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 I 

Abstract 

This dissertation investigated how artificial intelligence (AI) potentially disrupts football 

scouting and performance analytics as well as adoption dynamics shaping implementation. 

Moneyball is treated as an historical data analytics reference in professional sports. Moneyball 

disrupted baseball but did not yield comparable transformation in football. AI represents the 

next step for football disruption. 

 

This study employed a mixed-methods design, combining quantitative data from a consumer 

survey of 106 respondents with qualitative insights from 12 expert interviews from the football 

industry on barriers and drivers of AI in football scouting. Regressions and mediator/moderator 

tests identified determinants of acceptance and perceived disruption, while qualitative content 

analysis assessed experts’ opinions. 

 

The research indicated AI is a complement rather than a substitute for human scouts, with long-

term strategic alignment and ownership structures supporting data-driven decision-making. 

Building internal club capabilities and proprietary models will be a crucial differentiator. 

Perceived as barrier by literature and experts, the survey suggested latent AI acceptance by fans 

(56.6% neutral, 25.5% high). This study provides insights into technology adoption and 

perceptions in a dynamic, emotionally charged, and closed environment.  

 

Keywords: AI, Football Scouting, Moneyball, Performance Analytics, Fan Acceptance, 

Innovation Diffusion, Dynamic Capabilities 

 

Titel: From Moneyball to AI: The Disruptive Potential of AI in Football Scouting and 

Performance Analytics 

 

Author: Daniel Silva Costa 
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Resumo 

Esta dissertação analisa o potencial disruptivo da inteligência artificial (IA) no scouting e 

análise de desempenho no futebol, bem como as dinâmicas de adoção que influenciam a 

implementação. O conceito Moneyball é utilizado como referência histórica de métodos 

analíticos baseados em dados no desporto profissional. Apesar de ter revolucionado o basebol, 

Moneyball não gerou transformação equivalente no futebol. A IA surge como o passo seguinte 

com potencial para provocar disrupção significativa nesta modalidade. 

 

Este estudo utiliza uma abordagem de métodos mistos, combinando dados quantitativos obtidos 

através de um inquérito a 106 adeptos com dados qualitativos de 12 entrevistas a especialistas 

da indústria do futebol, focadas nas barreiras e nos fatores impulsionadores da adoção da IA no 

scouting. Foram realizados testes de regressão e de mediação/moderação para identificar 

determinantes da aceitação e perceção de disrupção, complementados por uma análise de 

conteúdo qualitativa que avaliou as perspetivas dos especialistas. 

 

Os resultados evidenciam que IA constitui um complemento, e não um substituto, para o 

trabalho dos olheiros humanos, sendo que o alinhamento estratégico de longo prazo e as 

estruturas de propriedade adequadas favorecem a tomada de decisões baseada em dados. O 

reforço das capacidades internas dos clubes e o desenvolvimento de modelos proprietários 

surgem como fatores diferenciadores críticos. Embora a literatura e os especialistas 

identifiquem a aceitação como barreira, o inquérito revelou sinais de aceitação latente por parte 

dos adeptos (56,6% neutros; 25,5% elevada). Este estudo contribui para compreensão da adoção 

tecnológica e perceções num contexto dinâmico, emocionalmente carregado e de acesso 

restrito. 

 

Palavras-chave: Inteligência Artificial, Scouting no Futebol, Moneyball, Analise de 

Desempenho, Aceitação dos Adeptos, Difusão de Inovação, Capacidades Dinâmicas 

 

Título: Do Moneyball à IA: O Potencial Disruptivo da IA no Scouting e na Análise de 

Desempenho no Futebol 

 

Autor: Daniel Silva Costa 
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1 Introduction 

Data analytics and big data have evolved significantly over the last two decades, not only in 

business but also in industries such as professional sports (Gerrard, 2016). The ability to process 

big data is revolutionizing traditional decision-making processes. In football, performance 

analytics, scouting, and player evaluation are evolving. The Moneyball Approach (MA) 

(Michael Lewis, 2003) exposed inefficiencies in player valuations in American Major League 

Baseball (MLB) and revolutionized data analytics in the sports industry.  

 

Lewis describes how the Oakland Athletics exploited advanced data analytics to make data-

driven decision-making that allowed them to compete with wealthier rivals. Billy Beane’s staff 

recognized higher correlation between metrics such as on-base percentages (OBP) and team 

performance, as opposed to traditional statistics such as batting averages. By exploiting market 

inefficiencies through these advanced data analytics, the Athletics were able to compete for the 

championship despite budget constraints. Following the release of Moneyball, MLB teams 

adjusted their player valuations, leading to a league-wide reassessment of players’ market value 

to accord with OBP (Hakes & Sauer, 2006). This demonstrates the disruptive potential of big 

data and advanced data analytics in professional sports. 

 

Moneyball triggered a shift toward analytics-driven decision-making in sports, including 

football (soccer). Clubs like Brentford FC in England and FC Midtjylland in Denmark became 

recognized for adapting the Moneyball concept to football scouting, utilizing advanced metrics 

to identify undervalued talent. However, applying Moneyball-like concepts to football presents 

significant challenges, primarily due to the sport’s complexity, fluidity, tactical variability, and 

high level of interdependence among players (Gerrard, 2007). Unlike baseball, where player 

contributions can be examined in isolated matchups, football requires a more complex, 

integrated, and context-aware performance evaluation. 

 

In recent years, football clubs have been adopting more sophisticated metrics to assess player 

performance and team success (Brechot & Flepp 2020). Short-term match outcomes are 

influenced by randomness, leading to systematic misjudgments in decision-making. This points 

to the complexity of data analytics and decision-making in football. Three barriers for data 

analytics in football have been identified: technological, conceptual, and cultural barriers 
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Gerrad, 2016). Although technology has evolved, football teams still make costly mistakes in 

recruitment. 

 

While a few clubs have had success applying Moneyball-like analytics to football scouting and 

transfer market decisions, existing models rely on basic statistical indicators such as goals, 

assists, and pass completion rates. These metrics might not be able to fully capture player 

contributions, particularly in roles that require tactical intelligence, defensive organization, or 

pressing efficiency (Hughes et al., 2012). Additionally, transfer market inefficiencies persist, 

with clubs frequently overpaying for players based on short-term performance trends (Essien 

et al., 2024). 

 

Short-term performance fluctuations such as winning or losing streaks also often lead to 

misguided transfer decisions and managerial changes, as clubs fail to account for the underlying 

expected performance (Brechot & Flepp, 2020). Similarly, studies applying data envelopment 

analysis (DEA) to player valuation highlight that some players are significantly over- or under-

valued based on non-contextualized statistics (Essien et al., 2024; Gavião et al., 2019). 

 

AI and ML offer a way forward, providing deeper, multi-dimensional player analysis, including 

more context-aware factors. AI-driven scouting models can incorporate predictive analytics to 

forecast future player development, optimize recruitment strategies, and reduce inefficiencies 

in transfer market decision-making. 

 

But despite the increasing role of analytics in football, AI-driven models remain underexplored 

in the context of scouting, talent identification, and performance analytics. Although existing 

studies have explored alternative key performance indicators (KPIs) for different positions 

(Hughes et al., 2012) and evaluated efficiency using data-driven models (Gavião et al., 2019), 

there is a lack of research on how AI might improve scouting, performance evaluation, and 

market efficiency. 

 

Furthermore, football clubs resist fully data-driven recruitment strategies due to cultural 

barriers and a high degree of uncertainty (Essien et al., 2024; Gerrard, 2016). Adopting AI in 

football analytics raises questions regarding its disruptive potential. Given these challenges, 

this thesis seeks to address the following Research Question: 
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How can AI disrupt football scouting, and which adoption dynamics influence its 

implementation? 

 

To answer this question, this study examined emerging AI-driven scouting and performance 

analytics methods. We conducted expert interviews to assess current applications, limitations, 

and expectations of AI in professional football scouting and performance analytics. Lastly, 

through a survey, we sought to understand the implications of data-driven decision-making on 

fan engagement in an emotionally charged sport such as football. 
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2 Literature Review 

The literature review provides context for our analysis of AI’s impact on data analytics in 

football. We explore traditional scouting and performance analytics, discuss the rise of AI, its 

adoption, and future implications for this domain. Lastly, we present relevant management 

theories. 

 

2.1 Introduction to the football industry 

Football is the most popular sport globally, with 43% of the population expressing interest in 

the sport (Nielsen Sports, 2018). Professional football is a multibillion-dollar industry, 

attracting the attention of various regulators and economic stakeholders. This increasing 

importance is reflected in economic-managerial scientific techniques that have been applied to 

the football industry (Renzi & Taragoni, 2023). Operating in a multi-level ecosystem, the 

football industry’s impact extends to economic, social, and cultural levels (Yiapanas et al., 

2024). 

 

The European football market grew from €28.9 bn in 2018/19 to €35.3 bn in 2022/23 and is 

projected to reach €39.1 bn in 2024/25 (Deloitte, 2024). Focusing on the combined revenue of 

the ‘big five’ European league clubs, England, Germany, Spain, Italy, and France, the 

dimensions become even more evident. An increase in the aggregated club revenue from €12.06 

bn to a projected €20.70 bn in 23/24 reflects a relative increase of 71.64% in just a decade. 

 

Despite growth, football remains a structurally unstable industry. Due to high wage-to-revenue 

ratios and unsustainable transfer spending, many clubs operate at a financial loss (Renzi & 

Taragoni, 2023). With increasing competition and the rise of modern technology, clubs are 

increasingly integrating data analytics into scouting, player valuation, and tactical planning to 

gain a competitive advantage (Deloitte, 2024). Reflecting the need for more sustainable data-

driven decision-making in football. 
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Figure 1: European Football Market Size – 2018/19 to 2024/25 (€ billion) (Deloitte, 2024) 

 

2.2 The Moneyball Approach 

The MA originated in MLB, notably employed by the Oakland Athletics (Lewis, 2004). It is 

closely associated with the team’s General Manager, Billy Beane, who implemented 

innovative, data-driven methods (Herberger & Litke, 2021). Facing a significantly lower budget 

than competitors, the Athletics adopted a ‘David’ approach, leveraging unconventional, 

quantitative analytics to compete effectively (Gerrard, 2016). 

 

Central to this approach was sabermetrics, the statistical analysis of baseball data, which 

identified market inefficiencies and undervalued players, notably emphasizing OBP over 

traditional batting averages, which failed to accurately capture a player’s contribution to 

winning. Oakland’s success, including a 20-game winning streak despite limited resources, 

exemplifies the strategy’s efficacy in outperforming expectations (Gerrard, 2016; Herberger & 
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Litke, 2021). The MA detailed in Lewis’s (2004) book and subsequent film, has significantly 

influenced sports analytics globally (Herberger & Litke, 2021). 

 

The MA’s application to more complex sports like football is limited by challenges in data 

collection and analysis due to continuous gameplay and multifaceted player roles, alongside 

technological, conceptual, and cultural barriers (Gerrard, 2007; Torgler, 2023). The relative 

simplicity of baseball’s discrete events facilitated early adoption of data analytics, a process 

more complex in sports with ongoing, interdependent events. 

 

2.3 Applying Moneyball Principles in Football 

Although the MA has been extended to football and other sports (Gavião et al., 2019), directly 

transferring its principles to complex invasion team sports like football presents unique 

challenges (Gerrard, 2007; Gerrard, 2016). Unlike baseball, which is naturally discrete and 

where individual contributions are easily quantifiable, football involves actions away from the 

ball and in non-linear contexts that are difficult to measure but significantly influence match 

outcomes (Bornn et al., 2018; Herberger & Litke, 2021).  

 

Applying MA in football involves strategic player acquisition and team management through 

statistical analyses and data-driven decision-making (Chatziparaskevas et al., 2024). Similar to 

the Oakland A’s, this data-driven management approach offers a means for financially 

constrained clubs to compete successfully with wealthier opponents (Chatziparaskevas et al., 

2024). Factors such as anticipated efficiency and effectiveness gains, and fans’ perception 

towards the technology influence the adaptation of Moneyball principles (Plattfaut & Koch 

2021). In football, Brentford FC’s successful promotion to the Premier League (PL) using 

advanced statistical indicators despite limited resources is often seen as an example of 

successfully implementing Moneyball principles in the sport (Chatziparaskevas et al., 2024). 

While the core concept of data utilization is transferable, adapting Moneyball to football 

requires acknowledging the sport’s complexity (Gerrard, 2007; Reade & Royle, 2025). 

 

2.4 Football Scouting and Performance Analytics 

Recent advancements have significantly increased the use of data analytics in professional 

football, particularly in performance analyses and scouting (Biermann, 2019; Goes et al., 2021; 

Link, 2018). Historically, tradition, experience, and intuition were crucial in football 
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management and strategy. Coaches and managers predominantly based key decisions on their 

understanding of the game, built over years of experience (Mackenzie & Cushion, 2013; Reade 

& Royle, 2025; Rein & Memmert, 2016). 

