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Abstract: - Nowadays, implementing data analytics is necessary to improve the collection, evaluation, analysis, 
and organization of data that allow the discovery of patterns, correlations, and trends that improve knowledge 
management, development of strategies, and decision-making in the organization. Therefore, this study aims to 
provide an accurate and detailed assessment of the current state of data analytics in the retail sector, identifying 
specific areas of improvement to strengthen knowledge management in organizations. The research is applied 
with a quantitative approach and non-experimental design at a descriptive and propositional level. The survey 
technique was used, and as a data collection instrument, a questionnaire addressed to 351 employees of 
companies in the retail sector concerning the variable data analysis with the dimensions of data extraction, 
predictive analysis, and machine learning and the variable management of the knowledge with the dimensions 
knowledge creation and knowledge storage. The results show that 52.99% of collaborators indicate that the 
level of data extraction is terrible, 57.83% indicate that the level of predictive analysis is wrong, and 54.99% 
express that the level of machine learning is average, which contributes to the implementation of innovative 
resources and solutions that promote the inclusion of a high-tech approach to address information management 
problems and contribution to the development of knowledge in an institution. 
 
Key-Words: - Data analytics; knowledge management; Data extraction; predictive analytics; machine learning; 

knowledge creation; storage of knowledge. 
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1  Introduction 
Nowadays, data analytics is becoming a 
fundamental practice in extracting information as it 
allows the use of relevant and quality data to 
improve the decision-making process in 
organizations, [1]. Also, technology is a critical 
element in data analytics as it allows the creation of 
platforms that provide modern data analysis 
functions and patterns; however, they can generate a 
counterproductive effect if the platform provides 
inadequate or difficult-to-understand information 
[2], [3]. Similarly, the benefits of data analytics are 
revenue growth, cost savings, increased market 
share, customer satisfaction and corporate market 
value gains, and the discovery of hidden patterns, 
unknown correlations, trends, and customer 
preferences, [4]. Finally, data analytics promotes 
quality improvement, process optimization, and 
early detection of parameter deviation, which 
provides an economic advantage over other 
organizations in terms of productivity and efficiency 
gains, [5].  

In the business sector, the enhancement of data 
analytics is not just a choice, but a necessity. It 
empowers organizations to bolster their knowledge 
management, producing quality reports that 
significantly enhance decision-making capabilities. 
As [6] suggests, knowledge management is a 
process of creating, organizing, evaluating, 
transmitting, and applying knowledge to solve 
practical problems. Similarly, [7], outlines that 
knowledge management involves planning, 
conducting, monitoring, and evaluating actions and 
decisions related to the acquisition, transmission, 
preservation, retrieval, creation, application, and 
dissemination of data, information, and knowledge. 
[8], further argues that knowledge management is 
essential in organizations to foster the creation of 
new knowledge, share information with all staff, 
and improve employee performance. The benefits of 
knowledge management are profound, strengthening 
the organization's flexibility by promoting the free 
dissemination of information, increasing 
institutional value, and improving competitiveness, 
[9]. 
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Despite the undeniable benefits of data analytics, 
significant challenges remain in the practice 
globally. In China, problems such as low accuracy 
in analysis, incomplete information extraction, and 
poor implementation of traditional analytics 
methods have been identified, restricting the 
effectiveness of data analytics in formulating 
competitive strategies in organizations, [10]. 
Similarly, in Malaysia, there is evidence of 
inadequate student preparation in data analytics, 
highlighting the need to enhance specialized skills 
in data visualization, data storytelling, and the 
handling of data analytics tools, [11]. In addition, 
India recognizes the urgent need for some 
companies to implement technologies in data 
analytics to manage, analyze, store, and process 
massive volumes of data in shorter times, [12]. 
Finally, in Colombia, it is reported that many 
companies need help in decision-making and 
strategy formulation due to the limited capacity to 
process the overwhelming amount of data generated 
by the market, highlighting the imperative need to 
adopt new technologies, [13]. 

 
1.1  Knowledge Gap, Objectives, and Scope 

of the Research 
Previous studies have found that implementing data 
analytics is essential to optimize data collection, 
evaluation, and organization processes, thus 
facilitating the identification of patterns, 
correlations, and trends crucial for effective 
knowledge management. In this regard, some case 
studies have shown that companies that effectively 
incorporate data analytics experience significant 
improvements in strategic decision-making and 
operational efficiency. 

