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Abstract—This research improves Socialization,
Externalization, Combination, and Internalization (SECI)
knowledge management model by combining it with Zack's
knowledge gap model, brand equity concept, and data mining.
Zack's model is incorporated into the SECI model to identify the
gap between the knowledge in the organization and the knowledge
that the organization should possess. We add the data mining
techniques to determine that knowledge gap. The uniqueness of
this study lies in the externalization and combination of the SECI
model. In the externalization, "what the firm must know" is
added; for that, we compile the questionnaire by adopting brand
equity and distributing it to the athletes. In the combination,
"what the firm knows™ is added; we use a database already owned
by sports business management. The modifications resulting from
both models with data mining in this study were carried out to
develop a new knowledge management model in the sports
business sector. This new model will be valuable knowledge for
sports business management to build strategies and increase their
competitiveness in the sports market. In addition, other service
business fields besides sports can also apply this new model to
improve their knowledge management, which they can then use to
improve their marketing strategies.

Keywords—SECI model; zack model; data mining; brand equity;
sport business

I.  INTRODUCTION

The knowledge creation process is critical to increasing
business value and ensuring the success of a business, including
sports centers [1], [2]. According to Rot and Sobinska research
[3], digital technology can improve knowledge management.
Thus, similar to other industries [4], the sports service sector
must manage knowledge effectively to boost its
competitiveness. Numerous studies have shown that well-
organized knowledge significantly enhances a company's
innovation [5]. Efficient knowledge management strengthens a
company's ability to innovate by ensuring that relevant and
accurate information is readily accessible for decision-making.
Efficient knowledge management will also create new products,
services, and business processes, which give the company a
competitive advantage.

The SECI model is the commonly used knowledge
management model across various fields. However, it has faced
criticism from several researchers. The model, often seen as
overly simplistic, addresses the socialization and externalization

processes inadequately and overlooks cultural differences
among members of an organization. It has been critiqued for its
individualistic focus, which limits its ability to represent
interactions and interdependencies effectively [6]. Other studies
indicate that this model centers only on converting human
knowledge, neglecting knowledge stored in databases, external
sources, and variations in organizational knowledge. This
limitation can lead to a knowledge gap between what the
organization currently knows and what it ideally should know

(71, [8].

Data mining techniques reveal hidden patterns and
relationships within large datasets, supporting more informed
and strategic decision-making. Data mining is playing a growing
role in data analysis, including applications like predicting stock
prices [9], assessing disease risks [10], analyzing customer
churn [11], segmenting customers [12], measuring customer
satisfaction [13]-[16], forecast customer behavior, streamline
supply chains, and improve customer relationship management.
[71, [14], [A7].

Data mining is also applied in sports [18], such as for
predicting injuries in soccer players [19], identifying key
attributes and metrics that impact NBA player salaries and
performance [20], and detecting tactical patterns through market
basket analysis in beach volleyball games [21]. The many
studies related to data mining and sports show that sports attract
the world's attention. However, many find identifying the
optimal data mining method challenging due to the wide variety
of processed datasets [17].

This study aims to build on existing research by integrating
the SECI model, Zack's knowledge gap model, data mining
techniques, and a brand equity questionnaire to create a new
knowledge management model specifically for the sports
business. To identify the knowledge gaps, we will use two data
sources: 1. the database that management already has (what the
firm knows), we call it the secondary dataset; 2. a questionnaire
containing 20 brand equity questions distributed to athletes/
customers (what the firm must know), we call it the primary
dataset.

In addition to the belief that there is a knowledge gap
between the two datasets, Rungtrakulchai [22] said that adding
a brand equity questionnaire is also important because research
has shown that marketing practitioners need to understand the
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level of brand equity in a particular market area. Other research
[23] also said that marketing practitioners can obtain this from
customer/consumer responses to the services provided. By
merging these models, we aim to provide valuable insights for
sports business management, helping organizations to develop
effective strategies and improve their competitiveness.

This article consists of several sections. Section Il includes a
literature review that examines relevant theories and previous
research related to this study. Section Il1 provides the research
methodology, explaining how we combined various models to
create a new knowledge management model. Section IV
represents the results and discussion, detailing the outcomes of
this combination into the new knowledge management model.
Finally, Section V offers the conclusion.

