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ABSTRACT

Currently, there are Data Mining techniques aimed at increasing the accuracy of the information and the 
agility in the analysis. These are applied in the productive sector to characterize behaviors, based on the 
discovery of knowledge and, in this way, base decision-making in real and dynamic situations. Artificial 
intelligence (AI) drives research methods and data mining techniques for knowledge acquisition. For its use, 
the life cycle of data mining projects is followed, which involves stages of extraction, cleaning, preparation 
and transformation, modeling, and data evaluation. However, it is important to consider a feasibility study 
for data mining projects, with the objective of positively impacting organizations, by minimizing costly 
errors and guaranteeing an efficient distribution of resources, as well as the decision on the continuity of 
a project. This article presents a Machine Learning method to carry out feasibility in data mining projects, 
seeking to impact organizations by minimizing costly errors and guaranteeing an efficient distribution of 
resources.
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RESUMEN

En la actualidad, existen técnicas de Minería de Datos destinadas a incrementar la exactitud de la información 
y la agilidad en el análisis. Estas se aplican en el sector productivo para caracterizar comportamientos, 
apoyándose en el descubrimiento de conocimiento y, de esta manera, fundamentar la toma de decisiones en 
situaciones reales y dinámicas. La inteligencia artificial (IA) impulsa métodos de investigación y técnicas de 
minería de datos para la adquisición de conocimiento. Para su uso, se sigue el ciclo de vida de los proyectos de 
minería de datos, el cual involucra etapas de extracción, limpieza, preparación y transformación, modelado 
y evaluación de datos. Sin embargo, es importante considerar un estudio de factibilidad para los proyectos de 
minería de datos, con el objetivo de impactar positivamente en las organizaciones, mediante la minimización 
de errores costosos y la garantía de una distribución eficiente de recursos, así como de la decisión sobre 
la continuidad de un proyecto. Este articulo presenta un método de Aprendizaje Automático para realizar 
factibilidad en proyectos de minería de datos, buscando impactar en las organizaciones minimizando los 
errores costosos y garantizando una distribución eficiente de los recursos. 

Palabras clave: Minería de Datos; Aprendizaje Automático; Factibilidad en Proyectos; Descubrimiento de 
Conocimiento.
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INTRODUCTION
The purpose of data mining is to extract hidden patterns from large volumes of data and derive relevant 

conclusions that support organizational decision-making. In turn, artificial intelligence drives research methods 
and data mining techniques to acquire knowledge.(1)

Currently, data mining techniques are designed to improve the accuracy of information and the agility of 
analysis.(2) These are applied in the productive sector for behavior analysis, supported by knowledge discovery, 
to inform decision-making in real, dynamic situations. They enable organizations to obtain valuable insights 
from large amounts of data across various sources, improving operational and competitive effectiveness. Among 
the most common techniques are classification, regression, clustering, and associative rule extraction,(3) which 
enable organizations to anticipate trends, detect errors, make informed decisions, and improve profitability. In 
addition, they make it easier to identify hidden data, draw valuable conclusions, and guide strategic decisions 
in the business and scientific contexts.(4) Data mining also integrates statistics, artificial intelligence, and 
databases, and obtains information from various sources. Its application is broad, spanning sectors such as 
education, industry, finance, technology, markets, and health, and contributing to behavior prediction, resource 
optimization, and risk prevention.(5) To implement these techniques, the life cycle for data mining projects is 
followed, which includes extraction, cleaning, preparation and transformation, modeling, and data evaluation. 
The data preparation and cleaning phases, as well as the selection of methods and techniques, are essential for 
responding to specific query requirements from extensive data collections.(6) However, it is necessary to conduct 
a feasibility study for this type of project, as it enables decisions on its continuation, thereby minimizing costly 
errors and ensuring efficient resource allocation.(7) It should be noted that methodologies for data mining 
projects do not always adequately manage implementation elements, as technological, organizational, and 
data aspects need to be specified more effectively.(8) Data mining helps extract hidden patterns from large 
datasets, but it poses challenges for project management and administration. A data mining project cannot be 
successful without structure and purpose, which involves conducting a technical, economic, and operational 
feasibility study. It is essential to analyze financial, technical, operational, legal, and programming elements 
to propose a method that supports decision analysts in estimating and assessing the feasibility of data mining 
projects, as well as in identifying potential risks or challenges.(9,10)