However, the literature needs more solid, correct, 
and up-to-date evidence on the specific perception 
and application of data analytics in the retail sector 
and its direct relationship with knowledge 
management. This paper aims to fill this gap by 
analyzing in detail the level of implementation of 
data analytics in retail companies, focusing on 
critical dimensions such as data mining, predictive 
analytics, and machine learning and their impact on 
knowledge management. 

Contextually, this paper shows that more than 
half of the surveyed employees express 
dissatisfaction with the level of data mining, 
predictive analytics, and machine learning in their 
organizations. Therefore, there is a clear need to 
implement innovative resources and solutions that 
integrate a high-tech approach to effectively address 
information management challenges and contribute 

to developing knowledge in the business 
environment. 

Therefore, this study aims to provide an accurate 
and detailed assessment of the current state of data 
analytics in the retail sector, identifying specific 
areas of improvement to strengthen knowledge 
management in organizations. This research 
contributes to the field by providing a deeper 
understanding of the retail sector's challenges and 
opportunities in implementing data analytics, 
highlighting the importance of innovative strategies 
for data-driven decision-making and organizational 
knowledge growth. 
 

 

2  Literature Review 
The comprehensive literature review explores the 
fundamental dimensions of data analytics and 
knowledge management. In this context, we focus 
on the importance of data mining, predictive 
analytics, and machine learning in data analytics.  

First, the data mining dimension of the data 
analytics variable is conceptualized as a process 
responsible for extracting and compiling 
information from semi-structured and unstructured 
sources to streamline data analysis and reporting 
processes, [14]. Likewise, it is known that to 
improve data extraction, it is essential to work with 
specialized programs that include the construction 
of the sensor hardware, the development of the 
perception algorithm, and the scenario data, [15]. In 
that sense, a study conducted in Australia developed 
a data mining algorithm that allowed them to 
improve data processing through flexible, efficient, 
and accessible data mining, [16].  

Secondly, [17], indicate that predictive analytics 
is an advanced study method responsible for deeply 
examining data, reports, and content to predict some 
market sector's risks, opportunities, or behaviors. 
Likewise, [18], mentions that nowadays, predictive 
analytics uses statistical modeling techniques and 
new technologies, such as big data and machine 
learning, in the elaboration of predictions to achieve 
continuous performance improvement and 
information flow management. Similarly, research 
on oil handling operations in Russia showed that 
predictive analytics helps detect environmental risks 
and operating personnel's physical condition, [19]. 

Machine learning, [20], points out that it is a 
branch of artificial intelligence that endows 
computers with the ability to learn and act according 
to the needs and information about the situation. In 
addition, [21], [22], states that machine learning 
works based on computer programs that allow the 
performance of non-explicitly programmed actions 
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based on the information available and the patterns 
found in the data. A study in China, which included 
machine learning for forest fire forecasting, showed 
that it is helpful for disaster prediction, considering 
each region's particular characteristics, [23].  

On the other hand, the knowledge creation 
dimension of the knowledge management variable is 
defined as a collective process involving actors 
participating in exchanging and integrating different 
knowledge to realize innovative ideas, [24], [25]. 
Similarly, knowledge creation is essential for 
organizations to achieve continuous improvement 
and become more competitive in the market, as the 
new strategies and innovations generated allow 
them to satisfy customers in the face of market 
changes, [26], [27]. In that framework, research in 
Finland stated that knowledge creation requires the 
analysis of past and present data to develop new 
knowledge that better understands customer needs, 
[28]. 

According to [29], knowledge storage involves 
organizing and distributing knowledge in various 
databases, intranets, extranets, and information 
systems that enable organizations to have a 
knowledge map. Likewise, [30], argues that 
knowledge storage is fundamental for the 
consolidation of an organization's knowledge, as it 
allows new theories, patterns, ideas, and information 
to be stored, creating a collaborative network that 
enables the institution's workers to interact with the 
information in order to increase the level of 
productivity. In this sense, a study conducted in 
Thailand showed that organizations need to carry 
out knowledge storage to have the necessary 
information available to innovate, lead, and direct 
strategies, [31]. 
 