Il. LITERATURE REVIEW

A. SECI Model

The SECI model, an adaptable knowledge management
framework, encompasses four critical processes: Socialization,
Externalization, Combination, and Internalization. Its
adaptability is evident in its successful application across
various sectors, from cooperatives [24] and universities [25] to
software development [26] and even in the design of a
knowledge management system for trader education in the
marketplace [27]. Miao et al., in their research [28], said that this
model's ability to acquire and align knowledge with business
strategy has also found a place in the banking sector.

Fig. 1 illustrates the SECI model. The SECI model has been
widely adopted and directly applied in shaping knowledge
management across various organizations [6] or by first
modifying or developing the model [29]. However, some
researchers have critiqued the SECI model from different
perspectives. The socialization and externalization processes in
this model are often ineffective due to limitations on the freedom
to exchange ideas at the industrial level. Additionally, some
argue that the SECI model is too simplistic, neglects the role of
context, and does not adequately account for the cultural
differences among organizational members. Another criticism is
that the model portrays knowledge transfer as a linear process,
even though this may not reflect real-world situations. Some
also contend that the model's fundamental structure is
individualistic, making it challenging to represent interactions
and interdependencies effectively [6].

Tacit Knowledge Explicit Knowledge

Socialization —— Externalization

4 v

Explicit Knowledge | Internalization <—— Combination

Tacit Knowledge

Fig. 1. SECI model [25], [30].

Other researchers have highlighted additional weaknesses of
the SECI model, including those pointed out by Almuayqil, who
argued that the model focuses solely on converting human
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knowledge while overlooking knowledge stored in databases
and other technological resources. Meanwhile, Yao noted that
the SECI model fails to account for external knowledge inputs
and the variations in knowledge within the organization [7]. To
address these shortcomings, we incorporate the knowledge gap
analysis from Zack's model into the externalization and
combination phases of the SECI model.

B. Zack gap model

Aligning business strategy with knowledge is crucial for an
organization [28]. Learning and knowledge acquisition are
necessary to sustain and enhance a competitive advantage. Fig.
2 illustrates the knowledge and strategic gap in Zack's model.
Aligning a company's business strategy with its knowledge
resources is crucial, as it plays a critical role in driving
innovation and improving business performance. This approach
has become a primary focus for companies seeking success in
today's competitive environment [28].

What the firm must What the firm must
know do

I Knowledgegap  Strategic gapI
What the firm knows = What the firm can do
Fig. 2. Zack gap model [8], [28].

Using Zack's model, Gap analysis compares an
organization's existing knowledge with its strategic needs.
Knowledge and strategy are viewed as opposing poles: what is
known or done and what should be known or done. By
examining these points, gaps in both organizational knowledge
and strategy can be identified. In this study, we focus on the
knowledge gap from Zack's model and integrate it with the SECI
model. In this research, we will find the knowledge gap by
comparing the database that management already has (what the
firm knows) with the questionnaire (what the firm must know)
distributed to athletes (customers).

C. Data Mining in Knowledge Management

Data mining methods generally consist of classification,
association, and clustering. Classification is a technique in data
mining to group data based on the data's relationship to sample
data [31]. The clustering method is a process of grouping data
objects similar to each other into the same cluster and different
from objects in other clusters [32]. Based on a literature study
conducted by Ngai, the clustering method is mainly used for
customer identification, while the classification method is
mainly used for customer acquisition and retention [17].
Meanwhile, association in data mining is a technique for
obtaining hidden relationship patterns between several items in
a dataset [33].

D. Brand Equity

Brand equity is an added value imposed on a particular
product or service that reflects consumers' thoughts, feelings,
and actions in adapting the product or service and influences
customer value perception [22]. It is also related to price, market
share, and brand profitability [34]. Marketing practitioners are
essential to understand the level of brand equity in a particular
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market area [22], which is obtained from customer/consumer
responses to the services provided [23]. As shown in Fig. 3,
brand equity consists of Brand Awareness (BA), Perceived
Quality (PQ), Brand Association (BA), Brand Loyalty (BL), and
Decision (D) [23].

Brand Awareness
Brand Associations
Perceived Quality

Brand Loyalty

Fig. 3. Brand equity model [22], [35].

