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Data Mining Methods and Models for
Social and Economic Processes Forecasting
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Developing social and economic systems and ensuring efficiency of social and economic processes is
one of the major tasks for the government of any country. Forecasting models used for analyzing large
data sets allow more efficient enterprise management. Big Data is a key resource that provides a
competitive advantage to many businesses. The widespread use of Data Mining in retail, marketing,
finance, healthcare, industrial production, and other areas suggests that gathered and processed information
not only provides useful business information, but also allows more accurate evaluation and development
of detailed business plans and development strategies. The use of Data Mining methods and models in
forecasting tasks of socio-economic processes provides more accurate predictive calculations. To select
the best method for solving prediction problems it is necessary to clearly understand whether the macro
series is stationary or non-stationary. We must clearly understand whether our macro series is a clear trend
or seasonality. For prediction of stationary time series, the most popular models are autoregression and
moving average models. ARIMA models cover a sufficiently wide range of time series, and small
modifications of these models allow seasoning time series to be more accurately described. This article
discusses the role of Data Mining in social and economic processes, as well as the potential of using Big
Data in a business environment. This article demonstrates procedures for using Data Mining methods for
practical implementation of Data Mining algorithms to forecast Ukraine’s GDP with Python codes, using
the statsmodels package. This article analyzes the possibilities of using ARIMA model and uses a double
exponential smoothing model for forecasting Ukraine’s GDP.

Keywords: Data Mining model, forecasting, socio-economic process, macro series, stationarity, trend,
seasonality.
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Introduction. In conditions of market economy, uncertainty and risks of business
environment entrepreneurs and analysts demand highly efficient processing and analysis of
large volumes of information in order to make optimal managerial decisions. Big Data is a key
resource that provides a competitive advantage to many businesses. Often, companies have
large amounts of data at their disposal, but management is not able to adequately process this
data to get the desired result.

Forecasting models used for analyzing large data sets allow more efficient enterprise
management. To simulate future effective enterprise development, managers have to take into
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account not only the risks of external macro- and microenvironment (state and dynamics of
competition, demand, institutional processes) and internal processes in a company, but also
perspective forecasts that are the basis of the formation and implementation of relevant
competitive strategies [12]. Consequently, basic forecasting models are considered to be the
first priority.

Problem statement. OLAP (Online Analytical Processing), KDD (Knowledge Discovery
in Databases) and Data Mining are the most commonly used technologies for statistical analysis
and help in decision-making [2]. Some aspects of Data Mining technologies application in
forecasting  tasks are  studied by  A.Barsehian [1], A. Bekkauer [2],
Ye. Hnitetskyi [8], V.Dyuk [9], R.Eksler [10], I. Kravets [14], O. Krivtsova [15],
O. Marchenko [16], V. Minakova [17], V. Pleskach [20], L. Samoilenko [21], M. Beyer [28],
R. Schroeder [32], J. Halsall [32], etc.

The research on the possibilities of using ARMA or ARIMA models for the forecast of GDP
in Ukraine remains poorly elaborated and requires a more detailed analysis.

The research goal is the analysis of data mining methods and the application of models in
socio-economic processes forecasting tasks as well as for the forecast of Ukraine’s GDP with
Python codes, using the statsmodels statistical package.

Research results. Forecasting socio-economic processes involves the forecasts of the
development of the national economy and social sphere in the future, based on scientific
knowledge of socio-economic phenomena and the use of the totality of methods, means and
capabilities of prognosis [26, p.15].

Berzlev O. [3, p. 80-82] states that the main classical forecasting models that have been
used for many years in a wide range of tasks both by managers for making managerial decisions
and researchers in various fields are: models of exponential smoothing that are visible and
simple are often used by analysts for short-term forecasting; regression models that are designed
to predict or estimate the value of one dependent variable based on the values of other
independent variables by establishing communication between them; autoregressive models are
used to identify the dependence between values or observations of a time series by studying
autocorrelation between observations that are selected with a fixed time interval.

Another popular area of interest is the Time series analysis — a set of innovative methods
that includes intelligent data analysis approaches used to identify latent or associative rules of
time series data, methods of nonlinear dynamics, optimization on the basis of genetic algorithms
and programming of genetic expressions [3, 31], etc.

Currently Data Mining technology is mostly used in solving business problems. Some
authors argue that the reason lies in the high efficiency of Data Mining tools, which may reach
1000 %, with a fairly short turnover period.