 

3  Methodology 
 

3.1  Design 
The planning of this research, which is applied and 
non-experimental, focused on a correlational-causal 
approach. This enabled a detailed exploration of the 
interrelationships between the various dimensions of 
data analytics and the critical aspects linked to 
knowledge management, [32]. This 
methodology was chosen due to its ability to 
identify patterns and connections inherent in the 
data without disturbing the participants' natural 
environment, thus preserving the authenticity of the 
work context in the construction industry. 
 
 

3.2  Inclusion and Exclusion Criteria 
The study's intentional sample comprised 351 
collaborators, distributed between 189 men and 162 
women. Thereby, to obtain this result, specific 
inclusion criteria were applied: (a) the age of the 
participants had to be between 25 and 50 years, (b) 
they had to give their consent to participate in the 
research, and (c) they were required to be permanent 
workers with at least ten months of work experience 
in the retail sector. The choice of this sector for 
research is due to its relevance and significant 
presence in the business environment, providing an 
ideal context to examine the implementation of data 
analytics in a dynamic and competitive business 
environment. Exclusion criteria, on the other hand, 
included (a) submission of incomplete 
questionnaires and (b) unwillingness to continue 
participating in the study, ensuring the quality and 
consistency of the data collected.  
 
3.3  Procedure 
The research was carried out from October to 
December 2023, during which the participants were 
recruited continuously using convenience sampling 
until they reached the desired sample size (351 
workers), considering there was no incomplete 
questionnaire. The data collection technique was the 
survey, applying a structured questionnaire using 
the Google Forms tool to measure opinion about the 
data analytical variable according to its dimensions: 
data extraction, predictive analysis, and machine 
learning with a total of 15 questions and ten 
questions to measure opinion regarding the 
knowledge management variable and the 
dimensions: knowledge creation and knowledge 
storage, using the Likert scale according to the 
values good, average and bad. The methodology of 
this study emphasizes a detailed understanding of 
the various dimensions of data analytics, integrating 
them as central axes in the analysis. Integrating 
these three dimensions in our methodological 
approach allows a comprehensive evaluation of how 
data analytics contributes to improving knowledge 
management in companies in the retail sector. By 
focusing our analysis on these dimensions, we seek 
to offer a comprehensive perspective on the benefits 
and challenges of properly implementing data 
analytics, highlighting its potential to improve 
efficiency and effectiveness in knowledge 
management.  
 
3.4  Analysis of Data 
This study organized the collected data into a 
tabulation matrix and processed it using SPSS v25 
and Excel statistical software. In this regard, the 
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dimensions of data analytics (data mining, 
predictive analytics, and machine learning) should 
be measured. Cronbach's Alpha reliability tests were 
conducted for the variables related to data analytics 
and knowledge management, resulting in a 
coefficient of 0.911. This value reflects a high 
reliability in the measurements, guaranteeing the 
internal consistency of the answers collected 
through the questionnaire. During the research 
process, descriptive statistics were applied to 
perform the frequency distribution of the 
dimensions related to data mining, predictive 
analytics, and machine learning, as well as the 
dimensions of knowledge creation and storage in 
organizations. This approach provided a clear 
understanding of the general trends in participants' 
perceptions and experiences regarding the 
implementation of data analytics. 
 
3.5  Ethical Considerations 
Ethical principles of research were followed, 
ensuring confidentiality and informed consent for all 
participants. Personal information and responses 
were handled confidentially and used exclusively 
for research purposes. 
 

 

4  Findings 
Figure 1 shows the results of the data mining 
dimension of the data analytics variable. Some 
52.99% of contributors indicate that the level of data 
mining could be better, suggesting a severe 
deficiency in the organizations' ability to obtain 
relevant information from their systems. This poor 
data mining performance can significantly limit the 
effectiveness of subsequent analysis and informed 
decision-making. Only 26.21% consider the level 
reasonable, indicating that less than a third of 
employees perceive that their organizations 
adequately handle this crucial stage of the analytical 
process. In addition, 20.80% of employees say the 
level is fair, reflecting a general perception that 
there is much room for improvement in this area. 
 