I11. RESEARCH METHODOLOGY

This research combines the SECI model, knowledge gap
analysis from the Zack model, data mining techniques, and a
brand equity. The knowledge gap analysis from the Zack model
was added to the SECI model in the externalization and
combination section. Externalization of the SECI model is the
form of changing knowledge from tacit to explicit, and we match
it with "what the firm must know" in the Zack model. The
combination of the SECI model is knowledge in an explicit form
that already exists, is developed, and disseminated through
various media that are more systematic. We match it with " what
the firm knows" in the Zack model.

Externalization (Tacit to explicit: what the firm must know )

Data Processing
J
v

Combination (Explicit to explicit: what the firm knows)

Get The Dataset |

Data Processing
Get The Dataset

=

Fig. 4. Combining two models into a new model.

Fig. 4 displays how we match and combine these two models
into a new model. To use this new model, we need to acquire a
dataset. Since this model will perform knowledge gap analysis,
it requires two types of datasets: one that the organization
already owns and another that contains knowledge about what
the organization should know.
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Data cleaning and feature selection need to be performed on
both datasets. Next, it is essential to test various data mining
techniques and algorithms to identify the one best suited to both
datasets. The choice of data mining techniques should be aligned
with management needs, depending on the desired outcomes.
After selecting the most effective algorithm for both datasets, it
is essential to apply this algorithm to both datasets and analyze
the results. To finalize this model, we must compare the data
mining outcomes of the two datasets to identify any knowledge
gaps. This knowledge gap can serve as valuable information for
management, helping to enhance decision-making, develop
strategies, and improve competitiveness in the sports market.

A. Get the Dataset

The new knowledge management model for sports business
developed in this study requires two data sources, and then
knowledge gaps will be sought from these data sources. We call
these two data sources secondary and primary datasets. It is
essential to ensure that the data sources are credible so that they
can produce correct knowledge. In this research, we use a case
study in taekwondo sports. So, we collected the secondary
datasets from the Taekwondo Indonesia Integrated System
(THS) application in the South Sumatra Province, which the
government uses to process athlete data. Thus, this database is a
credible knowledge base for this study. From the T1IS databases,
we acquired sixty files in Microsoft Excel format and merged
them into a single file for further analysis.

Based on Zack's knowledge gap model, companies' current
knowledge (what the firm knows) needs to be compared with the
knowledge they do not yet have but should have (what the firm
must know). Therefore, it is necessary to discover new
knowledge collected using research questionnaires. Therefore,
the relationship between the database and the questionnaire is to
assess knowledge gaps.

We obtained the primary dataset by distributing
questionnaires to users (athletes) of Taekwondo services in
South Sumatra Province, Indonesia. The questionnaire was
distributed for two months as a Google form since the
respondents were spread across many cities. To ensure the
accuracy of the research data, parents or guardians filled out the
questionnaire for athletes under the age of sixteen. For athletes
over sixteen, they filled out the questionnaire directly. However,
information related to brand equity was not obtained in the
secondary dataset. Therefore, when compiling the questionnaire
for the primary dataset, besides asking for the same information
as in the secondary dataset, 20 questions related to the Brand
Equity of the Club/Dojang where the athletes train were added.
The questionnaire consists of Brand Awareness (BA), Perceived
Quality (PQ), Brand Association (BA), Brand Loyalty (BL), and
Decision (D), as shown in Table I.

The questionnaire was meticulously adapted to the case
study, focusing on the sports service business, mainly
taekwondo, in South Sumatra Province, Indonesia. Each
statement item in the questionnaire was crafted based on
interviews with Dojang owners and validated by the Head of the
Achievement Division of Taekwondo Indonesia, South Sumatra
Province. This rigorous process was undertaken to ensure the

174|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

credibility of the data source. Each questionnaire item was
designed to be answered by respondents by selecting from the
options provided: Strongly Agree (SA), Agree (A), Neutral (N),
Disagree (D), and Strongly Disagree (SD). Before distributing
the questionnaire, a pre-test was conducted to assess its
reliability and validity. A small sample of 30 athletes was
selected for this pre-test. The results of the pre-test stated that
the questionnaire was valid and reliable so that the distribution
of the questionnaire could be continued.

