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1. Introduction

1.1. Artificial Intelligence

Artificial Intelligence (Al) was first defined in 1955 by McCarthy, Minsky, Rochester and Shannon in
the proposal for the Dartmouth summer research project on artificial intelligence (‘Dartmouth

Workshop’, 2024).

The conceptual ambiguity of intelligence makes it challenging to define Al. Because humans are the
only entities recognised as possessing intelligence, the definitions of intelligence tend to be tied to

human characteristics (Scherer, 2015). Over time, the definitions have changed due to rapid
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developments — more recent definitions refer to imitating intelligent human behaviour. In the article
“On defining artificial intelligence”, Wang (2019) provides a list of authors (Kirsh,1991; Allen, 1998;
Hearst & Hirsh, 2000; Brachman, 2006; Nilsson, 2009; Bhatnagar et al., 2018; Monett & Lewis,
2018) who each have defined Al in one way or another, in support of the argument that there is no
widely accepted definition of Al. Al is regarded as a broad concept that includes several more specific

concepts such as machine learning, computer vision and neural networks (Atabekov, 2023).

Wang (2019) describes Al as a mixture of multiple research fields and is called Al mainly for
historical reasons rather than for theoretical reasons. Even though these fields are related, it is
dangerous to overlook their fundamental differences and to indiscriminatingly refer to all these fields
as Al (Wang, 2019). This oversight of these fundamental differences causes much confusion in
theoretical discussions and design processes and has practical consequences for people not concerned
with theory (Wang, 2019). Evolutions in Al have redefined the focus of Al-powered systems from
abstract notions of intelligence to problem-solving and coping structured systems (McAlister et al.,

2024).

1.2. Sports

According to Sharma (2023) “technology has made the better player even better”. Sharma (2023)
further elaborates on sport and technology by stating that technology is used at every stage of sports
performance, starting from talent identification, training and coaching, competition and performance,

making and breaking new records, and recording and broadcasting live events.

Sports participation is a phenomenon that is reserved for more than just young and professional
athletes. It was observed by Grima et al. (2017) that gender plays a role in sports participation and that
men are more active than women due to time constraints. In a study conducted by Nowak (2014) it
was concluded that the active participation of the elderly in physical activities certainly would change
due to the ongoing commercialisation of life and culture. This will lead to healthy attitudes towards
physical activity, particularly sports activities. In addition, Novak (2014) describes sports for the
elderly as an opportunity to enhance longevity through comprehensive physical fitness, thereby

offering a potential improvement in quality of life.

In a study conducted on the impact of technology on sports, Frevel et al. (2022) developed two
scenarios: scenario one, called “probable future” and scenario two, called “a game changer”. The first

scenario describes a highly probable future for sports concerning technological developments and



comprises four projections: content formats, manager profiles, data collection, and data processing.
The second scenario consists of two projections: world records and consumers/fans, which are less
probable, desirable, and impactful. Technology has made significant inroads in sports officiating and
is here to stay. Singh et al. (2020) argue that when all games and sports must appeal to and attract
more and more stakeholders, there is a need to incorporate technology in the officiating of all games;
however, for technology to become foolproof, it should be improved. There appears to be notable
progress in this area, as evidenced by the study conducted by Spitz et al. (2021), which provided
empirical support for a significant increase in decision accuracy following the intervention of the
Video Assistant Referee (VAR). Specifically, for situations requiring rule interpretation, accuracy

improved from 92.1% to 98.3%.

The global sports industry revenue in 2022 amounted to over 403 billion USD and is expected to be
worth 680 billion USD in 2028 (Global Sports Market Revenue 2028, n.d.). The primary market
driver, according to IMARC, is the escalating utilisation of data to enhance the performance of
players' and teams’ strategies. Integrating Al and machine learning is to derive deeper actionable
insights from large datasets (Sports Analytics Market Size, Share, Analysis 2024-2032, n.d.).
According to the 2023 Global Sports Survey conducted by PricewaterhouseCoopers (2023), the sports
industry has made a recovery following the disruptions caused by the COVID-19 pandemic. The
report also highlighted the widening participation of big tech and continued smart stadia-led

developments in enhanced fan experience.

1.3. Problem Statement

Since the launch of ChatGPT on 30 November 2022, Al has been catapulted into the spotlight, and Al
has become a common theme in most day-to-day discussions. Sports have been part of human history
since prehistoric times and have developed into a multibillion-dollar industry. Moderate sports
consumers and amateur enthusiasts face a unique challenge in understanding and benefiting from the
rapidly growing field of artificial intelligence (Al) in sports. While Al promises to enhance various
aspects of sports, its complexity and technical nature can be overwhelming for the average fan. This
disconnect creates a barrier to appreciating and leveraging Al advancements, ultimately limiting the

overall experience and involvement in sports.