In companies, technological tools play an essential role in meeting project objectives, which require technical 
resources such as information systems that are crucial for executing activities, as well as modeling and analyzing 
data in an agile manner. Physical resources are also necessary, including equipment with processing capacity 
and servers capable of supporting large amounts of information. For organizations to conduct feasibility studies 
on mining and data centers, it is necessary to determine the business process, identify weaknesses and reliable 
sources, innovate and adopt new practices, establish a strategic team, incorporate modularity, and define 
decision-making criteria. Operational feasibility determines whether a project can be sustained over time and 
be successful in the organization. To do this, it is necessary to involve a team trained to operate and analyze 
data using the various technological tools implemented.(10)

Likewise, any data mining project requires a financial investment, which is why the initial and operating 
costs, expected economic benefits, and process optimization must be validated, as the project is not feasible 
if the expenses exceed the return on investment. This implies having complete, sufficient, and precise 
information, which, in turn, requires a cleansing process to minimize, or preferably eliminate, unnecessary 
data.  It is recommended to improve processes and use specific techniques when establishing the particular 
requirements of the data mining project, taking into account the size of the data, the scope and complexity of 
the project, as well as the available resources, to facilitate the design, execution, and monitoring of workflows.
(11)  Data mining brings significant benefits to organizations through process improvement; however, it also poses 
challenges related to data quality, system scalability, and ethical issues. Existing methodologies for data mining 
projects are often applied without significant changes or extensions, including the addition of new phases or 
stages, to address technological and organizational needs. Therefore, it is suggested that they be optimized by 
incorporating the necessary elements and resources at the technological, operational, managerial, and data 
levels.(11)

METHOD
Step 1—Review of characteristics and stages of methodologies for data mining projects

The characteristics of three of the most widely used methodologies for developing data mining projects 
were reviewed. This was done to understand the dynamics of each in its different phases or stages. 

SEMMA Methodology 
It is one of the most widely used methodologies in data mining projects. It is structured around five stages: 

sampling, which involves selecting a sample from a specific source. The second stage, known as exploration, 
allows us to understand the structure of the data obtained previously. Subsequently, in stage three, the data is 
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prepared and transformed. Once the data has been prepared, it moves to the modeling stage, where algorithms 
are selected and applied to generate predictive or descriptive models. The stage of evaluating the functionality 
and usefulness of data mining models.(12,13) This methodology is also applied in a variety of contexts.(14,15)

CRISP-DM Methodology
The CRISP-DM methodology arose from the need to establish a standard process model.(16,17) It consists 

of six stages. In stage one, understanding the business, the organization’s purposes, and the scope of the 
process indicators are established. In stage two, data is obtained from different sources. In stage three, data 
preparation, data cleaning, and transformation are performed. In stage four, mining techniques are applied to 
generate models that explore the articulation between data. In stage five, the models obtained are evaluated 
based on their performance. The last stage is called deployment; the models generated are used to benefit the 
organization by incorporating them into its dynamics.

Catalyst Methodology 
It was validated by the scientific and industrial communities for the development of data mining projects, 

having been created around 2000, at the same time as CRISP-DM.(18,19) Six stages support it: understanding the 
business, during which the project’s scope is specified. Stage two is understanding the data, during which the 
data sources are identified.  In stage three, the data is prepared, and activities are carried out to ensure its 
quality. In phase four, modeling is carried out using appropriate tools and techniques to achieve the data mining 
objectives. Stage five corresponds to the evaluation of the models obtained. Stage six is called implementation, 
in which reports are generated.(18,19,20)

Step 2- Analysis of characteristics and activities of the methodologies 
The three methodologies reviewed are widely used to develop data mining projects, each with specific 

phases that guide best practices for generating predictive or descriptive models that respond to organizational 
needs. However, these methodologies do not include activities related to feasibility or viability analyses of data 
mining projects. They do not indicate activities that encourage learning about and establishing the technical 
resources necessary to carry out the project, nor do they address aspects related to the project’s economic 
and operational feasibility. 