TABLE I. QUESTIONNAIRE ITEMS

Code Questionnaire Statement

BAl When asked to name a place to practice taekwondo, the first thing
| always think of is the club/dojang where | practice.

BA2 Talking about tackwondo reminds me of the Club/Dojang where
| train.

BA3 The Club/Dojang where | train is my first choice when | want to
start training taekwondo.

PQ1 Sabeum/ trainer at the Club/Dojang where | train is licensed and
superior.

PQ2 | feel comfortable in the Club/Dojang where | practice because it
is indoors.

PQ3 The supporting facilities at the Club/Dojang where | train are
complete and meet standards.

PQ4 The training patterns at the Club/Dojang where | train are varied
and not monotonous.
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B. Cleaning and Feature Selection

The cleaning process is essential to ensure the dataset is
suitable for research. This process includes checking each
column for missing data, converting the data types of specific
columns to numeric, and removing unnecessary columns. Many
studies have highlighted the importance of feature selection as a
crucial preprocessing step [17]. Choosing the right features can
significantly enhance the performance of machine learning
algorithms by reducing data dimensionality, which helps
eliminate irrelevant or redundant information. We applied this
cleaning procedure to both datasets. However, we excluded the
primary dataset's feature selection for 20 brand equity questions
because we have to use it all.

We conduct three methods of feature selection in this study:
Information Gain (IG), Chi-Square, and Recursive Feature
Elimination (RFE). Each of these methods provides a distinct
approach to identifying the most relevant features for clustering.
The Information Gain measures entropy reduction, the Chi-
Square method evaluates the independence of features, and the
RFE method recursively removes the least important features.
Combining these methods ensures a thorough selection process
and improves the data quality used for clustering. The results of
the feature selection process in this study are shown in Table II.

meets my expectations.

Following the distribution of the questionnaire, 1468 rows of
athlete data were obtained, of which 1348 rows were deemed
usable; the rest were damaged. To ensure validity and reliability,
we do tests using the SPSS application. The results showed that
the calculated r value for each indicator ranged from 0.534 to
0.893, or far above the r table value. Reliability testing was
conducted by examining Cronbach's alpha value for each
indicator. The research questionnaire is highly reliable if
Cronbach's alpha is between 0.9 and 1. Based on the test results,
Cronbach's alpha value for each indicator in this research
questionnaire was more than 0.9. Based on this value [36], [37],
it can be said that this research questionnaire is valid with a
confidence level of 99%, and the reliability is very high.

PQ5 The training schedule at the Club/Dojang where | train is TABLE 1. FEATURE SELECTION BY VARIOUS METHODS
relatively routine.

BAsl | My Club/Dojang is the best compared to the others. Feature 1G Chi-Square P-Value RFE

BAs2 | The training fees at my Club/Dojang are cheap.

BAs3 | The training fees at My Club/Dojang are in line with the quality Classification 0.554438 | 1.424.732.394 | 4,20E-30 1
and service. ClubName 0.108146 168.885.790 2,12E-31 2

BAs4 | The club/Dojang where | train is easily accessible from my house. ClubID 0.114757 | 455.513.151 1,22E-93 3

BL1 I will always choose the Club/Dojang where | am currently Age 0.007043 | 4.471.729 107E+05 | 4
training as long as | train. Belt 0.032379 23.657.274 7,29E+00 5

BL2 I will not move to another Club/Dojang. Subdistric 0.049144 | 36.273.625 1,33E-02 6

BL3 I would recommend My Club/Dojang. Sex 0.027673 | 44.655.043 201E-04 |7

D1 I looked for as much information as possible about the BeltID 0.019311 | 36.009.465 152E-02 | 8
Club/Dojang before joining. Disctric 0.036292 | 33.825.733 4,52E-02 9

D2 I looked for as much information as possible about the Distance 0.000000 | 3.319.825 190E+05 | 10
Club/Dojang before joining. AgeGroup 0.005404 0.179834 9,14E+05 11

D3 I compared the training costs of the Club/Dojang where | train City 0.028890 | 17.123.501 191E+02 | 12
with others before joining. . .