Research into Al in sports from a non-technical perspective is essential to bridge this gap. By
exploring how Al has become part of sports, fans can be empowered to engage more deeply with their

favourite sports. This research can enhance the enjoyment and engagement of sports for a broader



audience, ensuring that the benefits of Al are widely distributed and appreciated. This has led to the
following problem statement: Al has become a prevalent topic in everyday discussions, yet moderate
sports consumers and amateur enthusiasts need help understanding and benefitting Al's rapid

advancements in sports from a non-technical perspective.

1.4. Research objectives

The period between 2020 and 2024 has seen accelerated development of Al technologies, many of
which have been applied in sports. The COVID-19 pandemic drastically changed how sports were
played, consumed, and managed. The 2020-2024 period is pivotal in understanding long-term trends
in the relationship between Al and sports. This analysis attempts to provide a foundation for further
studies regarding Al and sports by identifying key themes. A thematic analysis will capture the
emerging patterns of how these technologies are evolving and shaping the future of sports. A thematic
analysis of this period can provide a deeper understanding of how the development of Al in sports
affects participants in sports (athletes) and spectators. The objective of this study is not to provide a
comprehensive analysis of Al in sports or get into the highly technical aspects of Al in sports, but to
provide the general users of sports with a view of how Al is used in sports. For this study, general
users of sports are regarded as your average run-of-the-mill amateur sports persons, weekend
warriors, non-sport scientists and sports fans in general. The study is also not sport-specific, as the

field is relatively new, and Al is still being tried and tested in many sports.

2. Research

2.1. Content analysis

Content analysis is viewed as a well-established data analysis method that has advanced in treating
documented data by Kleinheksel et al. (2020). Krippendorf (2018) defines content analysis as
systematically reading a body of texts, images and symbolic matter. Content analysis is a method for
analysing the content of various data sets (Harwood & Garry, 2003). It is a technique that enables the
analyses of open-ended data to be structured for diagnostic purposes (Harwood & Garry, 2003).
Content analysis provides insights, a more condensed description, and an increased understanding of a

phenomenon (Moldavska & Welo, 2017).

Content analyses can be differentiated in two ways based on the type of content: manifest and latent.
Manifest content analysis concerns easily observable data without the need to discern intent or

identify the more profound meaning (Kleinheksel et al., 2020). Qualitative data can be analysed in



two ways: deductive or inductive. Data drives inductive analysis, while deductive is a top-down
theory-based deductive method (Friese et al., 2018). There is no attempt to fit data into a pre-existing
coding frame through inductive analysis. Inductive content analyses can gain information directly
from the data without imposing preconceived theoretical perspectives (Moldavska & Welo, 2017). It
is also advised by Braun and Clark (2006) not to engage with literature in the early stages of the
analysis to enhance the inductive approach. This study followed the manifest content analysis route

and employed inductive content analysis.

2.2. SCOPUS data search

The Scopus database was chosen over Google Scholar for article selection for this study. Scopus was
launched in 2004. Harzing and Alakangas (2016) already regarded Scopus as a well-established
alternative to the Web of Science in 2015, and it was already used in many international university
rankings back then. “Scopus covers 330 disciplines to ensure researchers, instructors, librarians, and
students have confidence that they are not missing out on the vital information they need to advance
their research and scholarship” (Scopus | Abstract and Citation Database | Elsevier, n.d.). Scopus
contains 94M+ records, 29,200+ active serial titles, and 330,000+ books ((Scopus | Abstract and
Citation Database | Elsevier, n.d.). The Scopus database is described by Rezaee et al. (2023) as
offering high-quality and reliable coverage and including complete bibliographic information. This
point of view is shared by Klarin (2024), who also states that Scopus (and Web of Science) generally
maintains more rigorous inclusion criteria and, in addition, makes it far easier to extract large data
sets. The sentiment is also shared by Emrouznejad et al. (2023), who describe Scopus as highly
regarded and utilised for content mapping and co-citation analysis. Naveed et al. (2023) warn against
Google Scholar since it has an extensive database beyond well-recognised quality peer-reviewed

scholarly journals.