 
Fig. 1: Data extraction dimension level 
 

Figure 2 shows the results of the predictive 
analytics dimension of the data analytics variable, 
with 57.83% of employees indicating that the level 
of predictive analytics is poor. Thus, this indicates 
that most employees perceive their organization's 
need to leverage predictive tools to anticipate future 
trends and behaviors. The fact that only 18.52% 
consider the level to be good underlines a worrying 
lack of confidence in current predictive analytics 
capabilities. 23.65% of respondents believe the level 
is fair, suggesting that while some organizations are 
on the right track, they still face challenges in 
achieving an optimal level of predictive analytics. 
 

 
Fig. 2: Level of the predictive analytics dimension 
 

Figure 3 shows the results of the machine 
learning dimension of the data analytics variable. 
54.99% of respondents indicate that machine 
learning is fair, suggesting that, although 
organizations use this technology, its 
implementation and effectiveness are not 
consistently high. Furthermore, 23.93% of 
respondents consider the level poor, indicating that 
essential areas need significant improvement. Only 
21.08% say the level is good, highlighting the need 
to strengthen machine learning capabilities so that 
organizations can fully benefit from its advantages. 
 

 
Fig. 3: Machine learning dimension level 
 

Figure 4 shows the results of the knowledge 
creation dimension of the knowledge management 
variable. 41.88% of the contributors indicate that the 
level of knowledge creation is fair, suggesting that 
although organizations are generating knowledge, 
this process could be more effective. 31.05% of the 
employees consider the level poor, highlighting the 
need to improve strategies and methods for 
knowledge creation. On the other hand, 27.07% say 
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the level is good, indicating that some organizations 
are achieving good results, although there is still 
ample room for widespread improvement. 

 

 
Fig. 4: Level of the knowledge creation dimension 

 
Figure 5 shows the results of the knowledge 

storage dimension of the knowledge management 
variable, where a worrying 61.25% of employees 
indicate that the level of knowledge storage is poor. 
This result highlights a severe deficiency in the 
ability of organizations to store and organize 
knowledge effectively, which can lead to significant 
loss of valuable information and duplication of 
effort. Only 26.78% consider the level good, and 
11.97% consider it fair, suggesting that current 
knowledge storage practices are primarily 
inadequate, and that significant improvement is 
needed to optimize knowledge management. 

 

 
Fig. 5: Level of the knowledge storage dimension 
 

4.1  Normality Test 
Table 1 shows the results of the Kolmogorov-
Smirnov and Shapiro-Wilk normality tests, 
indicating that all dimensions (data mining, 
predictive analytics, machine learning, knowledge 
creation, and knowledge storage) have a non-
parametric distribution (p < 0.05 for all dimensions). 
Because of this, it is recommended to use non-
parametric correlations, such as Spearman's or 
Kendall's correlation, instead of Pearson's 
correlation, to analyze the relationships between 
these variables, as non-parametric tests do not 
assume normality in the data. 

 
 
 
 

Table 1. Normality test for Data Analysis and 
Knowledge Management dimensions 

 
4.2  Spearman Correlation 
As shown in Table 2, Spearman correlation results 
have been obtained that provide information on the 
relationships between the different dimensions 
analyzed in this study. A statistically significant 
positive correlation was found between the 
dimensions of data mining and knowledge creation 
(r=,889, p< .001). This indicates that as the levels of 
data extraction improve, workers report a better 
level of knowledge creation. Also, a very strong 
positive correlation was found between the 
predictive analytics and knowledge creation 
dimensions (r=,943, p< .001). This suggests that the 
better the predictive analytics, the better the 
knowledge creation. 

Similarly, it was evident that there is a moderate 
positive correlation between data mining and 
knowledge storage dimensions (r=,498, p< .001). 
This indicates that as data extraction improves, 
workers report better data storage. Finally, a strong 
positive correlation was found between predictive 
analytics and knowledge storage (r=,706, p< .001). 
This means that as levels of predictive analytics 
improve, workers report improved knowledge 
storage. 

 
Table 2. Relationship between the dimensions of the 

data analytics and work knowledge management 
variables 

 
 
 
 
 

Pruebas de normalidad 

 
Kolmogorov-Smirnova Shapiro-Wilk 

Stadistic gl Sig. Stadistic gl Sig. 