Table 1. Comparison of activities carried out with the reviewed methodologies

Methodology

Activities

Understanding 
the organization 
and the process

Knowledge and 
preparation of 

data
Modeling Evaluation and 

Deployment

Technical, economic, 
and operational 

feasibility

SEMMA Not applicable Performed Performed Performed Not performed

CRISP-DM Performed Performed Performed Performed Not performed

CATALYST It is performed Performed Performed Performed Not performed

The methodologies are clear and detailed in specifying the scope of the projects, based on the selection 
and description of the organizational processes involved in the data mining analysis. In addition, the study’s 
purposes and the process indicators defining the project’s scope are established. 

Step 3- Specification of the phases for the proposed method

Figure 1. Phases of the method for data mining project feasibility
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The method must be able to be articulated with the phases of any of the methodologies used for data mining 
projects, such as CRISP-DM, SEMMA, Catalyst, KDD, and Kimball, among others. The method is structured into 
three phases. The first is called project specification, the second phase is results analysis, and the third is 
visualization.

Step 4- Specification of method components 
In the case of the CRISP-DM and SEMMA methodologies, each method is linked to the phases of business 

identification or business knowledge. If the methodology does not have a phase or component in which the 
business is contextualized, the proposed method is integrated as a new stage or phase of the methodology, 
being phase one or the initial phase of the method, as shown in figure 2.

Figure 2. Machine learning method - Feasibility in data mining projects

Phase 1 – Project specification and scope
In this stage, the process to be intervened with Data Mining is identified and described in detail, knowing the 

activities that comprise it and the data flow.  In addition, activities are carried out to determine the technical, 
economic, and operational feasibility of the project. 

Technical feasibility
The amount of data and the data sources (types) are specified, as are the algorithms to be used to generate 

mining models, as well as the necessary hardware and software infrastructure. Data cleaning is performed.  
Likewise, the type of algorithm and its complexity are identified based on the characteristics of the data mining 
project. 

To facilitate the dynamics of this phase, machine learning is used to leverage data from previously completed 
projects. This information is stored in a knowledge base.

Machine learning: the model collects data from completed data mining projects. With this information, 
feasibility results can be predicted using trained machine learning techniques. The model will indicate the 
probability that the project is technically feasible.

Economic Feasibility
The total cost of the project is determined by accounting for hardware, software, personnel, return on 

investment, and initial budget resources.
Machine learning: the model predicts the project’s return on investment and final cost. To do this, a regression 

model such as Linear Regression can be used, or a decision tree-based model such as a Housing Price Prediction 
model, when the problem is that a real estate company wants to predict home sale prices based on structural 
and location characteristics. In addition, the inference provides a projection of the return on investment and 
indicates whether the project is economically viable with a certain level of probability.
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Operational Feasibility
The work team is established, and the required human resources and the time needed for project 

implementation, start-up, and monitoring are determined. 
Machine learning: the model predicts the time required for implementation, start-up, and monitoring 

of the project, as well as the number of human resources needed, based on its specific characteristics. As 
in the technical model, a classification or regression model can be used, depending on the dependent and 
independent variables defined for training. As a result, the model indicates the project’s operational feasibility 
with a certain level of probability.

Phase II - Analysis of Results for Decision Making 
In accordance with the previously established requirements for the data mining project, the predictions 

obtained in each feasibility activity are interpreted and used for decision-making.

Activities
Data Collection: data is extracted from various sources, specifically from models generated by the machine 

learning component in the three feasibility phases. The data is in comma-separated values (CSV) format and 
serves as the input for review and analysis. Visualization tools facilitate the interpretation of results.

Phase III – Visualization 
A graphical view of the data generated by the machine learning component is obtained, and information 

related to the project’s scope is loaded, enabling more accurate decisions about the organizational process’s 
needs. 

RESULTS
Phase I – Project Specification and Scope

Specification of the sales management process: the process corresponds to sales management and concerns 
the strategies and best practices the organization applies to manage its customers.     

Purpose of the analysis: the organization’s sales have been affected by customer churn. The organization 
planned a data analysis to determine which customers are at risk of churning. This will allow the organization 
to establish a set of retention strategies. 

A predictive data analysis model was implemented to determine, based on specific demographic 
characteristics, which customers are highly likely to churn. 