 

2.4.1 Traditional Scouting vs Data-Driven Scouting 

Player scouting has traditionally relied significantly on subjective observations and scouts’ 

experience (Hughes et al., 2012; Schmidt, 2020). While valuing expertise, this approach is 

limited by individual biases and memory constraints, which can hinder objective assessment 

(Andrews, 2022). In contrast, the MA in baseball demonstrated the potential of data-driven 

management to identify undervalued talents and gain competitive advantages through extensive 

data analyses (Patnaik et al., 2019). The modern reality of football transfers has increasingly 

shifted towards reliance on data, exemplified by clubs like Brentford, which leverage analytics 

for recruitment success against larger, less data-driven competitors (Raza, 2025). Advances in 

data availability and analyses have facilitated a shift toward data-driven scouting, utilizing 

diverse sources and analytical techniques to evaluate (Herberger & Litke, 2021; Link, 2018). 

Rather than depending on scouts’ intuition, teams increasingly incorporate sports analytics 

technology into talent identification, enabling pattern-based analyses of complex player 

performance over time (Araújo et al., 2021; Link, 2018; Schmidt, 2020). 

 

Statistical analyses of in-game situations increasingly influence talent identification and player 

recruitment (Gavião et al., 2019). Data analysis may help identify technical qualities in players 

who might be undervalued or overlooked by the traditional market (Gavião et al., 2019). 

Although data mining approaches can support strategic planning, coaches ultimately seek to 

retain decision-making authority (Herberger & Litke, 2021). 

 

2.4.2 Evolution of Football Performance Analytics 

Football performance analyses have advanced beyond simple observational data and statistics, 

such as shots on goal, passes, tackles, possession, distance covered, and heat maps (Link, 2018; 

Rein & Memmert, 2016). Early tactical analyses relied on variables that overlooked significant 

contextual information (Rein & Memmert, 2016). The field has progressively shifted from 

simple on-ball metrics to more sophisticated, contextually-rich analytical methods (Bornn et 

al., 2018). 

 



 8 

The advancement of digital technologies and sensor systems has significantly increased data 

availability, particularly spatio-temporal position data, which is now standard in professional 

football and offers detailed performance insights (Link, 2018). Public datasets, such as those 

from Wyscout, result from meticulous video analyses involving multiple steps: recording initial 

player positions and formations, detailed event labeling with specific types and subtypes (E.g., 

a pass as a header or free-kick), and quality control through automated algorithms and manual 

verification, ensuring data reliability and validity (Zeng & Pan, 2021). This increasing data size 

is a notable trend in sports science (Rein & Memmert, 2016). 

 

New methodologies extract meaningful insights from large datasets, focusing on identifying 

patterns, structure, and causal relationships to deepen understanding of sports performance. 

Sophisticated performance indicators include modeling interactions using dynamic systems 

theory concepts like Approximate Entropy and Relative Phase (Link, 2018). Network analyses 

have been employed to analyze passing patterns linked to success, leading to tactical constructs 

like Control of Space, Availability, Pressing, and Dangerousity, derived from spatiotemporal 

tracking data (Gavião et al., 2019; Herberger & Litke, 2021; Rein & Memmert, 2016). Newly 

introduced metrics, including Expected Goals (xG), Expected Assist (xA), and Expected Goal 

Involvement (xGI), provide probabilistic assessments of scoring opportunities based on 

contextual factors (Chatziparaskevas et al., 2024; Pu et al., 2024). Performance indices, like the 

Player Performance Efficiency Index (PEI), aim to objectively evaluate player performance 

across technical dimensions (Essien et al., 2024). Further, metrics such as Expected Threat (xT) 

evaluate the contribution of passes and carries in advancing play towards goal, while the 

broader framework of Expected Possession Value (EPV) quantifies the instant value of each 

moment in a possession by analyzing detailed spatiotemporal data of all players and potential 

actions (Fernández et al., 2019; Wisdom & Javed; 2023). A recurring key idea in tracking data 

analyses is pitch control, which quantifies the space dominated by players or teams, offering 

insights into tactical dynamics like counter-attacks versus defensive depth (Graham, 2019). 

 

Despite advancements in sophisticated football metrics, effectively communicating data-driven 

insights to coaching staff remains a challenge, particularly with complex or opaque models 

known as ‘black boxes.’ This has led to increased focus on Explainable AI (XAI) and methods 

that translate complex numerical outputs into actionable, contextually relevant insights for 

practitioners (Rahimian et al., 2025). 
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The increasing volume, variety, and velocity of this data have sparked discussions on big data 

in sports analytics (Goes et al., 2021; Herberger & Litke, 2021). Although football datasets may 

not reach the petabyte scales typical of big data, effective management of such heterogeneous 

data necessitates specialized solutions beyond traditional methods (Araújo et al., 2021; Rein & 

Memmert, 2016).  

 

2.4.3 The Role of AI in Football Scouting and Performance Analytics 

AI is increasingly recognized as transforming sports analytics and football (Chatziparaskevas 

et al., 2024), with ML being a key component of this transformation. (Herberger & Litke, 2021). 

AI and ML are significantly extending the capabilities of football analytics, moving beyond 

traditional statistical methods (Tuyls et al., 2021). 

 

AI is progressively utilized in scouting and player evaluation through ML models that assist in 

player rankings, salary decisions, and talent identification (Schmidt, 2020). AI is expected to 

be capable of synthesizing scouting reports, advanced game statistics, performance testing, 

training loads, injury reports, and personality profiles to predict how players might develop and 

identify potential talents (Schmidt, 2020). For instance, PLAIER has constructed an extensive 

database integrating event data, injury data, and salary data from over 100 leagues, providing 

guidance on transfers, assessing squad cohesion, informing coaching decisions, quantifying 

expected individual player impact on team performance, and identifying optimal transfer targets 

(Bate, 2025). Further, top clubs employ AI-driven applications to scout emerging talent 

(Bantock, 2024). This integration of data and AI is seen as a fundamental shift in football 

management (Chatziparaskevas et al., 2024; Pu et al., 2024). 

 

AI and ML technologies detect complex patterns and quantify previously unmeasurable aspects 

of game dynamics and player performance, surpassing traditional subjective assessments and 

basic statistics (Schmidt, 2020; Memmert & Rein, 2018). These advanced approaches facilitate 

tactical decision-making models (Rein & Memmert, 2016). For example, AI systems can 

simulate a game against all PL clubs 100,000 times to estimate a potential player’s impact and 

fit, a task unfeasible manually (Bate, 2025). This enables predicting player performance across 

multiple player-level metrics, accounting for differences in playing style, teammate ability, and 

league quality (Dinsdale & Gallagher, 2022). ML approaches like neural network modeling and 

Kohonen Feature Maps (KFM) have been used to study tactical patterns and identify team 
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formations (Link, 2018). Predictive models based on Back Propagation neural networks aid in 

determining optimal player positions by analyzing performance and physiological data, thus 

supporting objective player selection and recruitment strategies, moving beyond subjective 

coach perceptions and allowing for objective targeting of team deficits (Zeng & Pan, 2021). 

Deep learning algorithms can imitate tactical behavior and estimate team strategies in various 

situations (Link, 2018). AI-driven predictions extend to estimating player talent, market value, 

injury risk, and identifying undervalued players, thereby informing transfer decisions and 

training load management (Gavião, 2019; Sulimov, 2024).  

 

Advanced AI models analyze spatial value on the pitch using continuous player-tracking data, 

enabling estimation of defensive control and strategic positioning. These methods identify key 

spaces and complex patterns for tactical decisions and player evaluation (Bornn et al., 2018). 

Leveraging ML techniques supports strategic planning and tactical decision-making at both 

individual and team level (Herberger & Litke, 2021; Rein & Memmert, 2016). Technological 

advancements allow for real-time data availability on smart devices, facilitating rapid decision-

making with increased reliance on data scientists within coaching staffs (Herberger & Litke, 

2021). Network analysis, often combined with machine learning techniques like K-means 

clustering, is used to analyze player passing networks and suggest in-game strategies. 

Clustering analysis is also used to identify technical performance indicators for various 

positions and evaluate overall performance (Gavião, 2019). 

 

AI enhances accessibility in football analytics through recent advancements like 

‘wordalisations,’ which utilize large language models (LLMs) to translate complex model 

outputs into natural language explanations. This approach addresses the communication gap 

between technical data and practical, narrative-driven understanding for coaching staff 

(Rahimian et al., 2025). Tools such as Twelve Football’s Earpiece provide football intelligence 

and data-driven insights via WhatsApp, translating complex data into actionable narratives for 

sporting directors, analysts, and coaches, thereby facilitating recruitment and performance 

evaluation processes without the need for complex dashboards or manual data analysis. This 

exemplifies a trend towards more user-friendly and readily available analytics for decision-

makers across all levels of professional football (Carey, 2025). 

 

Thus, AI significantly impacts football analytics and serves as a benchmark for AI research (Pu 

et al., 2024). The availability of large amounts of data has driven ML’s breakthrough and 
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paradigm shifts (Herberger & Litke, 2021). Future AI models are expected to integrate new 

parameters, such as psychological profiles and injury prediction, expanding their operational 

scope in football (Bate, 2025). AI is transforming both on-pitch activities (match analysis, 

performance analysis) and club management (scouting, decision-making) (Chatziparaskevas et 

al., 2024).  

 

2.5 Overcoming Limitations of the Moneyball Approach with AI 

While the MA demonstrated the value of data in baseball, its application in complex team sports 

like football faces challenges, which AI and big data can help overcome (Gavião, 2019; Reade 

& Royle, 2025). 

 

Conventional football analytics, often relying on basic statistics or observational data, are 

limited by the game’s dynamic and non-linear nature, reducing their usefulness for strategy and 

performance assessment (Biermann, 2019). Early tactical analyses frequently overlooked 

valuable contextual information (Rein & Memmert, 2016). The complexity and fluidity of 

football have historically hindered the applicability of traditional statistical approaches, with 

some early data efforts failing to correlate with game outcomes, especially regarding off-ball 

actions (Biermann, 2019; Bornn et al., 2018; Gavião, 2019). 

 

The main challenges in football analyses involve the subjectivity of human assessments, which 

AI mitigates by offering objective, data-driven insights, reducing reliance on individual 

perception (Andrews, 2022; Carey, 2024). Due to football’s complexity, characterized by 

numerous players, dynamic interactions, and low scoring, traditional statistics often provide 

limited perspective. AI’s ability to detect intricate patterns in high-dimensional data is crucial 

in this context (Tuyls et al., 2021). Deep learning models can analyze spatiotemporal tactics, 

evaluating actions within their broader tactical framework rather than as isolated events 

(Fernández et al., 2019). Big data and AI address Moneyball’s limitations by managing vast, 

diverse datasets, enabling more comprehensive analyses than conventional methods (Herberger 

& Litke, 2021; Rein & Memmert, 2016).  

 

AI models, such as PLAIER, focus on system efficiency, assessing individual contribution to 

team success rather than isolated attributes, thus enhancing player valuation (Bate, 2025). 

Enabling a more precise identification of undervalued players extends the core Moneyball 
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principle of exploiting market inefficiencies into previously unmeasurable dimensions of 

football performance. Advanced techniques like random forest and predictive analysis facilitate 

the development of increasingly sophisticated models to assist in strategic planning and forecast 

outcomes or performance (Herberger & Litke, 2021). AI enables the analysis of tactical 

behavior across several levels (individual, group, team) and may potentially address the existing 

gap in comprehension of the interplay of factors such as formations, individual skills, and 

physiological demands (Rein & Memmert, 2016). Geometric models and metamodels, 

combined with data on player position and game status, enable the definition of strategies and 

playing styles based on underlying tactical constructs (Herberger & Litke, 2021). Moreover, 

technological advancements allow for the integration of broader datasets, improving the 

identification of undervalued players and addressing limitations of traditional scouting and 

metrics (Gavião, 2019; Schmidt, 2020). 

 

A particularly disruptive insight facilitated by AI in football management challenges the 

perception of a coach’s impact on team success. Recent AI analyses suggest that team success 

is determined approximately 90% by player quality, and 10% by coaching impact, though this 

seemingly minor influence can be decisive. This re-evaluates the significance of a team’s player 

quality in recruitment decisions. For instance, AI analyses indicated that Thomas Tuchel’s 

dismissal from Chelsea was not necessary, as his performance matched the squad’s inherent 

quality. Similarly, AI models showed that Jürgen Klopp’s achievement at Liverpool was 

consistent with expected results based on team strength, rather than overperformance. These 

findings provide stakeholders with a data-driven perspective, supporting more informed 

decision-making in club management (Bate, 2025). 

 

Despite these advancements, AI in football still faces limitations due to inherent randomness 

and data constraints, which introduce uncertainty into predictions. For instance, while a BP 

neural network model for player position prediction achieved an overall accuracy of 77%, 

performance varied by position. Precision was higher for midfielders and defenders (77% and 

90%), but significantly lower for attackers (around 40%), primarily due to disparities in dataset 

size and imbalance. 

 

The effectiveness of ML models is often constrained by data size and the technical complexity 

of AI algorithms, such as computational demands (Zeng & Pan, 2021). Data scarcity is 

particularly relevant for low-data players, emerging talents, or recently promoted teams 
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(Dinsdale & Gallagher, 2025). The ‘Transfer Portal’ model mitigates this issue through the use 

of ‘adjustment models’ that estimate initial performance levels, updating them as more data 

becomes available. This approach facilitates more informed transfer decisions, even with 

limited game data (Dinsdale & Gallagher, 2025). Predictions remain further uncertain due to 

intrinsic randomness, technical limitations, and limited sample size of matches (Araújo et al., 

2021). 

