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ABSTRACT

Artificial intelligence is currently one of the latest revolutions being incorporated at the
business level. For this reason, and with the aim of analyzing how it applies to business
processes in small and medium enterprises, the results of a descriptive analysis are
presented, supported by a documentary review, which includes the most significant
aspects of the subject. The results show that data mining is a very valuable tool for the
competitiveness of companies and the research consulted suggests its insertion for the
promotion of more remarkable results in companies.
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1. INTRODUCTION

Since the appearance of new and better methods for data processing, which have been in
constant evolution from the most important computational developments of the second
half of the 20th century, management decision-making has benefited from the use of these
techniques [1, 2]. Thus, in an economic and commercial environment as dynamic as the
current one, information is the key to taking clear competitive advantages and achieving
a better positioning in the marketplace [3].

In this order of ideas, data mining becomes a useful tool that can be exploited by
organizations with the appropriate information architecture and training [4], for this
reason, the purpose of this document is to make an analysis based on the concepts and
theories on the most important elements of data mining and its relationship with business
and business processes, presenting a brief description of the problem and the need to
address this area of knowledge in higher education scenarios.

Organizations and their leaders face a variety of situations that warrant a critical and
reflective decision-making process [5], in tune with the environment in which they
operate and with greater emphasis on the facts, most of which are represented by data and
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information. Therefore, knowing, implementing, and mastering Decision Support System
(DSS) analysis techniques, including data mining, could bring important benefits and
advantages that substantially contribute to competitiveness and productivity, making
operations more efficient, effective, and efficient in a comprehensive manner.

In some cases, especially in small businesses and with short life spans, decisions are
based on intuition, judgement, experience, and other qualitative elements based on data,
structured or unstructured [6] that create even greater problems for the organization, given
that the decision-making process must be supported not only by these elements, but also
by information from the processing of real data from the dynamics of the environment
[7].

However, the implementation of data mining techniques to support business
decisions implies the development of an adequate structure of information systems, where
the commitment of management in terms of investment, training and adoption is key [8],
this is because the use of these techniques must be mastered and understood by the
organization to fully exploit their advantages and benefits, which generates greater
pressure on future management professionals to master these issues.

2. METHODOLOGY

Based on the qualitative paradigm, it was decided to use the documentary research
method to collect and systematize theories and approaches of authors. This method is
based on literature to explore theoretical contributions on a specific topic and thus
determine its most relevant characteristics [8]. To this end, some criteria were established
to carry out the documentary review, such as scientific articles published in the main
current journal in English or Spanish and with at least 5 to 8 years of validity for current
affairs, without this implying the exclusion of classical theoretical references.

The flexibility of this type of method allows the researcher to reflect on the relevance
and theoretical relevance of the topic addressed, given that he or she will be able to
compare, analyze and compile the different perspectives of the authors, thus nurturing the
process of critical analysis and the contributions that it can provide [9].

3. DATA MINING: EVOLUTION AND CONCEPT

At the end of the 1970s and beginning of the 1980s, the marketing area of organizations
began to worry about market information, where the staff specialized in statistics
understood that the applications and potentialities in the business world were beginning
to be very well received [10]. Conceptually, data mining can be defined as a process in
which a set of techniques are used to detect patterns, process, and extract useful
information from large volumes of data, whether structured or unstructured, that cannot
be easily found by traditional methods of analysis [11, 12].

Likewise, some authors such as Ezhilarasan and Prasad [13] indicate that data mining
is part of a broader process called knowledge discovery in Database por (KDDD), which
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places a high value on the technique, given that, in the end, it is not only information, but
also knowledge. On the other hand, according to the branch to which it belongs, some
authors refer to data mining as a branch of computer science whose objective is to
discover patterns in a high volume of data [14]; in addition, data mining opens the way
to new processes related to the area of data analysis, such as business intelligence
(Business Intelligence or Bl for its, artificial intelligence (Al) [15].

3.1 Data Mining Methodologies

There are several methodologies in the literature for performing data mining processes,
however, there are two major methods for achieving this purpose. On the one hand, the
SAS Institute proposes the SEMMAS (Sample, explore, model, modify and assess) [16]
methodology, while on the other hand, the CRISP-DM (Cross-Industry Standard
Processor Data Mining) methodology has been widely used and is organized in six
fundamental stages similar to the one formulated by SAS, namely: understanding the
problem, understanding the data, data preparation, modelling, evaluation and exploitation
[17].