The widespread use of Data Mining in retail, marketing, finance, healthcare, industrial
production, and other areas suggests that gathered and processed information not only provides
useful business information, but also allows more accurate evaluation and development of
detailed business plans and development strategies.

The application of Data Mining techniques helps to solve business problems including
increasing profitability of the department or the whole enterprise; understanding desires and
needs of consumers; identification of profitable customers; attracting new customers; preserving
regular customers and increasing their loyalty; increasing return on investment; reduction of
expenses for the promotion of goods and services; increasing the sales of additional goods and
services to existing customers; detection of fraud cases, inappropriate and inefficient spending
of funds; credit risk assessment; increasing the effectiveness of using the website; increasing
output of a store; optimization of goods location to increase sales; business efficiency
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monitoring, etc. [27].

Kravets 1. O. and Uzun T.F. [14 p. 123-124] prove that Data Mining algorithms are
effective in the analysis of socio-economic indicators. They help to solve classification and
regression problems, search for associative groups, clustering and forecasting. For socio-
economic information analysis, it is most appropriate to use such intellectual analysis algorithms
as: algorithm for finding a decision tree for classification problems (covering algorithm); non-
hierarchical Fuzzy C-Means algorithm for addressing the problem of cluster analysis;
forecasting of time series with automatic choice of forecasting and taking into account seasonal
change of indicators; association rules search algorithm. Using Data Mining methods,
management of the enterprise can predict future trends, while taking into account current and
past trends.

There are numerous Data Mining methods, but the priority is gradually being shifted to
logical search algorithms in the if-then rules of data. These help to solve forecasting and
classification tasks, pattern recognition, database segmentation (DB), extraction of ‘hidden’
knowledge from data, data interpretation, establishment of associations in the database, etc. The
results of such algorithms are efficient and easy to interpret [1, 7]. They allow management of
the company to choose the most effective competitive strategies while considering all
alternatives. In particular, such strategies may be: competitive strategies based on the use of
neural networks and strategies for the development of “Internet of Things” [19, p. 369-372].

Data Mining technology combines strictly formalized methods and methods of informal
analysis, as well as quantitative and qualitative data analysis [21, p. 19].

Most Data Mining tools are based on two technologies: machine learning and visualization
(visual representation of information). The quality of visualization is determined by the
possibilities of graphical representation of data values. Variation of graphic representation by
changing colors, shapes and other elements simplifies the search for hidden dependencies.

Both technologies complement each other in the process of data mining analysis.
Visualization is used to find exceptions, general tendencies and dependencies, and helps in
obtaining data at the initial stage of a project. Machine learning is used further to find
dependencies in an established project. Table 1 presents the characteristics of intellectual data
analysis based on research [7, 11, 16, 22, 24].

The potential of using Big Data in business is extremely high, mostly to increase efficiency,
productivity and economic growth. This refers to almost all aspects of business: from research
and development to sales and marketing, supply chain management, and company’s value. At
the same time, the challenges associated with the use of large data in business are growing [5,
25, 28].

To select the method for solving prediction problems it is necessary to understand whether
the macro series is stationary or non-stationary. We must clearly understand whether our macro
series is a clear trend or seasonality. For prediction of stationary time series, the most popular
models are autoregression and moving average models. An ARMA model (autoregressive
moving average) is very suitable for stationary time series forecasting. ARIMA models cover a
sufficiently wide range of time series, and small modifications of these models allow seasoning
time series to be more accurately described [18]. These models will be used to solve different
research problems.

In this article, we obtain data related to Ukraine’s GDP from the Ministry of Finance with
reference to the World Bank data [4]. Recommendations regarding the minimum number of
points for forecasting are not available through this data. In addition, we do not use neural
networks for training and forecasting, so the available dataset points should be considered
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enough to build the prognosis model. We use Python codes for Ukraine’s GDP forecast as
Python is inherently readable and simple to use. Data analysts in almost every sector will find
Python libraries already tailored to their needs. Moreover, Python has a large range of powerful
visualization libraries, such as Matplotlib, Plot.ly, or Seaborn which will help us to build
relevant and modern graphics. In order to fulfill the task of forecasting, we need to import the
necessary modules and analytical packages. We will need libraries pandas, numpy, matplotlib,
scipy, as well as the statsmodel module. To understand which model is best suited, we visualize
the data using the matplotlib library. We will build Ukraine’s GDP graphs in UAH and USD
(Figure 1-2).