 

One of the key challenges in football analytics is bridging the communication gap between 

complex data analyses and the practical understanding of coaching staff (Rahimian et al., 2025). 

Coaches need actionable insights that are often not provided by numerical probabilities or 

metrics alone. AI-driven solutions like ‘wordalisation’ help translate these outputs into natural 

language narratives by leveraging LLMs and making insights more accessible and useful 

(Rahimian et al., 2025). While there is a trade-off between engagement and accuracy in 

automated descriptions, a comprehensive wordalisation approach, incorporating contextual 

examples and narrative elements, effectively balances these factors, enhancing practical utility 

(Rahimian et al., 2025). This transformation reduces reliance on intuition, which has 

historically impeded data integration in football (Tuyls et al., 2021). Additionally, AI automates 

data engineering tasks, improving efficiency and democratizing access to strategic information 

among decision-makers like chairmen or sporting directors (Carey, 2025). The success of clubs 

like Liverpool FC exemplifies how synthesizing human expertise with AI, referred to as 

‘integrated intelligence,’ can foster a sustainable competitive advantage (Lichtenthaler, 2020).  

 

Although initial skepticism persisted, top coaches like Jürgen Klopp have embraced data-driven 

approaches after experiencing their benefits (Lichtenthaler, 2020; MIT Sloan Sports Analytics 

Conference, 2024). Nevertheless, successful AI integration in football clubs depends on stable 

leadership, funding, and overcoming cultural resistance, including distrust of data that conflicts 

with entrenched beliefs or subjective judgments (Tuyls et al., 2021). Addressing data-centric 

and technical limitations remains crucial for unlocking its full disruptive potential in football. 

Cultural barriers, such as managers’ concerns about negative fan perceptions, further hinder 

adoption in traditional clubs (Plattfaut & Koch, 2021). 

 

The adoption of AI-driven insights among clubs varies significantly; some use it as a critical 

filter to target players, others for validating proposed signings, and more advanced teams for 

generating direct player recommendations, indicating embedded strategies despite cultural 
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barriers (Bate, 2025). While AI’s application in football is not entirely novel, there is a need for 

greater understanding of its strategic implementation, challenges, and cultural resistance from 

a management perspective. 

 

2.6 Key Concepts of Innovation 

2.6.1 Disruptive Innovation 

Christensen's notion of disruptive innovation explains how market and technological paradigm 

shifts can cause established firms to fail (Christensen, 1997). He distinguishes between 

sustaining and disruptive innovation, where the former pertains to improving existing products 

along dimensions valued by mainstream customers. Disruptive innovations, on the other hand, 

introduce novel attributes such as simplicity, affordability, or accessibility. They often 

underperform in traditional performance metrics and appeal in particular to overlooked or 

entirely new customer segments (Christensen, 1997; Christensen et al., 2018). 

 

Disruptive innovations typically enter markets at the low end or in new markets with 

unattractive margins, leading incumbents to overlook them (Christensen et al., 2018). Over 

time, these innovations improve and capture mainstream markets, displacing incumbents who 

fail to respond. An outcome driven not by managerial incompetence but by rational decisions 

favoring profitable, sustaining innovations (Christensen, 1997; King & Baatartogtokh, 2015). 

 

2.6.2 Diffusion of Innovations 

The Diffusion of Innovation model developed by Rogers (2003) provides a fundamental 

framework for understanding how new ideas, technologies, or practices are adopted within a 

social system over time. Diffusion is defined as the process by which an innovation is 

communicated through specific channels among members of a social system (Rogers, 2003). 

 

The framework defines five innovation characteristics that influence the adoption rates: relative 

advantage, compatibility, complexity, trialability, and observability. Innovations perceived as 

offering greater benefits compared to existing solutions (relative advantage), aligning well with 

users existing values and experiences (compatibility), being easy to understand and use (low 

complexity), allowing for experimentation (trialability), and producing visible results 
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(observability) tend to be adopted more rapidly (Lou & Li, 2017; Robinson, 2009; Rogers, 

2003). 

 

Rogers categorizes adopters into five categories based on their readiness to adopt innovations: 

innovators, early adopters, early majority, late majority, and laggards. These segments follow 

a bell-shaped distribution and reflect varying levels of innovations and risk tolerance, which 

are critical for diffusion planning (Rogers, 2003). 

 

Diffusion of Innovations emphasizes the significance of interpersonal communication and 

social networks in shaping adoption decisions. Peer influence is often decisive in reducing 

uncertainty and encouraging behavioral change, particularly among later adopters (Robinson, 

2009). As such, beyond dealing with technological adoption, the theory also examines broader 

patterns of social change. 

 

2.6.3 Blue Ocean Strategy 

Blue Ocean Strategy (Kim and Mauborgne, 2005) is a transformative view of strategy that shifts 

attention from competitive rivalry to the creation of uncontested market space. Instead of 

competing with the constraints of existing industries ‘red oceans,’ firms should seek out ‘blue 

oceans’ defined as new uncontested market spaces where competition becomes irrelevant (Kim 

& Mauborgne, 2005; Kim & Mauborgne, 2005b). Unlike traditional views that assume fixed 

industry boundaries, this view implicates market reconstruction through strategic action (Kim 

& Mauborgne, 2005). 

 

Value innovation is at the core of Blue Ocean Strategy. Firms that succeed in creating blue 

oceans do so by delivering a leap in value for both the company and its customers, often by 

redefining industry norms and eliminating assumptions (Kim & Mauborgne, 2005b; Kim & 

Mauborgne, 2005c). This demonstrates that the perceived trade-off between value and cost can 

be overcome by aligning innovation with utility, price, and cost structures (Kim & Mauborgne, 

2005). 

 

2.6.4 Dynamic Capabilities 

The dynamic capabilities framework, introduced by Teece, Pisano, and Shuen (1997), provides 

a conceptual understanding of how firms compete in rapidly changing environments. Dynamic 
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capabilities refer to a firm’s ability to integrate, build, and reconfigure internal and external 

competencies to respond to market changes. Unlike the static resource-based view (RBV), 

which emphasizes valuable, rare, inimitable, and non-substitutable (VRIN) resources, the 

dynamic capabilities approach explains how firms adapt these resources over time to maintain 

relevance in dynamic contexts (Eisenhardt & Martin, 2000; Teece et al., 1997). 

 

These capabilities are embedded in organizational and strategic routines, such as product 

development, strategic decision-making, and alliance formation (Eisenhardt & Martin, 2000). 

By acquiring, recombining, and redeploying assets, firms can innovate and respond more 

effectively to market disruptions, especially in high-velocity contexts where active disruption 

of conventional bases of persistent advantage exists (Barreto, 2010; Samsudin & Ismail, 2019; 

Teece et al., 1997). Although dynamic capabilities can provide temporary advantage, their 

ultimate value depends on their strategic application and ongoing renewal, making them 

necessary but not solely sufficient for sustained competitive success (Collis & Anand, 2019).   
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3 Methodology 

3.1 Research Design 

The research design aimed to assess AI’s disruptive potential in football. Figure 2 illustrates the 

methodology. 

 

 

Figure 2: Research Design 

 

A mixed-methods approach using triangulation, combining quantitative and qualitative data 

with both inductive and deductive thinking, was selected (Mayring, 2014; Sekaran & Bougie, 

2016). Data were collected through semi-structured interviews with industry experts, providing 

in-depth insights (Qu & Dumay, 2011; Rowley, 2012). Additionally, a survey assessing fan 

perceptions and technology acceptance, considering fan perception as a key adoption factor 

identified in the literature, was conducted. Triangulation integrated qualitative analyses, 

literature review, expert interviews, and survey results to synthesize findings. 
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3.2 Data Collection 

Primary data was collected through two sources, semi-structured expert interviews and a 

consumer survey. 

 

3.2.1 Primary Data Collection – Expert Interviews 

Interviews are a fundamental method in qualitative research, providing valuable insights into 

individuals’ experiences and perspectives (Doody & Noonan, 2013; Glaser & Strauss, 2017). 

For this exploratory study, semi-structured interviews were selected due to their balance of 

structure and flexibility, facilitating in-depth exploration of complex topics (Barriball & While, 

1994). Engaging with knowledgeable respondents or key personnel allowed for detailed data 

collection and richer understanding (Glaser & Strauss, 2017). Semi-structured interviews are 

particularly suitable for capturing perceptions on complex and sensitive issues, enabling 

probing for clarification and elaboration (Barriball & While, 1994). It prioritizes participants’ 

unique perspectives over generalization (Adeoye‐Olatunde, & Olenik, 2021). 

 

An interview guide was used to standardize data collection and provide structure, incorporating 

open-ended and follow-up questions to enhance depth (Adeoye‐Olatunde, & Olenik, 2021; 

Barriball & While, 1994; Doody & Noonan, 2013). Probing can lead to new concepts emerging, 

which increases richness of data for analysis (Doody & Noonan, 2013). The guide consisted of 

12 core questions (cf. Appendix I), with interviews averaging about 36 minutes, allowing 

flexibility for participant expertise while maintaining consistency. In total, twelve interviews 

were conducted, including one in written form, ensuring data saturation, which typically occurs 

with twelve interviews (Guest et al., 2006).  
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Table 1 - Overview of Interviewees 

 

 

3.2.2 Primary Data Collection – Consumer Insights Survey 

Survey data can be generated rapidly and in large quantities using online platforms (Ball, 2019). 

The questionnaire covered demographics, perceived usefulness and trust in AI, authenticity 

concerns, cultural resistance, AI acceptance, and its disruptive potential. Conducted online 

through Qualtrics, the self-administered format minimized social desirability bias and ensured 

consistency in question delivery (Ball, 2019). 

Twenty-two Likert scale questions were included, with Question 9_4 serving as a control to 

ensure data quality. In total, 170 respondents began the survey, and 125 completed it. Of these, 

7 did not pass the control question and 12 respondents were excluded based on screening criteria 

(how closely they follow football), resulting in a final sample size of 106 respondents. 
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Fan perceptions of AI in football scouting and performance analyses were examined using an 

extended Technology Acceptance Model 3 (TAM3), incorporating constructs such as Perceived 

Authenticity, Trust in AI, and Cultural Resistance. TAM3’s robustness in explaining 

technology acceptance, especially its adaptability in non-user contexts and those involving 

emotional and cultural factors, justified its selection. 

 

Traditionally, TAM focuses on Perceived Usefulness and Ease of Use as predictors of 

Behavioral Intention for understanding user acceptance of technology (Davis, 1989). The 

extended TAM3 framework allows for nuanced understanding by including antecedents and 

moderators suitable for more complex contexts (Venkatesh & Bala, 2008). 

 

Given that football fans are not direct users but are impacted by its outcomes as major drivers 

of the football industry, TAM3 was adapted by replacing Behavioral Intention with Acceptance 

(support for AI use) and Behavioral Response (changes in fandom engagement). This approach 

aligns with prior research on non-user stakeholders affected by technology (Straub, 2009; 

Quershi, 2022). Trust was deemed a critical factor based on existing literature (Gefen et al., 

2003).  

 

Alternatives such as the Unified Theory of Acceptance and Use of Technology (UTAUT) and 

the Theory of Planned Behavior (TPB) were considered but deemed less suitable due to their 

complexity or lack of technological specificity (Ajzen, 1991; Venkatesh et al., 2003). TAM3’s 

prior application in sports contexts (Capasa et al., 2022; Mahardika & Suhari, 2023) further 

supported its use. 

 

To address the emotional and cultural dimensions of football fandom, particularly concerns 

about AI diminishing the human element or breaking traditions, TAM3 was extended with three 

constructs and dual outcome measures: 

 

Perceived Authenticity: Measured perceptions that AI undermines football’s human 

nature. Authenticity is a core driver of fan engagement in sports, influencing acceptance 

of technological interventions and innovations (Numerato, 2015). 
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Trust in AI: Assessed confidence in AI’s reliability and accuracy. Especially in high-

stakes domains, Trust is a significant determinant of technology acceptance (Kim et al., 

2023). 

 

Cultural Resistance: Captured opposition to AI due to conflicts with traditional values. 

Football fans often see technological changes as damaging the cultural heritage of 

football (Numerato, 2015). 

 

Acceptance and Behavioral Response: Acceptance measured attitudinal support for 

AI use, while Behavioral Response assesses changes in fandom engagement. This dual 

approach reflected fans’ non-user status and engagement dynamics, adapting TAM3 to 

capture both attitudinal and behavioral outcomes in response to AI adoption. 

 

These extensions addressed managers’ concerns about negative fan engagement, which is a key 

driver for successful adoption of data-driven and AI-based models in football scouting. 
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4 Results 

4.1 Expert Interviews 

This chapter presents the empirical results of the study. Section 4.1 reports the findings from 

the expert interviews, while section 4.2 outlines the results from the consumer survey. 