Data extraction ,275 351 ,000 ,800 351 ,000 

Predictive 

analysis 

,342 351 ,000 ,637 351 ,000 

Machine 

learning 

,466 351 ,000 ,541 351 ,000 

Knowledge 

creation 

,251 351 ,000 ,807 351 ,000 

Knowledge 

storage 

,316 351 ,000 ,748 351 ,000 

a. Corrección de significación de Lilliefors 
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5  Proposal 
Based on the survey results, the following data 
analytics model is proposed to improve knowledge 
management. This model allows evaluating the 
current state, applying the model, and obtaining 
suitable results. 
 Figure 6 presents a data analytics model 
designed to improve knowledge management in 
retail companies. It highlights the transition from the 
"Real State" to the "Ideal State" through a series of 
specific interventions. 
 

 
Fig. 6: Strategic proposal for improving data 
analytics 
 
 In the Real estate, retail companies face several 
significant challenges. Inadequate management and 
lack of exploitation of available information prevent 
organizations from fully utilizing their data. In 
addition, this data needs to be integrated more into 
developing competitive strategies, which limits their 
ability to stay ahead of the market. Finally, more 
relevant and valuable information must be provided 
to ensure the decision-making process, positively 
affecting organizational efficiency and 
effectiveness. 
 The Intervention proposed in the model includes 
three key components: data mining, predictive 
analytics, and machine learning. Data mining 
focuses on obtaining relevant information from 
various sources, ensuring the data is complete and 
valuable. Predictive analytics uses advanced 
techniques to forecast future trends and behaviors, 
allowing companies to anticipate market changes. 
Machine learning applies algorithms that allow 
machines to learn from data and improve their 
predictions and decisions over time. These 
components are designed to improve two critical 
dimensions of knowledge management: knowledge 
creation and knowledge storage. Knowledge 
creation involves generating new insights from 
analyzed data, while knowledge storage refers to 
storing and organizing this information efficiently 
for future use. 

 These interventions aim to reach an Ideal State 
where data analytics is a fundamental tool for 
budget management, profit growth, and industry 
participation. In this ideal state, companies can 
discover hidden patterns, unknown correlations, 
trends, and preferences, using these insights to 
develop better business strategies. In addition, 
information extraction and the management of 
relevant and quality data will be improved, 
facilitating informed and effective decision-making. 
 The contributions of this study are significant for 
both theory and practice in the field of knowledge 
management and data analytics in the retail sector. 
Theoretically, the proposed model provides a clear 
and structured framework that integrates data 
mining, predictive analytics, and machine learning, 
highlighting their impact on knowledge creation and 
storage. This provides a solid foundation for future 
research exploring or expanding these dimensions. 
At the practical level, the implications of this study 
are profound. Retail organizations can significantly 
improve their information management and 
decision-making by identifying deficiencies and 
proposing specific interventions. Implementing 
these practices can lead to better budget 
management, increased profits, and more significant 
market share, fostering an organizational culture 
based on accurate data and knowledge. In addition, 
by improving the ability to uncover hidden patterns 
and trends, companies can develop more effective 
and competitive strategies, strengthening their 
position in the industry. 
 
 
6  Discussion 
In Figure 1, 52.99% of collaborators indicate that 
the level of data extraction in the institution is poor, 
which shows that the institution has difficulties in 
collecting information from databases and 
repositories due to compatibility problems, data not 
structured, and of poor quality that impair the 
processing of information. This agrees with [14] and 
[16] who mentioned that data extraction is a 
flexible, efficient, and accessible process that brings 
together information from semi-structured and 
unstructured sources to speed up data analysis and 
reporting. Likewise, [15], states that it is necessary 
to work with specialized programs to improve data 
extraction through the construction of the sensor 
hardware, the development of the perception 
algorithm, and the scenario data. 

In Figure 2, 57.83% of collaborators indicate 
that the level of predictive analysis in companies in 
the retail sector is poor, which indicates that staff 
must be trained to analyze and evaluate the data 
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handled by the company to anticipate the future. and 
discover new trends that generate positive results. 
Coinciding with [17], [19] who indicate that 
predictive analysis is an advanced study system that 
focuses on deeply examining a set of data, reports, 
and content to predict risks, opportunities, or 
behavior in the market. Likewise, [18] maintains 
that currently statistical modeling techniques and 
new technologies such as big data and machine 
learning are tools used by predictive analysis to 
make predictions that promote continuous 
improvement and improve flow management. 
information. 