Table 1
Methods of intellectual data analysis [7, 11, 16, 22, 24]
Method Characteristics
Statistical Preliminary analysis of the nature of statistical data (verification of hypotheses

stationarity, normality, independence, homogeneity, assessment of the type of
distribution function, its parameters, etc.).

Explore the relation and regularities (linear and nonlinear regression analysis,
correlation analysis, etc.).

Multivariate statistical analysis (linear and nonlinear analysis, component
analysis, factor analysis, etc.).

Dynamic models and forecast based on time series.

Cybernetics: Classification of data using weighting factors for distribution of data elements
into smaller groups.

Identify causative relations and determine probabilities or certainty coefficients

Decision Trees which allow making appropriate conclusions. Can be used to predict or evaluate
unknown parameters (values).
Associative rules Classify data based on a set of rules, similar rules in expert systems.

Rules can be generated using the search and checking of rule combinations, or
rules can be generated from a decision tree.

Genetic algorithms Operate with a set of ‘individuals’, representing rows, each of which encodes
one of the task solutions. The suitability of an individual is assessed with the
help of a special function.

Used to search the global extremum of a multiparameter function; function
optimization; dynamical systems optimization; tasks of parameters
optimization; adjusting an artificial neural network; training of intellectual
models; combinatorial tasks.

Artificial neural Recognition, clustering, forecast — knowledge is presented in the form of links

networks that connect a set of nodes; the strength of relation determines the relation
between data factors.

Evolutionary Designed for numerical optimization tasks, in particular, to optimize actual

programming functions.

The method of group account of arguments allows providing an acceptable
quality of the model in multifactority conditions of a controlled object and a
training sample scarcity.

If we compare Ukraine’s GDP using the national currency and USD, we see that there is
noticeable exponential growth in the national currency, while in USD we see an explicit trend
at some intervals, however, as a whole, we do not distinguish an explicit trend from the graph.
We execute the forecast of Ukraine’s GDP in hryvnia using the model of double exponential
smoothing, and we will also check if we can use an ARMA or ARIMA model for forecasting.

We check stationarity of the macro series by the Dickey Fuller criterion. The Dickey-Fuller
criterion shows that the macro series both in USD and UAH is not stationary. It suggests that
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the ARIMA class model is not best suited for predicting this macro series, since it is not
stationary. We try to make the macro series stationary using the Box-Cox transformation. If it
is successful and the null hypothesis of stationarity is rejected, then the macro series can be
predicted with an ARIMA model.
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Figure 1. Ukraine’s GDP data graph, UAH million
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Figure 2. Ukraine’s GDP data graph, USD million

If we compare the tests that do not make the normality assumption, we will see that the
assumption of normality often leads to simple, mathematically tractable, and powerful tests. We
understand that, many real data sets are in fact not approximately normal. As stated in [29] ‘an
appropriate transformation of a data set can often yield a data set that does follow approximately
a normal distribution. This increases the applicability and usefulness of statistical techniques
based on the normality assumption’. A measure of the normality of the resulting transformation
can be defined through a particular transformation such as the Box-Cox transformation [29].
First, we will try to make a first-order differentiation. We get the following result: The Dickey-
Fuller criterion has not changed, which means that our macro series cannot be stable; therefore,
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it is necessary to use non-stationary forecasting models for forecasting. The Dickey-Fuller
criterion showed the explicit trend in the macro series, and the graph in Figure 3 shows the
growing trend. Also, non-parametric methods are most suitable when the sample size is small
(n < 100). Since seasonality has not been traced and the sample size is 15, we will use double
exponential smoothing model (The Holt’s model) for time series forecasting, which uses non-
parametric methods.

Determination of Alpha and Beta parameters for maximum accuracy of the forecast in the
Holt’s model is a very important process in the analysis. We used a bunch of values in the model
to finalize the result. The setup showed out that Alpha = 0.8 and Beta = 0.03 are best suited for
maximum approximation to the actual data model. During the use of the model solution, the
predictive model showed the following result:

e the Holt’s model forecasting for 2018 — 22465344.6491496265 million.
e the Holt’s model forecasting for 2019 — 22546810.7927002399 million.