 

4.1.1 Current Data Science Practices & Understanding 

4.1.1.1 Integration of Traditional Scouting and Data 

Integrating data science in sports was widely recognized as a significant development. Similar 

to the literature, [E7] noted a rapid evolution of data integration in scouting in recent years [E4] 

underlined that ‘if you don’t open up to data analysis, nowadays you cannot compete.’ 

Likewise, [E7] declared data integration as ‘absolutely necessary,’ especially for clubs in 

international contexts. However, adoption varies significantly across clubs, leagues, and 

geographies, with the first two to three English leagues perceived as the most advanced [E3, 

E5, E6, E7, E8, E9, E10, E11]. Some experts further indicated that not all, or even most, clubs 

have implemented data science into their approaches [E3, E5, E6, E7, E8], noting that especially 

smaller clubs lag in data integration due to cost, ownership structures, internal resources, and 

distrust. [E11] stated that, particularly in Portugal, some clubs don’t even have dedicated 

scouting departments, making it ‘hard to justify having a data department.’ In contrast, some 

experts stated that nowadays most clubs use data science to complement scouting [E4, E10] 

and ‘the smaller the club, the more important it is that data is utilized’ [E10]. 

 

Data science is predominantly used to enhance efficiency and reduce bias in scouting. Its 

primary application is for identifying and early filtering of players [E3, E5, E6, E7, E8, E9, 

E11, E12]. [E6, E11] also noted that data is used both ways, including later to validate players 

identified by traditional scouts. [E10] suggested a dual approach, creating separate shortlists 

via scouts and data in parallel to challenge each other. Data is crucial and integrated into the 

decision-making process to complement scouting, enabling more informed decisions [E3, E4, 

E5, E6, E7, E9, E10, E11, E12]. Some interviewees stated that their clubs would never sign a 

player without data supporting the player choice [E4, E5, E11]. 
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4.1.2 AI & ML Usage and Applications in Football Scouting 

4.1.2.1 Variance in AI and ML Adoption 

While interest in AI is growing, many professional clubs have yet to fully integrate 

sophisticated solutions. Adoption levels vary greatly, as it is with regard to distinct perceptions 

among industry experts. Some experts called AI a ‘buzzword’ with limited deep 

implementation [E3]. ML and AI are generally the next step after structured data integration, 

but only ~20% of clubs with structured data have advanced to predictive and robust ML models 

[E8]. [E5, E7, E9, E11] indicated low AI use in scouting, with most clubs not employing 

sophisticated models daily and in decision-making. In contrast, [E4] commonly uses AI and 

stated that almost every professional club has started to use AI processes. [E1, E2, E6, E7, E10, 

E11] acknowledged that existing sophisticated models are primarily deployed in performance 

evaluation rather than decision-making. The football industry was widely described as highly 

closed domain, making it hard to gauge actual adoption, as clubs keep models and discoveries 

confidential [E2, E3, E4, E6, E8, E10]. The uneven spread of AI within football and experts 

advocating for cautious use until effectiveness is proven, maps directly onto Rogers’ Diffusion 

of Innovation model (2003) and its different readiness categories for adopting innovations. 

 

4.1.2.2 Current Use Cases and Applications 

AI is most often applied to improve efficiency in scouting, acting as a filter to generate player 

shortlists from large datasets, reducing initial scouting efforts, and facilitating more focused 

traditional human scouting as a subsequent step [E1, E2, E4, E5, E7, E8, E9, E10, E11]. ML 

models help determine key metrics for specific positions [E5], and [E9] described leveraging 

AI at his PL club to condense multiple scouting reports. 

 

Beyond shortlisting, AI supports advanced player evaluation. It allows to quantify more 

sophisticated on-ball and off-ball metrics such as defensive pressure, player movement, and 

impact on game outcomes, which are difficult to assess with conventional methods [E2, E4, 

E10]. More uniquely, [E4] described developing proprietary AI models within the coaching 

staff, trained on tailored data to analyze player movements on specific tactical concepts, 

predicting customized player-system compatibility based on the team’s specific needs. Other 

experts highlighted ongoing work on predicting performance across leagues and systems to 

anticipate players’ adaptations [E1, E3, E4]. Further applications included injury prevention 

and youth player development [E2, E7, E8]. 
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All experts [12E / 12E] emphasized the need to balance AI insights with human judgment, 

especially for intangibles like leadership, mentality, personality, and off-pitch factors, where 

AI currently falls short [E1, E2, E5, E6, E7, E9, E10, E11]. AI was highlighted as a vital 

complement in the scouting process, not as a replacement for traditional scouts 

 

4.1.3 Drivers and Opportunities for AI Adoption in Football Scouting 

Experts identified several key drivers and opportunities for AI adoption in football scouting, 

highlighting its potential to enhance efficiency, precision, and strategic decision-making. 

 

4.1.3.1 Efficiency Gains and Time Benefits 

Efficiency was mentioned as a primary driver for AI adoption [E1, E2, E4, E5, E7, E9, E11]. 

AI is anticipated to generate scouting reports and videos, identify specific player profiles, and 

complete tasks in minutes that currently take weeks [E4, E9, E11]. It acts as a ‘personal 

assistant’ by rapidly aggregating and correlating diverse data sources for decision-making [E4]. 

AI presents a key opportunity to synthesize disparate information sources into coherent and 

actionable insights [E4, E7, E8, E9]. 

 

4.1.3.2 Broader Scouting Coverage and Advanced Predictive Models 

AI enables clubs to achieve more comprehensive and extensive scouting coverage [E2, E3, E5, 

E6, E8]. Clubs could track and evaluate almost any player in any professional league 

worldwide, reducing travel costs and facilitating clubs’ market reach, especially valuable for 

smaller clubs with limited scouting personnel [E2, E5, E6]. 

 

Considerable potential exists for AI tools to analyze players’ characters by integrating publicly 

accessible information, private social media data, and objective match data [E7]. 

 

AI can detect complex patterns and build predictive models beyond conventional analyses [E1, 

E2, E5, E6, E7, E10]. Ongoing work was mentioned to advance further models like VAEP 

(Valuing Actions by Estimating Probabilities) to assess the contribution of players’ on-ball 

actions and xG [E1, E2]. Advancements in computer vision were expected to optimize further 

off-ball events like body pose estimation [E10]. 
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4.1.3.3 More Strategic and Data-Backed Decision-Making 

Integrating AI was seen as facilitating more strategic and robust data-backed decision-making, 

reducing bias, and eliminating the emotional component [E1, E4, E6, E7]. LLMs were 

perceived as an emerging opportunity [E3, E7, E8]. [E8] considered integrating LLMs with 

scouting databases and reports the industry’s ‘next big step.’ By translating complex data into 

easily understandable text or dashboards, LLMs enhance accessibility for stakeholders such as 

scouts, board members, and sporting directors, thereby facilitating faster decision-making [E3, 

E7]. When combined with event, tracking, and body composition data, LLMs can identify 

complex patterns valuable for scouting and training analyses [E3]. 

 

4.1.3.4 Improving Data Gathering 

Advances in technology were expected to enhance data gathering, reduce costs, and broaden 

accessibility, thus fostering AI adoption [E6, E8, E10, E11]. In particular, tracking data will 

become more accurate and accessible as computer vision improves [E10]. AI’s applicability 

was highlighted, extending beyond scouting to fan engagement, attendance prediction, and 

game security [E4, E7, E8, E11]. 

 

4.1.4 Limitations and Adoption Barriers 

While potential benefits of AI were widely recognized, several barriers hinder broader and 

effective implementation across the industry.  

 

4.1.4.1 Cultural Resistance and Skepticism 

Cultural and organizational resistance represented a fundamental impediment to AI adoption 

[E10/E12]. Experts described football as inherently conservative, prioritizing traditional 

methods and personal networks over new technologies [E1, E3, E6, E8, E9, E10, E11]. Some 

noted that ‘football is very delayed in terms of technology’ compared to other industries [E1, 

E7, E8, E11], with skepticism from experienced personnel at higher levels accustomed to 

traditional methods [E1, E4, E9]. Decision-makers, including coaches and scouts, often 

perceive data and AI as a threat to established practices or even their jobs [E1, E3, E4, E8]. 

Scouts even wonder what a computer could tell them that they wouldn’t already know about a 

player [E1]. Dismissed as black boxes, there is a need to fully understand AI outputs [E2] and 

prove effectiveness [E9]. 
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Leadership buy-in and strategic alignment remain rare [E1, E3, E7, E9]. Experts stressed 

adoption requires top-down support from owners, executives, coaching and scouting staff, with 

integration across departments [E1, E3, E4, E5, E6, E7, E8, E11]. Correspondingly, the lack of 

top-down conviction and a cohesive data strategy within clubs remains the most significant 

barrier. Without this, even top talent and models add little value if teams remain soiled and AI 

is not adequately integrated into decision-making processes [E1, E3, E4, E5, E7, E8, E10, E11]. 

 

A short-term return on investment (ROI) focus also works against long-term data strategies. 

Clubs in high-stakes environments often favor proven methods over novel AI solutions [E1, 

E8, E9]. Immediate impact and short-term results justify high investments in players rather than 

developing analytics teams, which are usually seen as superfluous expenses [E3, E8, E9]. 

A club’s withdrawal from its data-driven strategy was noted by one expert following media and 

fan pressure for immediate results [E8]. Accordingly, two experts cited fans as a source of 

resistance [E2, E8]. 

 

Experts also highlighted a skill gap in effectively leveraging AI tools, as football professionals 

often lack data literacy and vice versa [E1, E3, E4, E8]. However, some experts observed a 

gradual convergence [E1, E4]. 

 

4.1.4.2 Technical Limitations and Data Challenges 

Beyond cultural hurdles, eleven of twelve experts [E11/E12] cited technical and data issues as 

additional barriers. Cost was a major factor, as data is expensive to collect and process, 

especially tracking data [E3, E4, E5, E6, E8, E10, E11]. Costs disproportionately affect smaller 

clubs. Investments in data scientists or external consultancies and data providers are often 

weighed against acquiring new players [E3, E5, E6, E8, E9, E11]. 

 

While football has extensive public data, it is insufficient for sophisticated models [E10]. Event 

data is widely available, but tracking data, which is essential for complete player impact 

assessment, remains scarce, costly, and hard to measure [E5, E6, E8, E10]. Experts further 

pointed to AI’s difficulties in capturing intangible human factors like mentality, leadership, and 

adaptation to new environments [E1, E2, E4, E5, E6, E7, E9, E11], vital for holistic player 

assessment, however, impossible to measure and to integrate into current predictive models. 
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Finally, football’s complexity and fluid nature were noted as less data-friendly than sports like 

baseball, and current AI still fails to capture football’s entire context [E2, E3, E4, E6, E7, E8, 

E10]. 

 

4.1.5 Competitive Advantage and Disruption Potential 

Technical and data availability are expected to improve rapidly. The consensus among experts 

suggested that AI can deliver substantial competitive advantages in scouting and beyond. 

 

4.1.5.1 AI as a Source of Competitive Advantage 

Experts agreed that AI will fundamentally transform scouting and talent identification. One 

expert stressed that AI will be leveraged but won't replace human and traditional methods. All 

experts agreed on AI’s role complementing traditional methods [12E / 12E]. Consistent with 

Christensen’s (1997) Disruption Theory of innovations initially targeting underserved markets. 

AI and data science were seen as strategic imperatives for competitiveness and success, with 

statements including, ‘if clubs don’t open up to data analyses, nowadays, you are dead. You 

cannot compete,’ ‘AI in recruitment is not an alternative,’ and ‘the clubs that don’t use it (AI) 

will fail,’ regardless of their respective definitions of success [E1, E4, E10]. 

 

Achieving this advantage requires strategic alignment, strong leadership buy-in, and 

interdisciplinary teams, as highlighted as a crucial differentiator [E1, E3, E4, E8]. The necessity 

for even more comprehensive technical knowledge is evidenced by coaches starting to have 

appropriate data scientists on their coaching staff, developing proprietary, customized AI 

models and databases. Several experts suggested developing internal club models, although not 

all are AI-based [E4, E5, E7, E8, E11, E12]. 

 

External consultancies were considered especially appropriate for smaller clubs lacking 

resources for internal development [E3]. However, external data providers often solely supply 

data without solving club-specific problems, and access to data alone does not guarantee 

meaningful insights [E10]. Several experts stressed that smaller clubs could gain 

disproportionate advantages, advocating for their realization as AI was seen to become table 

stakes fairly soon [E4, E5, E7, E8, E9, E10, E11]. However, cost remains a major barrier, 

especially for smaller clubs, as big clubs possess the resources to invest in talent and 
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technology, enabling them to build significant data departments and better processes [E3, E6, 

E8, E11]. 

 

These requirements for strategic alignment and developing internal competencies reflect 

dynamic capabilities (Teece et al, 1997; Barreto, 2010) as firms must integrate, build, and 

reconfigure internal and external competencies.  

 

4.1.5.2 Sustainability AI-based Advantages 

The sustainability of AI-based advantages is a critical consideration. Experts agreed that as AI 

and data-driven approaches become widely adopted and commoditized, the initial competitive 

edge held by early adopters is likely to be diminished or neutralized, given that most clubs use 

the same data and technology [E1, E5, E7, E8, E9, E10]. 