2.3. Sample size and data collection

To understand the extent of research on Al in sports, a search was conducted on Scopus with the
keywords “artificial intelligence” and “sport” for research from 1986 up to and including publications
in 2024. The results can be seen in Figure 1. There was a significant jump in research on artificial
intelligence and sports in 2020, increasing to 2023. The last bar in Figure 1 represents the year to date

in 2024. It was therefore decided to focus on the period 2020 to 2024 for this study.
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Figure 1: Documents per year
Source: Scopus(2024)

In qualitative research, no power analysis or computations can be done to determine a priori the
minimum number and kinds of sampling units required (Sandelowski, 1995). Factors such as the aim
of sampling, the type of purposeful sampling and the research method employed are considered by
researchers to determine if enough data was collected (Sandelowski, 1995). In analysing professional
literature, Daniela (2020) found no consensus concerning sample size in qualitative research. It can
vary between 1 and 350 units. However, the size depends on several factors such as the scope of the
study, type of approach, epistemological attitude, the researcher’s experience, the journal where

published, financing, time, perception of study assessors’ expectations, etc. (Daniela, 2020).

The top 50 cited articles and conference proceedings with the keywords “artificial intelligence” and
“sport” were downloaded. Only articles and conference proceedings in PDF format were downloaded
to contribute to the trustworthiness of this study since the documents are easily accessible and free to

download.



2.4. Data analysis

Table 1 shows a six-phased thematic analysis guide created by Braun and Clark (2006). . Thematic

and content analyses are banded under the same umbrella of analysing qualitative data (Friese et al.,

2018). This six-phase guide is used since qualitative data analysis is not set in hard and fast rules but

requires flexibility to fit the data and the research questions.

Table 1: Phases of thematic analysis

Phase

Description of the process

1. Familiarizing yourself with

your data

Transcribing data (if necessary), reading and re-reading the data,

and noting down initial ideas.

2. Generating initial codes

Coding exciting data features systematically across the entire data

set, collating data relevant to each code.

3. Searching for themes

Collating codes into potential themes, gathering all data relevant

to each theme.

4. Reviewing themes

Checking if the themes work about the coded extracts (Level 1)
and the entire data set (Level 2), generating a thematic ‘map’ of

the analysis.

5. Defining and naming

themes

Ongoing analysis to refine the specifics of each theme and the
overall story of the analysis, generating clear definitions and

names for each theme.

6. Producing the report

The final opportunity for analysis. Selection of vivid, compelling
extract examples, the final analysis of selected extracts, relating
the study to the research question and literature, and producing a

scholarly report.

Source: Braun and Clark (2006)

CAQDAS (Computer Assisted Qualitative Data Analysis) is software created to assist with qualitative

data analysis (Friese et al., 2018). One such software package is Atlas.ti, used by researchers from

various fields and professionals (Friese et al., 2018). Altas.ti was used in this study to conduct the

content analysis, and the 50 downloaded documents were uploaded to Atlas.ti for analysis purposes.



The six-phase guide in Table 1 was used in this study. As stated under section 2.4, these are only
guidelines, and therefore, it was used as much as possible for this study, but minor adaptations were

made along the route.

Phase 1: Familiarising yourself with your data

The Word Frequency functionality of Atlas.ti was used to develop a word cloud from all the
documents to develop an understanding of the content and to familiarise oneself with the content. The
threshold for words included was set at 30 — a word had to appear 30 times or more in the text to be
included in the word cloud to get a more meaningful word cloud. The resultant word cloud can be

seen in Figure 2. It is clear from Figure 2 that more work is required to identify themes in this study.
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Figure 2: Document word cloud

Source: Research data from ATLAS. ti, 2024

Phase 2: Generating initial codes

The first ten documents were coded to develop the initial codes. The codebook was exported to MS
Excel to clean up the codes by identifying similar codes and consolidating the similar codes into a
single code. The result was a more condensed and streamlined codebook, which was then imported
back into Atlas.ti. The new and updated codebook was then utilised to code the remaining uncoded

documents.



Phase 3: Searching for themes

Once all the documents were coded, the next step was searching for themes. According to Richman
(2005) Sankey diagrams are historically used to visualise the flow of materials or energy in various
processes and networks. Sankey diagrams illustrate the quantitative information about flows, their
relationships and transformations. A code-document analysis was performed with a Sankey diagram
since a Sankey diagram provides a robust association between data. The generated Sankey diagram
was the starting point of searching for themes as it indicated which codes were linked with more

documents than others, creating clusters of flow from the source documents to the codes.