3.1.1 SEMMAS Methodology

Created by the information analysis company SAS in coordination with the data mining
software developed by the company, it allows an organized exploration of the data to
understand and exploit the patterns identified in large volumes of data (Dutta and Bose,
2015). This methodology is shorter and simpler and covers the following stages:

e Phase 1. Sample: The purpose of this first phase is to work with a reduced set of data
that comply with the representativeness of the population. With this, it is possible to
reduce the time and cost of processing the data with which it will be worked and thus
make the process more efficient, however, care must be taken that the sample is
statistically representative of the data universe.

e Phase 2. Exploration: Once the set of data with which the analysis will be carried out
has been determined, it is necessary to evaluate them to detect anomalous data, errors,
inconsistencies, and other factors that may alter the subsequent results. To this end,
various statistical techniques can be used to corroborate the integrity of the data, as
well as visualization techniques to support data analysis and behavior.

e Phase 3. Modification of the data: Once the structure and purification of the data has
been defined, the necessary transformations of the variables will be carried out at this
stage, according to the models and techniques that will be used later. In other words,
depending on the model used, the data and variables must have a specific structure
which must be constructed and adapted.

e Phase 4. Modeling: It is in this phase that data mining techniques are most relevant,
as predictive models are built. This is a process that involves all the data in the
modified set to achieve the expected results, hence the importance of phases 2 and 3
of the methodology.

2092 http://www.webology.org



Webology (ISSN: 1735-188X)
Volume 19, Number 3, 2022

Phase 5. Evaluation: The models produce results that must be validated according to
the requirements of the project and the success criteria, i.e., if the outputs of the model
respond to the problems raised in the initial phase. This validation is performed on
the sample being worked on, which, if successful, can be implemented for the total
data population. Figure 1 shows in summary the sequence of the phases of the
SEMMAS methodology.

Phase 1. Sample

2
2
2

Phase 2. Exploration
Phase 3. Modification of the data
Phase 4. Model

Phase 5. Assessment

Figure 1. Phases of the methodology SEMMAS

3.1.2 CRISP-DM Methodology

This methodology was created by SPSS, NCR and Daimer Chrysler in early 2000 and,
according to statistics, is the most widely used reference for the development of data
mining projects (Shafique and Qaiser, 2014). A brief description of each of the phases of
the methodology will follow:
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Phase 1. Understand the business or problem: It corresponds to one of the key phases
of the whole process, as it outlines and defines the objectives and requirements of the
project and stakeholders, and then converts them into technical objectives, with a
logical sequence of activities for the project plan. It is at this stage that the problem
should be studied as rigorously as possible, observing the possible results,
involvement, limitations, resources, among other aspects, so that the data needed to
solve it can be collected efficiently. Without a correct definition and delimitation of
the problem, the collection, processing, and analysis of data will most likely fail or
fail to meet customer expectations.

Phase 2. Understanding the data: Once the problem has been well defined, it is
necessary to start with the data collection phase, based on the following questions:
What data are required to solve the problem? is the data structured in an organized
database? what are the different sources of the data? In this way it is then possible to
become familiar with the structure and quality of the data, identifying limitations and
future constraints and other elements that may pose a risk to the analysis process.

Phase 3. Preparing the data: This phase is key to adapting the data based on the
techniques to be used in data mining. The fundamental support of this stage is, in the
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first place, the objectives set in the initial phase, as they will guide the techniques
that best fit the analysis process. In addition, validation and cleaning processes should
be carried out to ensure that the data structure is as reliable as possible.

Phase 4. Modeling: Depending on the objectives, the relevant modeling techniques
are proposed according to the following criteria: agreement with the problem (phase
1), adequate data for analysis (phase 2), knowledge of the modeling technique in
terms of results and interpretation.

Phase 5. Evaluation: Once the model has been implemented, its performance is
evaluated according to the objectives. In this sense, the criteria for success are given
by the answers obtained, that is, whether the model answered the initial questions
and met the objectives set out. In addition, it is important to evaluate the reliability
of the model and its goodness of fit to ensure that the outputs are reliable and can be
used as a basis for decision making.