 

However, the consensus was that advantages will not disappear entirely, instead, the nature of 

competition will evolve. Several experts suggested that the advantage won’t diminish as no two 

clubs will use the same models. Competition will be centered on differentiation through unique 

parameters and proprietary models rather than raw technological advantage [E1, E4, E12]. 

Early adopters’ greater familiarity and experience with the technology will provide an 

advantage in ‘9 of 10 situations,’ making it ‘almost impossible’ for late adopters to reach the 

same level quickly [E11]. Other experts suggested shifting AI applications toward enhancing 

match-day performance and winning games [E1, E5]. 

 

Overall, AI offers greater benefits to smaller clubs, with competitive advantage arising from 

developing distinctive models and parameters, a concept aligned with Blue Ocean Strategy’s 

focus on value innovation (Kim & Mauborgne, 2005). This underscores the importance for 

clubs to rapidly develop AI capabilities to create and maintain a competitive edge. 

 

4.2 Consumer Insights Survey 

The literature and experts identified fan acceptance as a key driver in adopting AI technologies 

in football (Plattfaut & Koch, 2021). The consumer survey with n = 106 participants assessed 

perceptions of AI in football scouting and performance analytics for validation. The survey’s 

outline can be found in Appendix II.  
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4.2.1 Demographics 

This Section explores the demographic composition of our survey respondents after cleaning 

the data set for invalid respondents. This foundation provides a better understanding of the 

surveyed sample and indicates its reliability.  

The age distribution of respondents was uneven, with nearly 80% belonging to the two largest 

age groups. The most represented group was 25 – 34 years old (52.83%), followed by 18 – 24 

years old (26.42%).  

Figure 3: Answer Distribution of Question 1 

Figure 4: Answer Distribution of Question 2 
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The second question assessed gender, with 76.42% of respondents being male.  

 

 

The distribution of respondents’ countries of residence was notably skewed, with 71.7% 

indicating Germany as their country of residence. 

The demographic data indicated a predominantly male sample aged 25 to 34 years, primarily 

from Germany. 

 

4.2.2 Football Engagement and Technological Awareness in Football 

The survey targeted football fans by inquiring about their level of engagement with professional 

football, ensuring the sample reflected relevant perceptions. 

Figure 5: Answer Distribution of Question 3 
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Respondents who did not follow football were excluded from the analyses. Among the 

remaining participants, 85.78% reported at least occasionally following football, while 60.37% 

followed it frequently or very closely. This indicated a predominantly football-engaged 

respondent group. 

 

 

Figure 7: Answer Distribution of Question 5 

Figure 6: Answer Distribution of Question 4 
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Question five explored respondents’ general familiarity with data science in sports by asking 

about their familiarity with Moneyball, which is regarded as revolutionary breakthrough in the 

field. Only 29.25% were sure of knowing the MA. 

Questions 6_1 and 6_2 assessed more particularly familiarity with data science and AI in 

football scouting and performance analysis. Approximately 22% of respondents reported being 

familiar or very familiar with data science, with only about 7% reporting familiarity with AI in 

this context. 

 

Figure 10: Answer Distribution of Question 7 

Figure 8: Answer Distribution of Question 6_1 Figure 9: Answer Distribution of Question 6_2 
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Additionally, respondents identified performance analyses, match tactics, and player scouting 

as the most suitable application areas for AI, with question seven permitting multiple selections. 

 

4.2.3 Descriptive Insights on AI Acceptance 

For contextualization purposes, respondents’ acceptance of AI in scouting was aggregated into 

three groups: Low (1.00 – 2.49), Neutral (2.50 – 3.99), and High (4.00 – 5.00). Most 

respondents (56.6%) were neutral, indicating an ambivalent attitude, while 25.5% showed high 

acceptance and 17.9% low acceptance. This distribution suggested a generally cautious yet open 

attitude towards AI, with many remaining undecided or skeptical. 

 

Figure 11: Distribution of Acceptance Level 

4.2.4 Predictors of Fan Acceptance – Regression Based on TAM3 

A hierarchical linear regression based on an extended TAM3 model was conducted to identify 

key drivers of participants’ acceptance of AI-based scouting. The dependent variable was the 

aggregated variable ‘Acceptance.’ All aggregated variables were tested, ensuring internal 

consistency (Cronbach’s alpha > 0.7). Given the aggregated variables’ approximate continuous 

distribution, linear regression was deemed appropriate over ordinal regression. 

 

Model 1 included the core TAM3-related and theoretical predictors: Perceived Usefulness 

(PU), AI Trust, Authenticity Loss (Authenticity), Cultural Resistance, and Football 

Involvement. Collectively, these variables explained a substantial portion of the variance in 
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acceptance (Adjusted R2 = 0.608), and the model was statistically significant (F(5,100) = 

33.635, p < 0.001). 

 

All five predictors in Model 1 were statistically significant at the 5% level: 

 

AI Trust showed the strongest standardized effect (β = 0.271, p = 0.003), indicating 

that higher trust in AI significantly predicts greater acceptance. 

 

Perceived Usefulness (PU) was also a strong predictor (β = 0.224, p = 0.009), 

suggesting that participants who recognize the utility of AI in scouting are more likely 

to accept its implementation. 

 

Both Authenticity (β = -0.209, p = 0.045) and Cultural Resistance (β = -0.265, p = 

0.013) were negatively associated with acceptance, indicating that concerns about AI 

diminishing football’s authenticity or disrupting its cultural norms reduce acceptance.  

 

Football Involvement also emerged as a significant positive predictor (β = 0.147, p = 

0.024), suggesting that participants more engaged with the sport are slightly more open 

to technological innovation in this context. 

 

Model 2 added gender dummy variables, Model 3 introduced age group dummies, and Model 

4 included Moneyball awareness. None of these predictors reached statistical significance, with 

only a minor increase in explained variance (increase in Adjusted R2 from 0.608 to 0.622). 

 

Model 1’s strong explanatory power and the significance of additional predictors indicate that 

the core TAM3 constructs are the key determinants of AI acceptance in football scouting. The 

results emphasized the importance of trust in AI and perceived usefulness, while emotional and 

cultural resistance remain barriers. 
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Table 2 - TAM Regression Model Summary – Acceptance  

 

Table 3 - TAM Regression Coefficients Table – Acceptance  

 

Before regression analyses, the underlying assumptions of multiple linear regression were 

tested. The normality of residuals, linearity between predictors and the dependent variable, and 

homoscedasticity were visually assessed and reasonably satisfied. Multicollinearity was ruled 
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out as all Variance Inflation Factor (VIF) were not substantially higher than 3. These checks 

confirm that the assumptions for applying linear regression were reasonably met. All 

assumptions were tested accordingly prior every regression analyses. 

 

4.2.5 Predictors of Disruption Potential – Regression Based on TAM3 

To explore the factors influencing perceptions of AI-based scouting’s disruptive potential in 

football, a hierarchical linear regression was conducted using the extended TAM3 framework. 

Disruption Potential was the dependent variable, with aggregated predictors validated via 

Cronbach’s alpha (>0.7), supporting their use in the analyses. 

 

Model 1 included the core set of theoretically driven predictors: Perceived Usefulness (PU), AI 

Trust, Authenticity Loss (Authenticity), Cultural Resistance, and Football Involvement. The 

model was statistically significant (F(5, 100) = 12.466, p < 0.001) and explained a meaningful 

share of the variance in disruption potential (Adjusted R2 = 0.353). 

 

Perceived Usefulness (PU) and AI Trust were the only statistically significant predictors at the 

5% level: 

 

Perceived Usefulness (PU) exhibited the strongest positive effect (β = 0.366, p < 

0.001), suggesting that individuals who see AI as beneficial are more likely to consider 

it a disruptive edge in football scouting. 

 

AI Trust was also a significant positive driver (β = 0.295, p = 0.011), supporting the 

idea that trust in AI systems enhances perceptions of their ability to transform the 

industry significantly. 

 

Football Involvement showed a negative association with disruption potential (β =            

-0.161, p = 0.052), which marginally misses the 5% significance threshold but may 

indicate that more involved fans are more skeptical of AI’s potential to transform 

football scouting. 

 

Authenticity (β = 0.192, p = 0.152) and Cultural Resistance (β = -0.132, p = 0.327) 

were not statistically significant predictors in this model. 
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Subsequent models added demographic and contextual variables. Model 2 introduced gender, 

Model 3 added age groups, and Model 4 included Moneyball awareness. None of which were 

statistically significant, with minimal change in explained variance. 

 

Thus, Model 1 remained the most explanatory. The findings highlighted perceived usefulness 

and trust in AI as key psychological factors influencing perceptions of AI as disruptive. In 

contrast, emotional and cultural dimensions, while relevant to acceptance, appeared less 

influential in shaping perceptions of disruption.  

Table 4 - TAM Regression Model Summary – Disruption Potential 
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Table 5 - TAM Regression Coefficients Table – Disruption Potential 

 

4.2.6 Predictors of AI Trust – Regression Based on TAM3 

A hierarchical linear regression analysis was performed to identify factors influencing trust in 

AI-based scouting systems, with the aggregated AI Trust variable as the dependent variable. 

All constructs demonstrated good internal consistency (Cronbach’s alpha > 0.7), confirming 

their reliability and justifying the use of linear regression given the continuous nature of the 

dependent variable. 

 

Model 1 included the five theoretical predictors: Perceived Usefulness (PU), Authenticity Loss 

(Authenticity), Cultural Resistance, and Football Involvement. It explained a considerable 

amount of the variance in AI Trust (Adjusted R2 = 0.500) and was statistically significant 

(F(4,101) = 27.236, p < 0.001). 



 39 

Notably, only Perceived Usefulness (PU) demonstrated a statistically significant effect at the 

5% level: 

 

PU had the strongest standardized coefficient (β = 0.590, p < 0.001), indicating that 

perceiving AI as useful in football scouting strongly increases participants’ trust in such 

systems. 

 

None of the extended models significantly improved explained variance or showed a notable 

effect on AI Trust. Specifically, adding dummy variables for gender (Model 2), age (Model 3), 

or Moneyball awareness (Model 4) did not yield statistically significant results. Consequently, 

Model 1 remained the most robust, highlighting perceived usefulness (PU) as the primary 

predictor of AI Trust. Demographic factors, emotional and cultural attitudes, football 

involvement, and familiarity with data science in sports did not significantly influence trust.  

 

Table 6 - TAM Regression Model Summary – AI Trust 

 



 40 

Table 7 - TAM Regression Coefficients Table – AI Trust 

 

 

4.2.7 Mediator & Moderator Analysis 

To further explore the psychological mechanisms underlying participants’ acceptance of AI-

based scouting systems, mediator and moderator analyses were conducted using PROCESS V 

5.0 (Hayes, 2022). 

 

4.2.7.1 PU as Mediator between Football Involvement and Acceptance 

The first analysis tested whether PU mediates the relationship between Football Involvement 

and Acceptance using PROCESS Model 4. 

 

The analyses revealed that Football Involvement did not significantly predict Perceived 

Usefulness (PU) (p = 0.668), indicating that greater football engagement did not enhance 

perceptions of AI’s usefulness. In contrast, PU significantly predicted Acceptance (B = 0.62, p 

< 0.001), affirming its role as a key determinant of AI acceptance. Although Football 



 41 

Involvement had a significant direct effect on Acceptance (p = 0.005), the indirect effect via 

PU was not significant, as the 95% bootstrap confidence interval included zero. Thus, PU does 

not mediate the relationship between Football Involvement and Acceptance. These findings 

suggested that the link between Football Involvement and Acceptance is not mediated by PU, 

aligning with prior evidence that PU influences Acceptance independently of football 

engagement. 

 

Table 8 - PU as Mediator between Football Involvement and Acceptance 

 

 

4.2.7.2 AI Trust as Mediator between Authenticity Loss and Acceptance 

To investigate whether AI Trust mediates the relationship between concerns about authenticity 

loss in football and acceptance of AI-based scouting, another mediator analysis was conducted 

using PROCESS Model 4. 
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Results showed that perceived authenticity loss negatively predicted AI Trust (B = -0.327, p < 

0.001), indicating that authenticity concerns diminish trust in AI systems. AI Trust, in turn, 

positively predicted Acceptance (B = 0.447, p < 0.001). The indirect effect of authenticity 

concerns on acceptance via AI Trust was significant (indirect effect = -0.146, 95% CI [-0.236, 

-0.069]), confirming mediator. Authenticity also had a significant direct negative effect on 

acceptance (B = -0.364, p < 0.001), suggesting partial mediator. 

 

Overall, concerns about authenticity influence fan acceptance both directly and through their 

impact on trust in AI-based technologies. 

 

Table 9 - AI Trust as Mediator between Authenticity and Acceptance 
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4.2.7.3 Acceptance as Mediator between PU and Disruption Potential 

This mediator analysis used PROCESS Model 4 to investigate whether Acceptance of AI 

mediated the relationship between PU and Disruption Potential in scouting. 