Phase 4: Reviewing themes

The generated Sankey diagram in phase 3 was used to create code groups based on the clusters
formed around specific codes. Once all the codes were allocated to groups, a new Sankey diagram
was generated under the code-document functionality of Atlas.ti. This process was repeated twice to
get the groups that best fit the coding of the documents. The large clusters were then used to formulate

the themes of this study.

Phase 5: Defining and naming themes

From phase 4, the following predominant themes were defined:
1. Machine learning in sports

2. Data collection through wearable technology

3. Sports fans and Al

Phase 6: Producing the report

The report will be presented in section 3.

2.5. Trustworthiness

Since thematic analysis is a flexible method, the researchers must be explicit and clear about what is
being done and do what is being said (Braun & Clarke, 2006). Due to the subjectivity of content
analyses, it is also the reason for its criticism (Harwood & Garry, 2003). All stages of content
analyses, from the data collection method to analyses and, ultimately, the interpretation of the results,
are affected by the researcher(s)’ bias (Harwood & Garry, 2003). In terms of inductive content
analysis, trustworthiness becomes especially important since no theory-based categorisation matrix is
used to create the categories from raw data (Moldavska & Welo, 2017). The availability of rich,
appropriate and well-saturated data determines the trustworthiness of content analysis results (Elo et

al., 2014).



3. Results and finding

3.1. Machine learning in sport

Al, as described by Dindorf et al. (2023) is machines executing a type of human intelligence. Machine
learning, according to Huang (2021), is a subject that studies the use of computers to simulate or
implement human learning activities. Although artificial intelligence (Al) is a broad concept that
encompasses all aspects of mimicking human intelligence, it is often primarily associated with
machine learning (ML) methods (Van Eetvelde et al., 2021). The computer systems that can learn
from examples or experiences without being explicitly programmed are known as machine learning
(Dindorf et al., 2023). Continued breakthroughs in machine learning research have been made
possible through the availability of large, labelled image datasets (Sharma et al., 2021). Increased
computer processing power, new sources of data and broader application of machine learning have
increased the craving for new applications and strategies by sports organisations (Chmait &

Westerbeek, 2021).

This thought is echoed by Naik et al. (2022) that the increased computer processing power has
accelerated the analyses of big data and deeper analyses through AI. Al adoption and statistical
modelling have impacted professional sports at various levels of sophistication through new
technologies and research applications (Chmait & Westerbeek, 2021). The result has been a change in
thinking about player performance analytics, match strategies and tracking, identifying and learning

about sports consumers (Chmait & Westerbeek, 2021).

Machine learning accessibility is described as a double-edged sword by Hammes et al. (2022). When
non-experts gain access to a model but cannot assess if it has been trained correctly, Al sports
integration might fail because the models cannot prove themselves. Machine learning based on pre-
game predictions can improve the prediction of game results. However, to achieve more accurate
outcomes, incorporating more statistical data and live data streaming is essential for machine learning
techniques (Kapadia et al., 2020). Applying machine learning and automated sports analysis
consistently across different sports is currently challenging. This difficulty arises due to the dynamic
nature of sports, equipment limitations, and the varying environments specific to each sport (Cust et

al., 2019)

3.2. Data collection through wearable technology

In 2018, Kim and Chiu (2018) stated that wearable sports technologies are changing how people play

sports. The advancements in sensor and internet technologies have facilitated substantial progress in



wearable technology over the past two decades, leading to its widespread integration into daily life for
many individuals (Seckin et al., 2023).Ahsan et al. (2022) define wearable technology as an electronic
device attached to the human body for monitoring and delivering intelligent services. Wearable
electronic devices and technologies, as classified by the International Electrotechnical Commission,
include patchable materials and devices, implantable materials and devices, ingestible materials and
devices, and electronic textile materials and devices ([EC - TC 124 Dashboard> Scope, n.d.).
Wearable technology includes smart watches, smart jewellery, fitness trackers, smart shoes, smart

belts and brain activity trackers (Ahsan et al., 2022).

In recent years, Al technologies have seen extensive applications, coinciding with the widespread use
of smartphones and smart wearable devices. These advancements enable individuals to record their
psychophysiological data, such as heart rate, and track their geographical locations in real-time (Cai,
2022). These technologies enable the prediction of ball trajectories, gameplay analysis, player action
identification, and other essential components (Naik et al., 2022). Different aspects of sports, such as
monitoring players' fatigue through wearable sensors, tracking health conditions on the field, and
keeping tabs on players and the ball, can be managed using big data and information technologies.
Athletes and coaches extensively deploy wearable technologies for performance assessment and
monitoring, injury mitigation, and optimising athletic capabilities, which are not confined to training

regimens but extend to competitive sports (Seckin et al., 2023).

