHIyKIMsi mpaBWJ JJisi NMPOrHO3ZMPOBAHUS TOYEK Nepexoaa B
JAHHBIX KU3HEHHOT0 HKJIA MPOAYKTA.

Mannas paboma onucviéaem HempaouyuOHHbIl NOOX00 K PeuleHuio npodiemvl NPOSHOZUPOBAHUS HCUSHEHHO2O
YUKIA HOB8020 NPOOYKmMA. DmMom noOX00 OCHOBAH HA NOUCKE MOYEK Nepexodd HA KPUBOU JICUSHEHHO20 YUK
npooykma. AkmyanbHocmes pabomvi OCHOBbIBAEMCSl HA CHUMICEHUU PUCKOS NPU NPUHSMUU PEULeHUL, CEI3AHHbIX
€ NPOSHO3GAMU JCUSHU MO20 UTU UHO20 NPOOYKMA HA PbIHKE 6 0YyOyujeM, aHaiusupys ucmopuieckue OaHHble
cnpoca Ha cxooicue npodykmol. A8Bmopsl pabomei NPOAHATUIUPOBATU UCHIOPULECKUEe OaHHbLE CHPOCA HA MOBAPbL
3a osyxaemnuil nepuod. Teopemuyeckum 0CHOBAHUEM PADOMbL CLYHCAM MEMOObl AHANU3A HCUSHEHHO20 YUKILA
NPOOYKMA U AHAIU3Ad BPEMEHHBIX psi0og. B pabome makdice ucnonwb3068anvi Memoobl NepeudHol 0opabomku
OQHHBIX, HOPMATU3AYUU, KIACCUuUKayuu, Kiacmepuzayuu u Ouckpemusayuu umerowjuxcs oaumuvix. Oyenka
aghghexmusnocmu Knaccupurayuy U HAxX0NCOEHUs NOIOHCUMENTLHO2O KIACCA NPOBEOEHA NPU NOMOWU Memood
MPEXKPAMHOU Nepekpecmuoll  8anudayuu, UCnoIb3ys npocpammuoe obecnevenue Weka, ¢ ecmpoennvim
kaaccughukamopom JRip. Knacmepuzayuss Oanmvix npogedeHa ¢ NOMOWbIO MEmMood KIACMEPU3ayuoHHOU
pewemku u aneopumma k-cpeonux npu pasHom yucie Kiacmepog. DKCHePUMEHMANbHO Gbl6eOeH HAULYYUIULI
MemoO KIACMeEPU3AYUY U YUCIO KIACmepog OJisi NPOSHO3UPOBAHUs nepexooHbix mouek Pl u P2.