Indicators for data analysis 
Indicators were established for customer behavior regarding sales, with respect to satisfaction levels, tastes, 

inclinations, and product preferences. 

Technical Feasibility

Figure 3. Data Warehouse – customer sales events
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Data source: data was identified in CSV format, with approximately 2000 records, structured to include sales 
characteristics, including customer data, products, prices, product types, categories, branches, employees, and 
invoiced values. The data was taken from transactional databases of sales, PQRS, and customer management.

Data Storage: the data was consolidated into a data warehouse comprising dimension tables and a fact 
table. Dimensions (product, branch, employee, customers, and preferences), and a fact table that records the 
movement of historical events generated from customer sales transactions.

Knowledge Base Technical Feasibility 
Identification of the technical project, project execution date, project end date, project purpose, data 

source, proposed machine learning model, estimated cost of technical feasibility, estimated time, technical 
feasibility result indicators.

Figure 4. Knowledge Base – Technical Feasibility

Machine learning:  a model was generated using Python (Pandas libraries), training a Neural Network 
classification algorithm.  The source used for training is the technical feasibility knowledge base. The inference 
presented an 82 % probability of technical feasibility.

Economic Feasibility
The project duration of three months is taken into account, as is the cost of the software and hardware 

required for implementing machine learning models and supporting the knowledge bases and applications. 
Software cost: open source licenses for MySQL, Power BI, and Python. 
Human Resource Cost: Data Scientist, Data Analyst. Thirty-six million pesos (36 000 000).
Hardware cost: cloud licenses and a dedicated server for the database and applications. Forty million pesos 

(40 000 000).
Total project cost: seventy-six million pesos (76 000 000).

Economic knowledge base
This section contains historical records for other projects, including calculations of personnel, hardware, 

and software costs, total project costs, and return on investment percentages. All of this takes into account 
the project’s duration and the organization’s available budget.

Figure 5. Knowledge Base – Economic Feasibility

Machine learning for economic estimation: a model was generated using Python (Pandas libraries), training 

 Salud, Ciencia y Tecnología. 2026; 6:2446  6 

ISSN: 2796-9711

https://doi.org/10.56294/saludcyt20262446


a Decision Tree algorithm. The source used for training is the financial feasibility knowledge base. The model’s 
conclusion indicates that the project is economically viable, as it has a high return on investment and the total 
cost is within the organizational budget.   

Operational Feasibility
Operational knowledge base: this repository contains historical events related to the operational feasibility 

determined for other projects, based on the duration, the total human resources involved in the project, and 
the role and scope that each of them has to contribute to development, deployment, and administration.

Figure 6. Knowledge Base – Operational Feasibility

Machine learning for operational estimation: a classification algorithm was used to generate a model that 
determined the project is operationally viable, taking into account resource requirements, estimated time, 
and effort. It has a 79 % probability, based on other established and executed projects. The model was trained 
with events from the operational knowledge base.

Phase II – Analysis of Results for Decision Making
Project feasibility: the project is feasible, and its development and deployment are approved. The budget 

and required personnel are available, and it is within the estimated time frame.

Phase III – Visualization 

Figure 7. Technical and Operational Feasibility Behavior

Figure 8. Economic Feasibility Performance
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DISCUSSION
The implementation of the method during the methodological phases of data mining contributes to reducing 

cost overruns, improving project quality, and efficiently distributing the human resources required for the 
various activities. Additionally, it allows confirmation of the project’s profitability after implementation and 
monitoring, thereby justifying the investment and ensuring fulfillment of the strategic objectives established 
during the planning phase.

CONCLUSIONS 
Incorporating this method into the phases of data mining methodologies enables controlling cost overruns, 

improving project quality, and optimizing the distribution of human resources across different activities. It also 
allows confirming the project’s profitability once it has been implemented and monitored, thereby justifying 
the investment and ensuring achievement of the strategic objectives established during planning. 

The feasibility of a data mining project requires rigorous and balanced analysis. Adopting a comprehensive 
approach that addresses technical, economic, and operational dimensions increases the likelihood of success 
for organizations. 

This proposal seeks to build confidence among those responsible for such initiatives, ensuring that they 
are not only technologically functional but also profitable, ethical, and genuinely transformative for the 
organization.
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