 

Results showed that PU significantly predicted Acceptance (B = 0.611, p < 0.001, 95% CI 

[0.283, 0701]), indicating that higher perceived usefulness was associated with greater 

perceived disruption potential. However, Acceptance’s effect on Disruption Potential was 

marginal (B = 0.169, p = 0.087), with a 95% CI including zero, suggesting limited statistical 

robustness. The indirect effect of PU on Disruption Potential via Acceptance was non-

significant (B = 0.103, 95% CI [-0.019, 0.230]), indicating no mediator. 

 

These findings suggested that perceived usefulness directly influenced perceptions of AI’s 

disruptive potential, independent of Acceptance.  
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Table 10 - Acceptance as Mediator between PU and Disruption Potential 

 

 

4.2.7.4 AI Trust as Mediator between Cultural Resistance and Acceptance 

This fourth mediator model examined whether AI Trust mediates the relationship between 

Cultural Resistance and Acceptance. 

 

Results indicated that higher Cultural Resistance is significantly associated with lower AI Trust 

(B = -0.308, p < 0.001). Additionally, AI Trust positively predicts Acceptance (B = 0.449, p < 

0.001). Both the direct effect of Cultural Resistance on Acceptance (B = -0.392, p < 0.001) and 

the indirect effect through AI Trust (B = -0.138, 95% CI [-0.232, -0.062]) were significant, 

indicating partial mediator. 
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These findings suggested that cultural resistance reduced acceptance of AI both directly and 

indirectly by diminishing trust, emphasizing the need to address emotional and cultural 

concerns to facilitate the integration of AI in football. 

 

Table 11 - AI Trust as Mediator between Cultural Resistance and Acceptance 

 

4.2.7.5 Football Involvement as Moderator between AI Trust and Acceptance 

This analysis examined whether Football involvement moderates the relationship between AI 

Trust and Acceptance using PROCESS Model 1. 

 

Results showed that AI Trust significantly predicted Acceptance (B = 0.678, p < 0.001), as did 

Football Involvement (B = 0.220, p = 0.001). However, the interaction between AI Trust and 
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Football Involvement was not statistically significant (B = 0.082, p = 0.262), with a minimal 

change in R2 (∆R2 = 0.007) and a confidence interval including zero. 

 

These findings suggested that Football Involvement did not influence the strength of the 

relationship between AI Trust and Acceptance, which remains consistent across levels of 

football engagement. 

 

Table 12 - Football Involvement as Moderator between AI Trust and Acceptance 

 

4.2.7.6 Football Involvement as Moderator between PU and AI Trust 

This study examined whether Football Involvement moderates the relationship between PU and 

AI Trust using PROCESS Model 1. 
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PU significantly predicted AI Trust (B = 0.687, p < 0.001), indicating that higher perceived 

usefulness was associated with greater trust in AI-based scouting. The interaction between PU 

and Football Involvement was non-significant (B = 0.010, p = 0.884), with negligible change 

in explained variance (∆R2 < 0.001). The 95% confidence interval for the interaction included 

zero (-0.128 to 0.148), suggesting that Football Involvement did not moderate the PU and AI 

Trust relationship. 

 

Overall, the association between PU and trust remained consistent regardless of participants’ 

level of football engagement. 

Table 13 - Football Involvement as Moderator between PU and AI Trust 
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4.2.7.7 Age as Moderator of the Indirect Effect of PU on Acceptance via AI Trust 

To examine whether age moderated the indirect effect of PU on Acceptance through AI Trust, 

we used PROCESS Model 7. 

 

PU significantly predicted AI Trust (B = 0.684, p < 0.001), indicating a positive association 

across all age groups. The interaction between PU and age was not significant (B = 0.061, p = 

0.277), and the index of moderated mediator included zero (Index = 0.028, 95% CI [-0.004, 

0.097]), suggesting no moderator by age. The conditional indirect effects were significant for 

both younger (Q1 = -1.05, B = 0.284) and older age groups (Q1 = 0.95, B = 0,399), with 

confidence intervals excluding zero. 

 

Overall, the mediating role of AI Trust in the PU-Acceptance relationship appeared consistent 

across age groups. 
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Table 14 - Age as Moderator of the Indirect Effect of PU on Acceptance via AI Trust (1) 
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Table 15 - Age as Moderator of the Indirect Effect of PU on Acceptance via AI Trust (2) 

 

 

4.2.7.8 Age as Moderator between AI Trust and Acceptance 

The following analyses examined whether age moderates the relationship between AI Trust and 

AI acceptance in football scouting. Using PROCESS Model 1, the interaction between AI Trust 

and age was not statistically significant (B = 0.094, p = 0.229, 95% CI [-0.059, 0.247]), 

indicating that the association between AI Trust and Acceptance did not differ across age 

groups. Conversely, AI Trust had a significant direct effect on acceptance (B = 0.640, p < 

0.001), suggesting that trust in AI was a strong predictor of acceptance regardless of age. 

 

Overall, the results implied that the influence of AI Trust on Acceptance remained consistent 

across age groups. 
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Table 16 - Age as Moderator between AI Trust and Acceptance 

 

4.2.7.9 Age as Moderator between Cultural Resistance and AI Trust 

This analysis examined whether age moderated the relationship between Cultural Resistance 

and AI Trust using PROCESS Model 1. 

 

Results showed a significant negative main effect of Cultural Resistance on AI Trust (B =  

-0.310, p < 0.001), indicating that perceiving AI as a threat to cultural integrity decreases trust. 

The interaction between Cultural Resistance and Age was not significant (B = -0.084, p = 

0.232), with the confidence interval including zero, suggesting age did not influence this 

relationship. 
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Overall, Cultural Resistance negatively impacts AI Trust regardless of age. 

 

Table 17 - Age as Moderator between Cultural Resistance and AI Trust 

 

 

4.2.7.10 Age as Moderator between Authenticity and AI Trust 

Using PROCESS Model 1, this last moderator analysis examined whether age moderated the 

relationship between perceived authenticity loss and AI Trust. 

 

A significant negative effect of Authenticity on AI Trust (B = -0.333) indicated that concerns 

about reduced authenticity decrease trust. However, the interaction between authenticity loss 
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and age was not significant (B = 0.009, p = 0.852), with the confidence interval including zero 

(95% CI [-0.086, 0.104]), suggesting no moderating role of age. 

 

In Summary, authenticity negatively impacted trust in AI, regardless of age. 

 

Table 18 - Age as Moderator between Authenticity and AI Trust 

 

 

4.2.8 Single-Predictor Effects on AI Acceptance 

To assess whether acceptance of AI in scouting differed across age groups, a one-way ANOVA 

was conducted. Given the categorical nature of the age variable and the aim to compare mean 

acceptance scores across multiple independent age groups, it was the appropriate method. 
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The analysis found no significant differences, F(6, 99) = 1.164, p = 0.332, indicating that 

acceptance levels did not systematically vary by age. Homogeneity of variances was confirmed 

by Levene’s test, p = 0.288. The effect size was small (η2 = 0.066), suggesting minimal practical 

differences despite some numerical variation. 

 

Table 19 - Single-Predictor Effect of Age on Acceptance, one-way ANOVA 

 

 

Another one-way ANOVA assessed differences in acceptance by gender. Results indicated a 

significant effect of gender F(2, 103) = 3.292, p = 0.041, with at least one group differing. 

Homogeneity of variances was confirmed (Levene’s test p = 0.116). However, the small non-

binary sample (n=2) warrants caution. The effect size (η2 = 0.060) was small to moderate. 

Descriptively males reported higher acceptance (M = 3.40) than females (M = 3.14), with non-

binary participants reporting the lowest (M = 2.00). Due to the limited non-binary sample, 

further analysis was limited. 
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Table 20 - Single-Predictor Effect of Gender on Acceptance, one-way ANOVA 

 

Table 21 - Single-Predictor Effect of Gender on Acceptance, Descriptives 

 

 

A Pearson correlation analysis assessed the relationship between football involvement and 

acceptance of AI. This method was suitable for assessing linear associations between two 

continuous variables. 

 

Results indicated a significant positive correlation (r = 0.203, p = 0.037), suggesting that higher 

engagement in football was associated with greater acceptance of AI technologies in scouting. 

 

Table 22 - Single-Predictor Effect of Football Involvement on Acceptance, Pearson Correlation 
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Participants’ awareness of the MA did not significantly influence their acceptance of AI in 

football scouting, as shown by a one-way ANOVA, F(2, 103) = 1.088, p = 0.341. Homogeneity 

of variances was confirmed (Levene’s test p = 0.804). Although those aware of Moneyball 

reported higher acceptance (M = 3.49) than unaware (M = 3.22) or unsure (M = 3.38), these 

differences were not statistically significant. The effect size was small (η2 = 0.021), indicating 

limited predictive power of Moneyball awareness on AI Acceptance. 

 

Table 23 - Single-Predictor Effect of Moneyball Awareness on Acceptance, one-way ANOVA 

 

Table 24 - Single-Predictor Effect of Moneyball Awareness on Acceptance, Descriptives 
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5 Conclusions 

5.1 Main Findings – Triangulation 

Literature, expert interviews, and survey data collectively suggested that AI was viewed as the 

next evolutionary step in football scouting, with the potential to improve decision-making and 

significantly disrupt industry practices. AI is expected to complement rather than replace human 

expertise. Sustainable competitive advantage will depend on strategic and effective integration 

of AI into organizational routines, proprietary data, and performance management systems. 

 

The literature positions AI and ML as advancements in the ongoing data revolution in sports, 

transcending traditional principles and enabling more comprehensive analyses. Expert 

interviews supported this view, emphasizing that adopting AI and data science is a strategic 

necessity to create and maintain competitive advantage. Some suggest that failure to adopt these 

technologies may lead to obsolescence [E4, E10]. The consumer survey revealed limited 

familiarity with AI in football scouting among fans (approximately 7% familiarity), but also 

identified PU and trust in AI as key factors that predict acceptance and perceived disruptive 

potential. Once the effectiveness and credibility of AI are recognized, there is significant latent 

support for its application in performance analysis, tactical planning, and scouting, areas 

deemed accessible and relevant to fans. Although industry adoption remains nascent, the 

potential benefits of AI, when effectively communicated, align with expert opinions and public 

openness. Strategic initiatives such as proactive investment and clear value articulation are 

crucial for fostering AI integration in clubs. 

 

AI significantly advances traditional scouting’s limitations and mitigates subjectivity and 

cognitive biases (Andrews, 2022; Carey, 2024). Nonetheless, literature highlights the 

importance of XAI in bridging communication gaps between complex outputs and coaching 

staff, facilitating the translation of insights into actionable narratives (Carey, 2025; Rahimian 

et al., 2025). Experts universally view AI as an augmentation rather than a replacement, 

emphasizing its current limitations in assessing intangible factors such as leadership, mentality, 

and personality. While AI improves data analysis, reduces bias, and enhances efficiency, its 

optimal application in football relies on its synergistic integration with human expertise, 

particularly for qualitative judgments. Effective implementation strategies must focus on 

interdisciplinary teams and user-friendly outputs that support, rather than displace, experienced 

practitioners. 
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Cultural barriers and uncertainty impede the full integration of data-driven recruitment in 

football, primarily due to concerns about AI undermining human elements and traditions (Tuyls 

et al., 2021). Expert interviews revealed that cultural and organizational resistance are major 

obstacles, with the industry deemed lagging in technological progress and skeptical of AI and 

data, seen as threats to established practices and employment [E1, E3, E4, E8, E9]. Additional 

barriers included lack of leadership support, strategic misalignment, and external pressures 

from media and fans [E1, E3, E7, E8, E9]. Empirical data from surveys supported this, showing 

that cultural resistance negatively predicts AI acceptance (β = -0.265, p = 0.013). Consequently, 

overcoming deeply rooted traditionalism, fear, and mistrust necessitates a strategic approach to 

build trust, educate stakeholders, and secure top-level leadership to foster acceptance and 

reduce resistance within the football sector. 

 

The literature indicated limited exploration of AI in scouting, with notable variability among 

clubs (Bate, 2025). Expert interviews revealed inconsistent perceptions of AI adoption, with 

some experts asserting widespread implementation and others indicating minimal use [E4, E5, 

E7, E8, E9, E11]. This pattern aligned with Rogers’ Diffusion of Innovation model. Among 

fans, awareness of AI in football scouting is very low (7%), and general data science familiarity 

is modest (22%). Despite limited familiarity, acceptance levels are relatively high, with 56.6% 

neutral and 25.5% positive. The industry’s AI adoption remains fragmented and cautious due 

to confidentiality and resource disparities. However, public receptiveness presents an 

opportunity for clubs to promote AI benefits and build trust, leveraging latent openness rather 

than assuming resistance based on current awareness levels. 

 

Fan perception was recognized as a barrier to adoption in the literature (Plattfaut & Koch, 

2021), though some experts support this view [E2, E8]. The consumer survey revealed that 

higher football involvement modestly predicts greater acceptance of AI (r = 0.203, p = 0.037). 