NofgiAHe excnoHeHLike 3EAaAMYBAHHA (MeToR XonsTa)

= Anwga 08, Bera 09
Anwda 0.8, bera 0.03
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[ 0

Figure 3. Ukraine’s GDP forecasts

Conclusions and further research. The widespread use of Data Mining in forecasting of
socio-economic processes shows that extracted and processed information generally allows
more accurate assessment of enterprises’ activities and development of detailed business and
country development strategies. Using Data Mining in predicting economic performance is
extremely important for our country and helps to track possible trends in the future in order to
form effective development strategies.

The use of Data Mining methods and models in forecasting tasks of socio-economic
processes provides more accurate predictive calculations. To select the best forecasting model
parameters such as seasonality, trend and stationary data must be taken into account. In
particular, to find the best forecasting model, special attention must be paid to whether or not
the model is stationary. The use of the Dickey-Fuller criterion to test stationarity helped to
determine the best forecasting model.
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[NoBbIIeHNnEe YPOBHS Pa3BUTHS CONMAIbHO-YKOHOMHYECKUX CHCTEM, obOecriedeHne 3(GQeKTHBHOCTH
MIPOLIECCOB, KOTOPbIE B HUX MPOUCXOAAT — OJHA U3 TNIABHBIX 3a7ad JUIl PyKOBOJACTBA JIOOOH CTpaHBI.
Mopenu mporHO3UPOBaHHS, UCTIOIb3yeMbIe ISl aHaTHU3a OONBIINX MAaCCUBOB JAHHBIX, O3BOJIIIOT OosIee
9((eKTHBHO yIpaBIATh NpeaUPHATHSIMU. J[0CTATOYHO LMIMPOKOE MpuMeHeHne meTonoe Data Mining B
PO3HUYHON TOProBile, MapKeTUHre, (uHaHCaX, 3APaBOOXPAaHEHHHU, MPOMBIIUIEHHOM IPOU3BOACTBE U
IPYTUX OOJACTAX CBHAETEIBCTBYET O TOM, 4TO JOOBITas M oOpaboTaHHAs MHGOPMAIUS HE TOJIBKO
MIPEOCTABISIET MOJIE3HyI0 MH(opMaruio o OW3Hece, HO U JJaeT BO3MOXKHOCTH OOJiee TOYHO OIIEHHTH
paboTy M COCTaBHTH JeTaNbHbIE OM3HEC-TUIAHBI M CTpPAaTeTMU pa3BUTHs. VICrmoimb30BaHWE METONOB U
mozeneii Data Mining B mporeccax MPOrHO3MPOBAHMS —COLHMAIBHO-9KOHOMHYECKHX —IIPOLIECCOB
obecrieunBaer 0Ooiee TOYHBIE MPOTHO3HBIE pacueTsl. [lng mombopa MeTona pelieHus 3agad
MIPOTHO3UPOBAHUA HEOOXOAMMO UETKO IIOHHMMAaThb SIBISIETCS JIM MAaKpOps CTallMOHAPHBIM WU
HECTalMOHAPHBIM. J{11 MpOTHO3MPOBAHMS CTAIIMOHAPHBIX BPEMEHHBIX PSIOB CAMBIMU IOMYISIPHBIMU
SIBIISTIOTCA MOJICIT aBTOPETPECCHH, CKonb3smero cpequero. ARIMA-Mozmenn oXBaThIBalOT JOCTATOYHO
MIMPOKHH CIIEKTP BPEMEHHBIX PSANOB, 3 HeOOIbIINE MOAU(PUKAIINH 3THX MOENICH MTO3BOIISIOT JOCTATOUHO
TOYHO ONMCHIBATH M BPEMEHHBIE PS/BI C CE30HHOCTBIO. B craThe paccMaTpuBaeTcsl poiib, 3HAUCHUE U
cozeprkanue MeronoB Data Mining B corpanbHO-3KOHOMHYECKHX MPOLECCax, MOTSHIHAI HCIOIb30BaHMUS
Big Data B 6u3Hec cpeze. BoInosiHeHsI IpolieAypbl IpUMeHeHHs: MeTo10B Data Mining st mpaktiyeckoit
peammzaumu  anroputmoB Data Mining u cosmanus nporsosHoro BBII VkpauHbl Ha si3bIKe
nporpammupoBandss Python ¢ wucmosne3oBanueM craTuctideckoro mnakera statsmodels. Beimonsen
nporHo3 BBII Ykpaunsl ¢ moMoIIbi0 MOIENHM JBOMHOTO SKCIIOHEHLIMAIBHOTO criiaxkuBaHus. [Iposenen
aHaM3 BO3MOXHOCTEH ncnonb3oBanus Moaenn ARIMA s mporaosa BBIT YkpauHsl.