Progress in low-power electronics and the miniaturisation of sensors have facilitated the development
of various wearable devices for health and fitness monitoring (Ahsan et al., 2022). One of the
advantages of wearable technology is that data is acquired on the fly and with greater accuracy
(Rodrigues et al., 2020). Wearable technology is used to track players during training and collect data

on in-game performance (Patel et al., 2020).

The American College of Sports Medicine conducts an annual Worldwide Survey of Fitness Trends,
which is a valuable tool for exercise professionals and determines health and fitness trends for the
following year (Newsome et al., 2024). The annual survey’s results guide decision-makers in the
fitness industry, and data are gathered from thousands of researchers and practitioners. The results for
2024 can be seen in Table 2. Wearable technology is ranked number one. Wearable technology was
also ranked number one in 2016 (Thompson, 2015); 2017 (Thompson, 2016); 2019 (Thompson,
2018); 2020 (Thompson, 2019) and 2022 (Thompson, 2022).



Table 2: Top 20 Worldwide Fitness Trends for 2024

Ran

k Trend Trend Category

1 | Wearable Technology Digital Technology
2 | Worksite Health Exercise Setting
3 | Fitness Programs for Older Adults Special Populations
4 | Exercise for Weight Loss Programming
5 | Reimbursement for Qualified Exercise Professionals | Fitness Business Model
6 | Employing Certified Exercise Professionals Fitness Business Model
7 | Mobile Exercise Apps Digital Technology
8 | Exercise for Mental Health Programming
9 | Youth Athletic Development Special Populations

10 | Personal Training Programming

11 | Lifestyle Medicine Medical Fitness

12 | Outdoor Fitness Activities Programming

13 | Health/Wellness Coaching Programming

14 | Functional Fitness Training Training Modality

15| Yoga Training Modality

16 | Exercise is Medicine Medical Fitness

17 | Traditional Strength Training Training Modality

18 | Data-Driven Training Technology Digital Technology

19 | Online Personal Training Exercise Setting

20 | High-Intensity Interval Training (HIIT)

Training Modality

Source: Newsome et al.(2024)

3.3. Sports fans and Al

The application of Al is not limited to sports performance, athletic talent identification or technical
analysis of the game, but the business side of sports organisations is quickly shifting towards a data-
driven culture by developing profiles of fans and their consumer preferences (Chmait & Westerbeek,
2021). Fan engagement, smart stadiums, immersive media, quantified athletes, next-generation
sponsorship and e-sports are some of the recent technological trends in sport (Wu et al., 2022).
Challenging tasks in various sports are solved with the introduction of Al and attracting more viewers

by providing exciting viewer experiences (Naik et al., 2022).




The experiences of athletes and fans are fundamentally transformed by the close collaboration
between Al and sports, and sport is considered more inclusive than ever thanks to technological
advancements (Avci et al., 2023). Almost all sports matches and competitions are accessible on TV or
the internet, and Al allows watching from an ideal angle by automatically choosing the right camera

(Atasoy et al., 2021).

Al applications in the realm of sporting events are rapidly advancing, particularly in enhancing
spectator experiences and streamlining event administration, which includes advancements in data
analysis, event broadcasting, ticketing, and security monitoring (Chen, 2024). Viewers can use Al to
receive and follow information according to personal preferences and personalised information at

many points, such as electronic purchases from the internet to bet notifications (Atasoy et al., 2021).

Some sporting events use Al-based applications to provide more personalised experiences for
spectators (Avect et al., 2023). Fan engagement, according to Petal et al.(2020) is an important aspect
of any sports organisation as it increases revenue and attracts fans to stadiums. Atasoy et al. (2021)
describe sports facilities and venues as smart facilities. Fan engagement and an animated live game
experience are solidified within a stadium (Patel et al., 2020). Fan engagement has been under the
spotlight recently as fans represent the most significant part of the sports industry value chain (Wu et

al., 2022).

In order to cater for fans’ call for superior content and entertainment, statistical modelling, as well as
other machine learning solutions, are utilised in order to understand the economic value of players
(Chmait & Westerbeek, 2021). Fans demand in-depth analysis and commentary and prefer action-
packed highlights and behind-the-scenes content (Naik et al., 2022). Sports teams and sports
organisations utilise Al assistants to answer questions from fans on topics such as live game

information, team statistics and arena logistics (Atasoy et al., 2021).