This involvement correlates negatively, albeit marginally, with perceptions of AI as disruptive, 

indicating that engaged fans were somewhat skeptical about AI transforming the sport. Despite 

concerns over authenticity and tradition, highly engaged fans are more receptive to AI when it 

is seen as an enhancer rather than a threat. Clubs should communicate transparently about AI’s 

role in improving decision-making while preserving the sport’s core human and cultural values, 

turning resistance into support among core fans. 
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5.1.1 Theoretical Implications 

The conclusions of this study on AI’s disruptive influence within football scouting and 

performance analytics offer implications for several management theories previously explored 

in the literature review. This research not only supports but also enhances existing theoretical 

frameworks by providing empirical evidence from a high-velocity, emotionally charged 

industry.  

 

This study aligns with Rogers’ Diffusion of Innovation Theory. The observation that AI 

adoption levels vary significantly across clubs, consistent with Rogers’ categorization of 

adopters from innovators to laggards, highlights the reality of uneven technological diffusion 

within a single industry. The findings also indicated that fan acceptance is influenced by factors 

like football involvement and perceived usefulness, and that perceived authenticity loss 

decreases fans’ acceptance level of AI. This suggested that for AI to attain widespread diffusion 

in football, clubs must strategically communicate its relative advantages and address perceived 

complexities to accelerate adoption beyond early innovators. 

 

The research aligns with Christensen’s Disruptive Innovation framework. The study identifies 

AI not as a technology intended for immediate displacement or disruption of traditional 

scouting, but rather as a complementary force that fundamentally transforms how scouting and 

talent identification operate. It addresses limitations within the complex football environment. 

Nevertheless, consistent with the initial trajectory of disruptive innovation, AI targets 

underserved needs and low-end segments. The experts’ emphasis on AI as a strategic imperative 

and the perceived shift towards developing proprietary AI models for sustained competitive 

advantage indicate an evolutionary path wherein AI may challenge traditional sources of 

competitive advantage, rather than merely substitute them. 

 

Future competitive advantage will likely derive from clubs measuring distinct metrics and 

developing unique parameters and proprietary models. This reflects the value of innovation 

concept of the Blue Ocean Strategy, creating uncontested market space. While AI adoption 

ultimately will become standard, true differentiation will come from leveraging AI to redefine 

player evaluation and scouting, enabling the creation of new opportunities where competition 

is irrelevant. 
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Finally, the study reinforces the Dynamic Capabilities framework. Experts highlight the 

necessity of strategic internal alignment, leadership support, and interdisciplinary teams in AI 

integration. AI is identified as an exogenous shock to the football industry, with technical 

barriers posing managerial challenges in opportunity sensing, timely decision-making, and 

market-oriented resource adaptation to remain competitive amidst ongoing disruption. It 

underscores the importance of a firm’s ability to integrate, build, and reconfigure internal and 

external competencies. 

 

5.1.2 Practical Implications 

The insights derived from this study offer several practical implications for football clubs, 

governing bodies, and industry stakeholders striving to navigate the evolving landscape shaped 

by data analytics and AI.  

 

Football organizations must adopt a strategy of integrated intelligence, synergizing AI-driven 

analytics with human expertise. Evidence indicates that AI functions as a powerful complement 

to, rather than a substitute for, traditional scouting and human judgment. Therefore, clubs 

should invest in training traditional scouts and coaching staff to become data-literate and 

actively involve them in the development and interpretation of AI models. This proactive 

approach will not only bridge the existing knowledge gap between football and data science but 

also mitigate cultural resistance stemming from concerns about job displacement and mistrust 

of ‘black-box’ systems. By fostering interdisciplinary teams where data scientists, analysts, and 

football professionals collaborate closely, organizations can unlock deeper insights and ensure 

that AI outputs are translated into actionable, contextually relevant strategies. 

 

The study confirms that trust in AI significantly predicts fan acceptance and mitigates cultural 

resistance and authenticity concerns. Developers and clubs should implement XAI to translate 

complex algorithms into understandable narratives for both staff and fans. Public strategies 

should highlight AI’s benefits, such as enhancing player development and team performance, 

while transparently discussing its limitations to normalize AI’s role and reduce anxieties about 

its impact on the sport’s human aspect. 

 

For smaller clubs with limited resources, forming strategic alliances with external AI 

consultancies that focus on problem-solving rather than merely data provision may offer a more 
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attainable pathway to developing tailored solutions. Such differentiation, aligned with Blue 

Ocean Strategy principles, will enable clubs to continuously exploit novel market inefficiencies 

in player valuation and tactical planning, ensuring their data-driven strategies remain distinctive 

and difficult to replicate. 

 

Finally, effective leadership and organizational alignment are essential for successful AI 

integration in professional football. Club leaders must advocate AI by allocating consistent 

funding and fostering a culture that prioritizes data-driven decision-making and continuous 

adaptation. This approach requires shifting focus from short-term ROI to viewing AI as a 

strategic, long-term asset, enabling organizations to develop dynamic capabilities for seizing 

emerging opportunities, making agile decisions, and reconfiguring resources in a rapidly 

changing technological environment. 

 

5.2 Limitations 

This dissertation is subject to inherent limitations that must be considered when interpreting its 

findings and assessing their generalizability. The limited timeframe restricted observation of 

long-term impacts and evolutionary dynamics of AI within football. Additionally, the football 

industry’s closed nature and the novelty of AI constrained the depth of available literature. 

 

5.2.1 Expert Interviews 

Semi-structured expert interviews are subject to methodological limitations. The interview 

guide, developed through an inductive process guided by the literature review, may have 

introduced researcher bias in question framing. Although expert quality was generally high, the 

industry’s closed nature and AI’s novelty in football posed additional challenges. One expert 

responded in written form, limiting interactive discussion. While qualitative content analysis 

provided a systematic approach, interpretive and translation bias might have affected the coding 

and analysis due to linguistic nuances. 

 

5.2.2 Survey 

The consumer insights survey, conducted via self-reported online data collection, has 

limitations in data accuracy. Respondent distribution was notably skewed towards Germany 

(72%), limiting the generalizability of findings. The sample consisted predominantly of young 
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adults (80% aged 18-34) and males (76%). Additionally, the use of Likert scales may introduce 

acquiescence bias, affecting response validity. 

 

5.3 Future Research 

Limitations of this research, alongside the rapid evolution of AI technology and the dynamic 

football industry, open numerous compelling avenues for future research. 

 

To enhance the generalizability and robustness of findings on fan acceptance, future research 

should involve larger, more diverse samples. Given the nascent stage of sophisticated AI 

adoption in professional football, longitudinal studies are crucial to track AI’s evolving impact 

on perceived usefulness, trust, cultural resistance, and integration. 

 

Future research should explore specific AI applications and their nuanced effects across football 

management domains. While this study focused on scouting and performance analytics, AI’s 

potential extends to tactical decision-making, player health and injury prevention, fan 

engagement strategies, and commercial operations. Investigating decision-making at various 

organizational levels would clarify its transformative effects. Additionally, developing best 

practices for interdisciplinary teams and human-AI collaboration, as well as addressing ethical, 

regulatory, and industry standards, are essential as AI integration advances. 
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Appendices 

Appendix I: Interview Guide 

The following guide outlines the core questions that were posed to the various experts during 

the interviews. As these were semi-structured interviews, it is important to note that some 

questions were adjusted based on each expert’s position and area of expertise. 

 

Current Practices & Understanding 

Q1: Can you briefly introduce your role and your experience with scouting or performance 

analytics in football? 

 

Q2: Could you describe how data science contributes to scouting and recruitment at your club? 

And what does your collaboration with scouts, analysts, and decision-making look like? 

 

AI Integration in Scouting & Analytics 

Q3: To what extent do you use machine learning or AI models in evaluating or predicting player 

performance? 

 

Q4: Is AI used more for early filtering or for validation of traditional scouting? 

 

Q5: What are the main drivers and most promising opportunities you see for AI adoption in 

scouting or performance analytics? 

 

Q6: Are there limits to what AI can currently capture, such as intangibles like mentality or 

tactical intelligence? 

 

Q7: How do decision-makers in your context currently balance data-driven insights with human 

judgment? 

 

Challenges and Limitations 

Q8: What do you see as the biggest barriers to adopting AI-driven scouting? 

 

Disruption Potential & Competitive Advantage 

Q9: Do you believe AI could fundamentally change how talent is identified and valued? 

 

Q10: In your opinion, could it give smaller clubs a competitive edge (similar to how Moneyball 

once did)? 

 

Q11: If AI becomes widely adopted across clubs, do you think this would eliminate/neutralize 

the competitive arbitrage that Moneyball-like approaches initially offered, particularly to 

underdog clubs? 

 

Q12: What do you think will differentiate successful AI adopters in the future? 
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Appendix II: Survey Questions 

 
Table 25 - Survey Questions Outline 

Q No. Question Question Type Answer Options 

Demographics & Football Engagement 

1 What is your age range? Multiple Choice 

Under 18, 18–24, 25–

34, 35–44, 45–54, 

55–64, 65+ 

2 What is your gender? Multiple Choice 

Male, Female, Non-

binary, Prefer not to 

say 

3 
In which country do you currently 

live? 
Multiple Choice List of countries 

4 
How closely do you follow 

professional football? 
5-Point Likert Scale 

Not at all (1) – Very 

closely (5) 

5 
Have you ever heard of the 

"Moneyball" concept in sports? 
Multiple Choice Yes, No, Not sure 

Awareness of AI in Football 

6_1 

How familiar are you with the use 

of data analytics in football 

scouting or performance analysis? 

5-Point Likert Scale 
Not at all familiar (1) 

– Very familiar (5) 

6_2 

How familiar are you with AI 

being used in football scouting or 

performance analysis? 

5-Point Likert Scale 
Not at all familiar (1) 

– Very familiar (5) 

7 

In which of the following football 

areas do you believe AI is most 

useful? (Select all that apply) 

Multiple Choice 

(multiple selections 

possible) 

Scouting players, 

Performance analysis, 

Injury prediction, 

Match tactics, Fan 

engagement, Other 

(specify) 

Perceptions of AI in Football 

Perceived Usefulness 

8_1 
AI in scouting helps clubs to 

evaluate and sign better players 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

8_2 
AI-driven scouting is more 

objective than traditional scouting. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

8_3 
AI can identify undervalued talent 

better than human scouts. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

Trust in AI 

9_1 
I trust AI to accurately evaluate 

players’ talent. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

9_2 
I trust AI to adequately analyze 

player performance. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

9_3 
AI-based decisions (e.g., player 

transfers) are reliable. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

9_4 
To ensure data quality, please 

select “Agree” for this statement. 
Control Question 

Strongly Disagree (1) 

– Strongly Agree (5) 

Perceived Authenticity Loss 
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10_1 
AI in scouting makes football feel 

less human. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

10_2 
AI in performance analysis reduces 

the passion of the game. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

10_3 
AI-driven decisions undermine the 

authenticity of football. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

Cultural Resistance 

11_1 
The use of AI turns football less 

interesting and less emotional 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

11_2 
AI in football conflicts with the 

sport’s traditional values. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

11_3 

Relying on AI for decisions 

reduces the emotional connection 

and engagement with football. 

5-Point Likert Scale 
Strongly Disagree (1) 

– Strongly Agree (5) 

Acceptance & Behavioral Response 

12_1 
I support my club using AI for 

acquiring players. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

12_2 

AI influencing club decisions 

would affect how closely I follow 

my team. 

5-Point Likert Scale 
Strongly Disagree (1) 

– Strongly Agree (5) 

12_3 
I would encourage my club to use 

AI for decision-making. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

Perceived Impact & Disruption 

13_1 

I believe that AI can give smaller 

clubs a competitive advantage (like 

in the original Moneyball concept). 

5-Point Likert Scale 
Strongly Disagree (1) 

– Strongly Agree (5) 

13_2 
AI has the potential to disrupt how 

talent is identified in football. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

13_3 
In 5–10 years, AI will be essential 

to professional football clubs. 
5-Point Likert Scale 

Strongly Disagree (1) 

– Strongly Agree (5) 

Final Reflection 

14 

Which of the following best 

describes your view on AI in 

football? 

Multiple choice 

Enthusiastic, Curious 

but cautious, 

Skeptical, Opposed 

15 

What are your main concerns or 

excitement about AI in football 

scouting and performance 

analysis?  

Optional Question Open Text Field 

 

Appendix III: Summarized Expert Interviews 

The summarized expert interviews are presented on the following pages. Due to anonymity, 

the first question about the experts’ background was omitted. A List of all experts can be 

found in Chapter 3 (Table 1). The interview guide, including the core questions, is presented 

in Appendix I. 
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Interview 1 

 

Q2: In player recruitment, AI is predominantly used for early filtering. The AI models and 

analytics teams identify for example a ‘top five’ list of players for each position. Scouts then 

go to evaluate these specific players, rather than searching broadly. This means the AI provides 

a data-driven profile, and the scouts’ role is to verify is the player fits that profile in person. 

Some progressive clubs, such as Liverpool, Brentford, and Brighton are more heavily integrated 

with data and might be more inclined to trust the data’s recommendations, potentially reducing 

the role of traditional scouts. 

 

Q3: My conversations with clients and people from the industry highlight a strong focus on 

building models that can predict future performance, moving beyond reliance on historical. 