D4 I consider the distimce c?f the Club/Dojang where | train before C. Choose the Best Data Mining Technique
joining. _ _ _ _ In our case study, tackwondo club management requires

D5 | decided to stay with the Club/Dojang where | train because it grouping its athletes based on their abilities, interests, residence,

belts, and other club members' characteristics. So, we use the
clustering algorithm. Applying the clustering algorithm in the
taekwondo sector helps establish a more organized, efficient,
and responsive structure to meet members' needs, ultimately
enhancing training programs' quality and sustainability and
supporting effective marketing strategy development.

This research compares the K-means and K-medoid
clustering algorithms to find the most suitable one. We compare
these two algorithms because there have been many studies that
prove the accuracy of both in clustering [38]-[40]. In order to
determine the optimal number of clusters of this algorithm, we
use the Elbow Method, the Silhouette Coefficient, the Calinski-
Harabasz Index, the Davies-Bouldin Index, the Bayesian
Information Criterion (BIC), and Akaike Information Criterion
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(AIC). Based on various tests that we conducted, we know that
for both datasets that we have, the best algorithm to apply to both
datasets is K-Medoids, with 2 clusters. Table Il displays the
results of each method in determining the optimum number of
clusters. The tests using various methods show that the most
suitable algorithm for both datasets is K-Medoids, with an
optimal number of two clusters.

TABLE IlIl.  DETERMINING THE OPTIMAL CLUSTERS
Cluster number with | Cluster number with
K-Means K-Medoids
Methods Secondary | Primary | Secondary | Primary
Dataset Dataset Dataset Dataset
Elbow Method 2 2 2 2
Silhouette Score 2 2 2 2
Calinski-Harabasz 5 5 8 8
Index
Davies-Bouldin Index 2 2 2 2
BIC 7 8 6 6
AIC 7 8 6 6

IVV. RESULT AND DISCUSSION

A. Brand Equity Result

Based on what has been explained previously, we added 20
questions related to Brand Equity to our research questionnaire.
Respondents can answer each question by selecting the options
provided: Strongly Agree (SA), Agree (A), Neutral (N),
Disagree (D), and Strongly Disagree (SD). We separate the
brand equity questionnaire results from other data (which is the
same as secondary data) and present them in Table 1V. This
result is also a knowledge gap that we found in our case study
on this research.

TABLE IV. BRAND EQUITY RESULT
Questionnaire Code SA A N D SD
BAl1 1% 23% 6% 0% 0%
BA2 66% 27% 7% 0% 0%
BA3 64% 28% 8% 0% 0%
PQ1 62% 29% 9% 0% 0%
PQ2 44% 18% 32% 4% 2%
PQ3 55% 32% 13% 0% 0%
PQ4 60% 32% 8% 0% 0%
PQ5 60% 33% 7% 0% 0%
BAs1 55% 27% 18% 0% 0%
BAs2 62% 31% 7% 0% 0%
BAs3 59% 33% 8% 0% 0%
BAs4 62% 31% 7% 0% 0%
BL1 61% 31% 8% 0% 0%
BL2 61% 29% 10% 0% 0%
BL3 60% 33% 7% 0% 0%
D1 53% 33% 14% 0% 0%
D2 54% 32% 13% 1% 0%
D3 45% 27% 23% 5% 0%
D4 54% 32% 12% 2% 0%
D5 63% 29% 8% 0% 0%

These results are precious for sports business management
because they can help them create marketing strategies. For
example, in question item PQ3, "The supporting facilities at the
Club/Dojang where I train are complete and meet standards," the
results of the questionnaire distribution show that the supporting
facilities at the Club/Dojang have not been fully met and do not
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meet standards. Thus, sports business management can improve
equipment and supporting facilities to provide comfort for its
members in training and retain those members.

Then, the BL3 question item "l would recommend My
Club/Dojang" shows that most athletes would recommend the
Club/Dojang where they train others. Thus, sports business
management can approach and offer various promotions to their
members to maintain good relationships and retain these
members. Then, the BAs3 question item “The training fees at
My Club/Dojang align with the quality and service” revealed
that not all respondents were satisfied with the quality of service
compared to the costs. This is very valuable for management, as
it allows them to improve the quality of their services in the
future, commensurate with the costs incurred by their members.