Kuroueswie crosa: monens Data Mining, mporHo3upoBaHie, COLHANIbHO-3KOHOMHUUYECKHI MpoIiecc,
MaKpopsJ, CTAlMOHAPHOCTb, TPEH/, CE30HHOCTb.
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[ligBuineHHs pPIBHA PO3BUTKY COIIaTbHO-€KOHOMIYHHUX CHCTeM, 3abe3medeHHs e(eKTHBHOCTI
MPOIIECIB, IO B HUX BiOYBAIOTHCS — OJJHA 3 TOJIOBHUX 3a/1a4 [l KepiBHHULITBA OyIb-sIKOi KpaiHi. Momeni
NPOTHO3YBaHHS, 110 BHKOPHCTOBYIOThCS JUIS aHA3y BEJIMKHX MAacHBIB JQHUX, JO3BOJAIOTH OLIbLI
e(eKTUBHO YMPAaBIATH MiANPHEMCTBAMH. JIOCHTH IIMPOKE 3acTocyBaHHs MeroaiB Data Mining B
Po3apiOHiii TOpriBii, MapKeTHHTY, (iHaHCaX, OXOPOHI 370POB’sl, MPOMHUCIOBOMY BHPOOHHIITBI Ta iHIINX
007acTsIX CBIAYUTH TPO Te, MO0 BHAOOYyTa Ta 00poOieHa iHGopMalis HE TIIbKH Hagae KOPHCHY
iHpopMarito Tpo Oi3Hec, a i Jae 3MOTY OLTBII TOYHO OI[IHHTH CBOIO POOOTY Ta pO3pOOUTH JeTanbHi
Gi3Hec-TulaHu Ta cTparerii po3BUTKY. Bukopucranus MeroxiB Ta moxeineii Data Mining y mpomecax
HPOTHO3YBaHHS COLliaJIbHO-eKOHOMIYHHUX MTPOLIECiB 3a0e3neuye OiIbIl TOUHI IPOrHO3HI po3paxyHKH. st
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ioopy METoy BHpIIIEHHS 3a7a4 IPOrHO3yBaHHS HEOOXiHO PO3YMITH UM € Makpopsia CTallioHapHUM
Yl HECTAalllOHApHUM, YU XapaKTePHU3YEThCS MAKpOpsAA UITKUM TpeHIOM abo ce3oHHIicTIo. Jlms
MIPOTHO3YBAHHS CTALlIOHAPHUX YAaCOBUX PsIIiB HAUMOMYJSPHIIIMMH MOJIEIISIMH € MOJIETb aBTOperpecii Ta
pyxomoro cepenasoro. ARIMA-Mozeni OXOINTIOIOTh JOCTATHBO HIMPOKHI CIIEKTP YacOBHX PSIiB, a
HEBENMKI Momudikamii X MOJENel JO03BOJITIOTh JOCTATHHO TOYHO OMKCYBATH 1 YacOBi psSau 3
CE30HHICTIO. Y CTATTi pO3IISIAEThCS PONb, 3HaueHHs i 3micT meronis Data Mining B comianbHo-
EKOHOMIUHHUX MpoIlecax, MOoTeHIian Bukopuctants Big Data B 6i3Hec cepenoBuiii. BukoHaHo npouenypu
3acrocyBannst Meroai Data Mining st npakTuuHOi peanizarii anropurmis Data Mining i cTBopenHst
nporHossoro BBII Vkpainu Ha MOBi mporpamyBaHHs PythOn 3 BUKOpPHUCTaHHSM CTATHCTHYHOTO [AKeTa
statsmodels. Bukonano nporuo3 BBIT Ykpainu 3a J0OMOroK0 MOJENi HOIBIHHOTO eKCIIOHCHIIaIbHOTO
3rmamKyBaHHA. [IpoBeneHo aHaniz mMoxkiamuBocteil BukopuctanHs moneni ARIMA s mpornosy BBII
VYkpainu.

Kurouosi cnosa: monens Data Mining, mporao3yBasHs, CoLliabHO-CKOHOMIUHHUI POLIEC, MaKPOPSIA,
CTaI[lOHAPHICTh, TPEH]I, CE30HHICTb.
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