4. Managerial Implications

ChatGPT was used to analyse the managerial implications of this study based on the following
prompt: “Formulate a paragraph on the content regarding the managerial implications of the research
findings”. The result was as follows: The research findings reveal significant managerial implications
for sports organisations, particularly in artificial intelligence (AI) and machine learning (ML)
integration. Managers must proactively adopt these technologies to enhance player performance
analytics, develop more effective match strategies, and elevate fan engagement through personalised

experiences. However, the accessibility of ML tools also poses risks; non-experts may misuse these



models, leading to potential inaccuracies and failures. Therefore, managers should ensure proper
training and oversight when implementing Al-driven systems. Moreover, adopting wearable
technology for real-time data collection requires investment in advanced, reliable devices to maximize
their potential. As Al increasingly shapes fan experiences, managers must prioritise data-driven
strategies to meet consumers' evolving expectations and maintain a competitive edge in the sports

industry (ChatGPT, 2024).

5. Ethical considerations

It is important not to limit the ethical attention to the specifics of Al-based technologies but to
acknowledge that Al is becoming part of the ambient infrastructure in modern societies (Heilinger,
2022). Ethics lacks a reinforcement mechanism as deviations from the various codes of ethics have no
consequence, and in cases where ethics is integrated into institutions, it mainly serves as a marketing
strategy (Hagendorff, 2020). Carrio Sampedro (2021) suggest a normative and ethical framework that
leads to an adequate use of Al in sports and is consistent with the human values to which the Olympic

Movement is committed.

Integrating Al into sports also brings challenges, such as concerns about data privacy, algorithmic
biases and ethical considerations (Yan, 2022). Balancing Al's benefits with these named challenges
requires sports organisations, technology developers, and policymakers to follow a thoughtful and
responsible approach. The promotion of safe and equitable deployment of wearable technologies
necessitates the implementation of legal frameworks, ethical principles, and appropriate technological

safeguards (Seckin et al., 2023)

6. Conclusions, Limitations and Future Research

This study examines the significant role of Al and ML in transforming the sports industry. Al,
particularly through ML methods, has revolutionised various aspects of sports, including player
performance analytics, match strategy development, and fan engagement. The advancements in
computer processing power and the availability of large, labelled datasets have propelled machine
learning research, enabling more sophisticated analyses and applications within sports organisations.
Wearable technology has emerged as a critical tool for real-time data collection, allowing for precise
monitoring of athletes' physiological metrics, which aids in performance optimisation and injury
prevention. Additionally, Al-driven fan engagement strategies, such as personalised content delivery
and smart stadium experiences, have enhanced the spectator experience and increased revenue
streams for sports entities. The consistent ranking of wearable technology as a top fitness trend
highlights its enduring importance and widespread adoption in professional and recreational sports

settings. Integrating Al and ML in sports has led to more data-driven decision-making, improved



athlete performance, and enriched fan interactions, marking a significant shift towards a

technologically advanced sports landscape.

Despite the promising advancements, several limitations hinder the full potential of Al and ML in
sports. One major challenge is consistently applying machine learning techniques across different
sports due to each sport's unique dynamics, equipment variations, and environmental conditions. This
variability complicates the development of universal models and strategies. Additionally, the
accessibility of machine learning tools to non-experts poses significant risks, as improper model
training and implementation can lead to inaccurate predictions and ineffective Al integrations within
sports organisations. The prediction accuracy of game outcomes remains limited, necessitating the
incorporation of more comprehensive datasets, including live data streams, to enhance reliability.
Wearable technologies, while beneficial, also face issues related to data privacy, device accuracy, and
the potential for data overload, which can complicate real-time data interpretation and application.
Furthermore, the rapid pace of technological advancements can outstrip the ability of sports
organisations to effectively integrate and utilise new Al tools, leading to potential gaps in adoption

and utilisation.

Future research should focus on enhancing the integration of live data streams with Al and ML
models to improve the accuracy of predictions in real-time, particularly in-game analytics and player
performance tracking. Another promising area is the improvement of Al accessibility for non-expert
users by providing tools that ensure proper model validation and usage. Research into the
standardisation of Al applications across various sports disciplines, considering the dynamic and
environmental variables unique to each sport, is also necessary. Lastly, further studies on the use of
wearable technology should explore how to enhance data accuracy and device functionality under

different conditions, ensuring more reliable and useful insights for both athletes and coaches.
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