B. Data Mining Result

The tests using various methods show that the most suitable
algorithm for both datasets in the Taekwondo case is K-
Medoids, with an optimal number of two clusters. Therefore, we
processed our datasets with the selected algorithm using two
clusters for both datasets. Fig. 5 shows the results of the
clustering we performed on both datasets, which shows that
there are differences between the two (knowledge gap). The
differences align with the research objective of identifying
knowledge gaps. The proposed algorithm is flexible and not
more suitable for one data type than another.

Cluster 0

Cluster 0

696
52%

Prima s Natacat

652
48%

Cluster 1

Cluster 1

Fig. 5. The clustering result of both dataset.

Based on the results displayed in the clustering process using
both datasets, although only a little, there is still a difference
(knowledge gap) between the secondary and the primary
datasets. The difference lies in the percentage of the secondary
dataset, which is exactly 50:50, while for the primary dataset, it
is 52:48. Although the difference is only 2%, it is essential for
sports business management. Knowing this difference can help
them make more careful decisions regarding policies to increase
their business's competitiveness.

Based on the differences between the two datasets
(knowledge gap), we analyze them based on several categories:
athlete gender, athlete age categories, athlete belt, and the
distance of the Club/Dojang where the athlete trains from their
respective homes. These results are helpful for sports business
management in determining their future customer targets.

Fig. 6 displays the distribution of athletes' gender on both
datasets. The graph shows a difference in the percentages of the
two datasets. In the secondary dataset, in cluster 0, the ratio of
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female and male athletes is 41:59, while in cluster 1, it is 37:63.
In the primary dataset, the ratio is 36:64 for cluster 0 and 42:58
for cluster 1. Ensuring the gender distribution of Club/Dojang
members is very important as it will influence promotion
policies and the approach towards members/ potential members.
These results align with previous research that discussed the
influence of gender on purchasing decisions [41].

Primary Dataget

Female
41.9%

Cluster 0 Cluster 1

Cluster 0 Cluster 1

Fig. 6. Athletes gender distribution.

B Pra Cadet
B Cadet
B junior
N Senior
BN Master

set

Cluster 0 Cluster 1
18.2% Pra Cadet
16.6% 16.8% cadet
Junior
15.2% Senior
Master
R1L9% 11.4%
Primary Dataset
3.9% 3.5%
1.0% L.5%
Cluster 0 Clus'ter 1

Fig. 7. Athletes age categories distribution.
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For competition purposes, participants are classified by their
birth year to determine their eligibility within these age groups,
ensuring a fair matchup among competitors. Fig. 7 shows the
differences between the two datasets. The most striking
difference is in the Cadet class, which is intended for athletes
aged 12 to 14. This difference is important for sports business
management to know and to ensure the accuracy of their data,
which will help them create marketing strategies. These
findings are essential for sports business management, as
understanding the specific age groupings within different
clusters can inform training programs, marketing strategies, and
other decision-making processes. Similarly, if an organization
aims to expand or diversify its athlete base, knowing where
certain age groups are underrepresented or overrepresented
could help make strategic adjustments.

By ensuring accurate data analysis and a clear understanding
of the athlete demographic across clusters, sports organizations
can better align their offerings with the needs and preferences of
their target audience, ultimately enhancing the effectiveness of
training programs and marketing strategies.

Geup 6: 2.17%

Geup 6: 2.36%

econdary

Geup 9: 17.20% Geup 9: 15.66%

Cluster 0 Cluster 1

secB¥imary Dataset
Geup 8: 8.01%

Geup 9: 7.49%
Geup 9: 6.75%

Cluster 0 Cluster 1

Fig. 8. Distribution of athlete belts.

Fig. 8 shows the distribution of athletes based on their belts.
The most striking difference between the two datasets is that
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most athletes are in the Geup 9 belt in the secondary dataset,
followed by Geup 10 and Geup 8. While in the primary dataset,
most athletes are in Geup 10, followed by Geup 8 and Geup 9.

This difference in belt distribution between the two datasets
can provide valuable insights for sports management. For
instance, understanding these belt distributions can help identify
areas for targeted training programs or recruitment efforts.
Additionally, the variation in belt rankings could influence the
design of marketing strategies, ensuring that resources are
allocated to the appropriate athlete segments, thus optimizing
training and business operations.