In Figure 3, 54.99% of collaborators maintain 
that the level of machine learning in the institution 
is regular, showing that the institution has qualified 
teams for the development of basic data collection 
and organization tasks. However, it is necessary to 
implement more complex programs to improve the 
response to tasks not explicitly programmed and the 
adaptability of the equipment according to the data 
stored in the system. This coincides with [20], [23] 
who mention that machine learning is part of 
artificial intelligence influencing the ability to learn 
and act of a computer in relation to the needs that 
are present and the information available for the 
machine to elaborate a new answer. In addition, 
[21], adds that machine learning is carried out by 
means of computer programs that use the 
information of the system and the patterns present in 
the data to carry out unprogrammed actions. 

In Figure 4, 41.88% of collaborators affirm that 
the level of knowledge creation is regular, which 
shows that there is a strong intention to exchange 
data and valuable information among the members 
of the institution. However, there are difficulties in 
the data transfer and processing channels, which 
limits the ability to innovate and include new ideas 
in the organization's strategies. This agrees with 
[24], [28] who mention that the creation of 
knowledge is a collective process that includes the 
participants in a space to exchange and integrate all 
the knowledge they possess with the objective of 
formulating new ideas, which allows us to overcome 
the competition through constant innovation. 
Similarly, [26] points out that the creation of 
knowledge is essential to achieve continuous 
improvement, increase competitiveness in the 
market, and generate innovative strategies to meet 
the needs of the organization and customers. 

In Figure 5, 61.25% of collaborators mention 
that the level of knowledge storage is poor, 
demonstrating that there are difficulties in retaining, 
organizing, and distributing knowledge in the 
institution, limiting the ability to consolidate 

knowledge and increase the interaction of members 
with valuable information held by the organization. 
Coinciding with [29], [31] who indicate that 
knowledge storage consists of organizing and 
distributing the knowledge of the organization in 
various databases, intranets, extranets, and 
information systems that improve the provision of 
information to innovate, lead, and direct strategies. 
Likewise, [30] affirms that the storage of knowledge 
allows to safeguard the new theories, patterns, ideas, 
and information generated by the organization, 
which facilitates the interaction of workers with the 
information to increase productivity levels. 
 
 
7  Conclusions 
This research proposal maintains that data analytics 
is essential to improving data collection, evaluation, 
and analysis, as well as finding patterns, 
correlations, and trends that improve the 
organization's strategies. This increases the capacity 
for innovation and decision-making based on the 
new knowledge generated. 
 Likewise, machine learning allows simple tasks 
related to data analytics to respond to the 
organization's needs. However, complex programs 
that improve the ability to react to unscheduled tasks 
through efficient information management must be 
implemented. Also, information can adapt data 
patterns automatically in the responses provided by 
technological equipment in unknown situations. 
Similarly, creating knowledge actively promotes the 
implementation of spaces for exchanging essential 
data and information. However, the knowledge 
distribution and analysis network must be improved 
and automated to integrate them into organizational 
strategies. 
 On the other hand, data extraction is deficient 
since the process of collecting information from 
databases faces incompatibility problems, 
unstructured or semi-structured data, poor data 
quality, and data security, which limits the ability of 
computers to recognize, collect, analyze, process, 
and organize information. In addition, predictive 
analytics cannot make safe and accurate predictions 
based on available data, so the information tends to 
be distorted, inadequate, or difficult to understand. 
Finally, knowledge storage is inadequate because no 
secure methods exist to retain, organize, and 
distribute the information generated. This limits the 
organization's ability to consolidate the knowledge 
produced, share the information, and include it in 
developing strategies, decision-making, and 
organizational plans. 
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8   Limitations, Recommendations and 

 Future Work 
While providing a valuable assessment of the 
current state of data analytics in the retail sector, this 
study has certain limitations. First, the research was 
based on surveys only, which may introduce self-
reporting biases and limit the depth of insights 
obtained. In addition, the sample is restricted to 
employees of companies in the retail sector, which 
may be different from other sectors or have a 
broader view of the problem. Future studies should 
incorporate mixed methodologies that include 
qualitative and quantitative approaches and expand 
the sample to include different sectors and 
hierarchical levels within organizations. In addition, 
it is suggested that longitudinal studies be 
implemented to observe the evolution and impact of 
data analytics over time. Finally, future research 
could further explore the barriers organizations face 
in implementing advanced data analytics 
technologies and how these can be overcome 
through training and organizational change 
strategies. 
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