Phase 6. Implement: With the analysis model evaluated, it is then implemented in the
organization, where the documentation of the process to create the model is
fundamental to make future adjustments. The implementation involves technical sub
processes and training for personnel using this type of solution, so that it can be used
and manipulated. Sequentially, the phases of the CRISP-DM methodology can be
seen in Figure 2.

Phase 1. Understand the
business or problem

Phase 2. Understanding
the data

Phase 3. Preparing the
data

Phase 4. Modeling

Phase 5. Assessment

Phase 6. Implement

Figure 2. Phases of the methodology CRISP — DM

3.1.3 Data mining techniques
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Regardless of the data mining methodology used, the techniques provide a set of analysis
tools for each case or problem being addressed. The review of the literature indicates that
there are numerous techniques that can be used in this regard, however, they are basically
defined in three main groups: predictive, descriptive, and auxiliary techniques [18].

Predictive and descriptive techniques are widely developed in the statistical
literature, and are basically composed of regression analysis, time series, discriminant
analysis, neural networks, among others, while descriptive techniques form the group of
techniques that allow the most important characteristics and features of the data set to be
highlighted [19]. On the other hand, the auxiliary techniques correspond to methods of
verification and extraction of information, such as analytical processes of transactions
(OLAP), queries and reports, among others. To illustrate this classification, a brief outline
of the most common techniques based on the literature review is presented below.

Methodology

|
DATA

Procedures EXPLORATION
AND DISCOVERY

1
CHEKING

[
. " _ Consultation and

Figure 3. Classification of data mining techniques

In general, there are many data mining techniques, however, what is important is their
usefulness and the degree of coherence between them and the objectives of the analysis
[20]; it is important to clearly define the problem being studied and based on this
information, to define the most suitable technique.

4 CHALLENGES OF DATA MINING IN COLOMBIAN SMES

The continuous changes in the economic environment mean that SMEs are increasingly
adopting innovative measures to overcome the difficulties they face, including data
mining [21]. There is now a growing interest in using and employing these techniques,
supported without a doubt by the data that is continuously generated in day-to-day
operations [22]. However, to take advantage of these analytical processes, it is not enough
to have a large volume of information, given that if it is not related or processed, it will
hardly open the way to new knowledge for decision making, and therefore would
represent a waste of opportunities for business growth [23].
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The areas in which data mining can make a significant contribution are particularly
those in which large amounts of data are generated. In trade and banking, predictive
analysis of customer preferences and needs can facilitate the design of new products or
improve existing ones [24], and credit risk models also provide relevant information on
the consumer profile to predict, with some degree of confidence, whether it is or not
feasible to extend credit [25].

In more specialized sectors such as medicine, biochemistry, industry and
pharmaceuticals, the applications are numerous, since based on the data generated it is
possible to create better and innovative procedures for continuous improvement and
innovation. Ultimately, there are many areas where useful information can be extracted
to enhance the quality of life, processes, and decision-making [26]. In this way, in the
Colombian sphere, great opportunities deriving from this type of orientation can be
appreciated, however, the use of these guidelines will depend to a large extent on the
decision to accept these mechanisms, since if no decisions are taken in this regard and
plans are made in the short and medium term, it will be difficult for SMEs to meet the
demands of the issues reviewed.

5 CONCLUSION

Undoubtedly, data mining techniques represent an opportunity for the growth and
development of SMEs, not only in economic terms, but also in terms of the knowledge
management generated in the processes, helping leaders to better understand their
organization and make better decisions [20]. However, the implementation and adoption
of these techniques requires commitment, training, and investment in the structure of
information systems to ensure efficient, quality and reliability of data.

One of the challenges for the SME that wants to implement these solutions is to
integrate the different sources of data generation, to have clarity in the organizational
objectives that allow to formulate the correct questions and to have the qualified personnel
to plan, design, implement and evaluate the analytical models; therefore, in this last
aspect, the responsibility of the training in this area falls fundamentally on the educational
institutions, who are called to create spaces to face the new demands of the market.
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