Meanwhile in Fig. 9, we observe similarities and differences
in the distribution of athlete residence distances relative to the
Club/Dojang in the two datasets. An apparent similarity is that
most athletes live <5 km from their Club/Dojang in primary and
secondary datasets.

00

- 27.3% - 26.7% 20.0% 5.0%

Cluster 0
Cluster 0

- 28.4% - 271.3% 17.1% 4.0%

Cluster 1
Cluster 1

- 100

<5km 5-10km >10km <5km 5-10km >10km
Club/ Dojang Distance Club/ Dojang Distance

Fig. 9. Club/dojang distance based on secondary dataset.

However, the most notable difference is in the second largest
category. In the secondary dataset, the second most common
distance is 5-10 km, whereas in the primary dataset, the second
largest group lives at a distance of >10 km. This shift in distance
distribution between the two datasets highlights potential
variations in athlete demographics and accessibility to training
facilities, which could be valuable information for optimizing
location-based training strategies or marketing efforts to
improve participation rates across different distance segments.

C. Discussion

As mentioned before, in this study, the Zack knowledge gap
model is integrated into the SECI model to identify gaps
between the organization's current knowledge and what it should
know. To determine the criteria of "what the firm must know",
we adopted brand equity. We use brand equity because
marketing practitioners need to understand the level of brand
equity in a particular market area [22], which is obtained from
customer/consumer responses to the services provided [23]. Fig.
10 shows the new knowledge management model for sports
business that we derived from this research.
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Externalization Brand Equity Concept

+
Data mining: clustering

Tacit to explicit: whatthe with K-Medoid 2 cluster
firm must know .
(questionnaires + Brand V

Equity questions)

Socialization —p

f \ 4 Knowledge
Combination Gap

Internalization €= Explicitto explicit: what the
firm knows (current

database)

Data mining techniques:
clustering with
K-Medoid 2 cluster

Fig. 10. The new model.

The novelty of this research lies in the externalization and
combination stages of the SECI model. We match the
externalization in the SECI model with "what the firm must
know" in the Zack model and the combination in the SECI
model with "what the firm knows" in the Zack model. By
merging these models, we aim to provide valuable insights for
sports business management, helping organizations to develop
effective strategies and improve their competitiveness. Table V
shows the additional features of this new model compared to the
old SECI model.

TABLE V. COMPARISON OF OLD AND NEW MODELS
Component Old SECI New Model
Separating the
knowledge between Yes, by using seconda
what is already known No an d’ riymar %atasets i
and what should be P y '
known
Input from the No Yes, with the brand equity
customer's perspective questionnaire.
Usina data mining for Yes, with adjustments
data grocessin 9 Not mentioned | depending on the needs of
P g the organization.

This new model's advantage is the separation between what
is known and what should be known. This model uses customer
input to determine what should be known. The results of the
separation prove that there is a knowledge gap between the two.
This is important to provide awareness for management not to
simply rely on what is already known but to update data and get
input from customers directly.

We also used clustering data mining techniques to analyze
the knowledge gap between both datasets. Based on our
research, the K-medoids algorithm with two clusters was
optimal on both datasets. For application in other sports
businesses besides Taekwondo Club/Dojang and other business
sectors besides sports, the management must know the proper
data mining techniques and algorithms to apply to their
databases to use this new model.
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V. CONCLUSION

This study combines SECI and Zack models, brand equity
concepts, and data mining methods to develop a new knowledge
management model for sports business services. In this study,
we use two datasets to identify knowledge gaps. The novelty of
this study is in the externalization and combination of the SECI
model. By using this new model, management will gain vital
insights that they can use to formulate strategies and improve
their competitiveness in the sports services market. To minimize
the knowledge gap, sports business management must ensure
that their knowledge is the latest data, so they must collect
regular data from the athletes. This new model can also be used
by other businesses besides sports. In addition to choosing the
proper data mining techniques and algorithms, we need to
customize the creation of the brand equity questionnaire
according to each business's needs. Future work can focus on
extending the application of this model to other industries, such
as healthcare or retail, to validate its flexibility and effectiveness
in different contexts. In addition, further research can explore
integrating advanced data mining techniques, such as machine
learning algorithms, to improve knowledge gap analysis and
increase prediction accuracy.
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