Data. These predictive models are becoming ‘frighteningly accurate’ and are continuously 

improving. There is ongoing work to capture more qualitative ‘human traits,’ such as a player’s 

off-ball movement, impact on xG by presence alone, or tactical intelligence, although these are 

currently very difficult to quantify. For example, 12 Football is making significant strides in 

predicting how players perform when moving between different leagues. AI models are also 

applied to sports science, tactics, and competitor analysis to speed up preparation and remove 

human emotion from strategic decisions. I heard of a PhD student who developed a model to 

predict non-impact related injuries, allowing coaches to proactively rest players. 

 

Q4: Currently, AI is primarily used for early filtering to identify potential players, after which 

traditional scouting methods are employed for validation. The AI narrows down the options, 

making the scouts’ work more targeted. 

 

Q5: The main drivers and opportunities include: The ability to predict the future with high 

accuracy; Removing human emotion and bias from decision-making processes, as scouts can 

be influenced by external factors like a bad day or long travel; Performing existing tasks quicker 

and more efficiently; Asking more nuanced questions about a player’s fit within a specific team, 

manager’s system, or even specific club, rather than just general league performance; In tactics, 

AI could reduce a week’s worth of preparation to just five minutes by analyzing opponent 

teamsheets and suggesting optimal counter-strategies. 
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Q6: Yes, there are significant limits, particularly concerning the ‘human element’ that AI is not 

yet equipped to handle. These intangibles include: A player’s family crisis at home. The mental 

anguish of an injury or the worry of recurring injuries. External character factors, such as a 

scout’s observation that a player with a ‘good-looking girlfriend’ implies confidence. These 

qualitative factors are currently seen as ‘nice to have’ rather than core focuses, as they are more 

difficult to quantify that numerical data. However, I believe genetic AI could eventually help 

integrate this scout knowledge into models, as it would be trained to ‘think for itself.’ 

 

Q7: For most clubs, the balance involves AI identifying players and human scouts verifying 

those selections, with human judgement providing the ‘final stamp of approval.’ For data to be 

more than just ‘decoration,’ decision-makers at the top levels of clubs need to believe in its 

influence.  

 

Q8: The primary barriers are not purely technological but rather: Cultural resistance as many 

coaches and recruiters perceive data as a ‘threat.’ One head coach once asked, ‘What can a 

computer tell me that I haven’t got written down in my little black book?’ Further, soiled teams 

as data analytics often operates in isolation, not integrated into the broader club structure. Lack 

of clarity: Clubs frequently acquire tools without clearly defining the problems they aim to 

solve. Poor integration. Lack of buy-in from the top. The need for quick ROI. The difficulty in 

quantifying qualitative data. Clubs often prioritize paying players over investing in robust data 

analytics teams, preferring to build teams around one expert with graduates and juniors due to 

the ‘lure of football’ leading to lower, uncompetitive salaries for data professionals. 

 

Q9: Yes, absolutely and definitively. Many clubs are still lagging behind, needing to catch up 

to trendsetters like Liverpool, Brentford, and Brighton. I anticipate a significant shift where 

data experts become ‘football literate,’ rather than the current focus on sports scientists and 

scouts becoming data literate. 

 

Q10: Yes, AI could definitely provide a competitive advantage, especially for smaller teams, 

much like the Moneyball approach did for the Athletics in baseball. Currently, the advantage is 

simply ‘we're using AI and you're not’. 

 

Q11: No, I believe it will ‘change competition’ rather than eliminate it. If all clubs use AI in 

the same way with the same criteria, they would all identify the same players, turning it into a 
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bidding war for who can pay the most. Therefore, clubs will need to become ‘more clever’ and 

employ ‘different parameters’ that their competitors are not using. In the future, the advantage 

will shift from simply ‘using AI’ to ‘measuring something that you're not.’ The clubs that are 

first to innovate in this area will gain an edge, assuming money is not the only factor. This could 

also lead to clubs specializing in specific systems or coaches and recruiting players that 

perfectly fit those parameters. 

 

Q12: Future successful AI adopters will be differentiated by: Their ability to use ‘different 

parameters’ and measures that their competitors are not yet employing. Being the ‘first’ to 

identify and leverage new metrics or data points. Investing more heavily in and attracting 

stronger data experts in the field. The transition to having data experts who are deeply ‘football 

literate’ will be a key differentiator. 

 

Interview 2 

 

Q3: In my academic research, I develop and apply AI models to football. For instance, I’ve 

worked on models to predict tracking data from event data and to predict injuries. A significant 

part of my work involves player evaluation, particularly for defenders, where I. explore using 

AI to measure off-ball metrics, such as positioning, which are traditionally hard to quantify. 

I’ve observed that some clubs utilize AI models like VAEP, which evaluates on-ball actions by 

predicting their probability of leading to a goal, providing a more advanced player evaluation 

than just goals and assists. 

 

Q4: From my understanding, AI is primarily used for early filtering. It helps to narrow down a 

vast pool of potential players to a more manageable selection, which then allows human experts, 

coaches, and scouts to focus their efforts for further validation. 

 

Q5: I see several main drivers and promising opportunities for AI adoption: Initial player 

evaluation and screening. Injury prediction and prevention, AI can assist medical departments 

in optimizing team lineups and better predicting injuries. In-game modelling, although very 

difficult and still an evolving area, AI has the potential to optimize real-time decision-making 

during a game, evaluate team performance, and suggest tactical changes. 
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Q6: Yes, there are significant limits to what AI can currently capture, particularly regarding 

intangible human elements. The main challenge lies in collecting accurate and sufficient data 

for these aspects. For instance, it's hard to collect data that accurately predicts how a player will 

adapt to a new country or environment. While AI could potentially use such data if collected, 

the difficulty is in the data collection itself. Currently, AI models cannot precisely capture a 

player's psychological state, daily feelings, or general fitness in the way a human expert like a 

coach can. Therefore, I believe it's essential to combine AI with human input, adopting a 

‘human in the loop’ approach. 

 

Q7: I believe the current balance involves a combination of AI and human input, where AI 

informs decision-making rather than completely replacing it. There's often a ‘missing point’ 

between data science teams and coaching teams, where AI outputs are challenging to interpret 

or don't always translate directly to what coaches observe on the training field. For example, an 

AI model might predict a player is at high risk of injury, suggesting they should be rested, but 

human judgment is still necessary to convince the player and make the final decision. It's about 

using AI information on top of existing human insights. 

 

Q8: Insufficient data: There isn't enough comprehensive data to model all the intricate aspects 

of football, especially for complex human elements like psychological state or fitness. 

Interpretability of AI models: Many AI models are ‘black box’ models, making them hard to 

interpret, explain, or prove statistically. This leads to resistance from coaches, managers, and 

even fans who may not trust numbers that don't align with their perceptions or what they 

observe. Gap in understanding: There's often a disconnect where data science insights don't 

translate effectively to coaching teams, creating a ‘missing point’ between departments. 

Football's lagging adoption: Football is generally behind other industries and sports (e.g., 

American sports) in adopting AI and data science. Unpredictability of the sport: Football's low-

scoring nature and high unpredictability make it challenging to justify AI model outputs 

compared to sports with more frequent, measurable events. Cultural resistance: Overcoming 

the subjective and opinion-based nature of football and building trust and understanding 

between data science and coaching teams is a significant challenge. 

 

Q9: Yes, I believe it will fundamentally change how scouting is done. AI will primarily serve 

to narrow the scope of scouting by providing a strong data-driven starting point. The final 
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decisions will likely be made by a combination of human experts and AI outputs, with AI 

having a significant influence on which players are shortlisted. 

 

Q10: Yes, I think AI could benefit smaller clubs. It would make it much easier for them to scout 

players in more distant or lesser-resourced leagues where data is available, without incurring 

the high costs of sending human scouts. This would significantly increase their scouting scope. 

However, I also acknowledge that larger clubs would likely gain similar benefits, making it an 

open question whether it would ultimately level the playing field or create a new balance. 

 

Q11: Yes, there is an element of neutralization if all clubs use the same techniques and data. If 

everyone converges on the same statistics, it would simply become a new standard set of metrics 

rather than a competitive advantage for any single club. The advantage would then shift to clubs 

with in-house departments that are innovating or ‘doing different things’ or those who are 

‘further along in the state-of-the-art.’ This is comparable to the advantage of having the best 

coaches; similarly, having the best data scientists would provide a competitive edge. I believe 

the importance of attracting and building a strong data science team will grow significantly, 

though players will always remain the primary focus. 

 

Q12: I believe successful AI adopters in the future will be differentiated by: Their ability to 

implement in-house departments that are more advanced or employ unique methodologies 

compared to competitors. Their success in attracting and retaining top data scientists, as this 

will become a crucial competitive battleground for clubs. Their commitment to integrating data 

into their entire process and all decision-making, as I anticipate all clubs will eventually need 

to adopt this approach to remain competitive. 

 

Interview 3 

 

Q2: For data science to truly make a difference, you need strong alignment from ownership and 

sporting directors. Without that strategic buy-in, even the best systems often fail. Clubs like 

Brighton, Brentford, and Liverpool are good examples of effective data use. It's also critical to 

document internal processes to make systems club-dependent, not individual-dependent, so you 

don't lose knowledge when people leave. Decision-making should always be an ‘and’ approach, 

combining data, video, and traditional scouting for the final call. 
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Q3: Honestly, AI is often just a ‘buzzword’ in football right now. Many claim to use it, but 

without deep implementation. Sometimes, simple, well-understood data is far more effective 

than overly complex, poorly applied AI. The real power comes from merging deep football 

understanding with data science expertise. 

 

Q4: Data, and I expect future AI, should primarily act as an early filter. It helps narrow down 

the massive player market for traditional scouts. But yes, it can also be used to validate players 

that have already been identified through conventional scouting. 

 

Q5: I see the biggest opportunities as football data evolves. We're moving from just event and 

tracking data to ‘body composure’ data – things like positioning, head direction, and body 

posture. When you combine these data types with large language models and AI, I think we 

could really ‘dig deeper and find patterns’ in scouting and even training. We already have 

models that can predict how a player's performance might translate between different leagues, 

though these always give you probabilities, not certainties. 

 

Q6: Absolutely. AI currently struggles to capture intangibles such as a player's character, 

mentality, or how adaptable they'll be to a new country and culture. 

 

Q7: It's all about that ‘and’ approach. Data starts the filtering process, then you go deeper with 

more data and video analysis, and finally, traditional scouting comes in for those crucial final 

decisions. 

 

Q8: There are many, but a huge one is cultural resistance. Sporting directors and traditional 

scouts often fear for their jobs if data and AI come in. A critical factor is a lack of ownership 

involvement and strategic alignment. Then there are the high costs for data scientists, engineers, 

and the data itself; smaller clubs often prioritize buying players instead. You also have reliance 

on traditional methods and agents, and that ‘buzzword’ problem leading to distrust. Finding and 

keeping multidisciplinary talent (data science plus football knowledge) is really tough and 

expensive. I also believe in the professionalization of sporting management, moving beyond 

just hiring ex-players for top positions. 

 

Q9: Yes, despite its current "buzzword" status, I believe AI has ‘big potential’ to fundamentally 

change talent identification and valuation. 
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Q10: Absolutely. Data science and AI can provide a competitive edge for smaller clubs. For 

instance, we supported a small English club’s incredible rise to the Premier League by helping 

them identify undervalued players using data. This definitely requires a mindset shift towards 

investing in robust systems. 

 

Q11: Yes, I do anticipate that this competitive advantage will diminish after a while if AI 

becomes widely adopted. However, early adopters and innovative clubs will always be looking 

for ‘what's next,’ continuously creating new advantages. Most clubs, though, really need to 

focus on properly adopting basic data science first. 

 

Q12: Successful AI adopters will be differentiated by early adoption and continuous 

innovation. They'll need effective internal utilization and documentation of their processes, 

strong strategic alignment and genuine ownership buy-in, and the ability to attract and retain 

top data science talent who also understand football. The professionalization of sporting 

management will also be absolutely key. 

 

Interview 4: 

 

Q2: In a professional club, alignment is crucial, just like in a company. Data scientists need to 

understand the football context to make their work useful. The trend is changing; clubs like 

Brighton and Brentford, for example, are now replacing traditional scouts with people who 

understand data. For me, success comes from balancing experienced football eyes with data. I 

always say, I will never sign up a player if the data says no. Data tells you how your manager 

plays and the team's style, but you also need market knowledge. We use tools like Wyscout and 

Hudl for analysis and video scouting. 

 

Q3: We actually use an AI tool that we built ourselves with a team of engineers, customized to 

our style of play and what we look for. We teach the AI tactical concepts, feeding it video clips 

and documents, so it learns our preferences. This allows us to not only scout and analyze but 

also to predict how a player will perform within our system and how rival teams might act 

against us. I don't manage all the machine learning myself; we have a dedicated person for that. 
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Q4: It's primarily used for early filtering. We first look at the data, often using AI processes, to 

filter through players. It helps us narrow down the market based on our specific requirements 

and style of game. It also serves to validate players by seeing if they adapt to our game and 

style. 

 

Q5: For me, AI is an ‘assistant,’ not a replacement. Its main advantage is to help with fast 

decision-making by quickly providing and relating different sources of data. It helps scouting 

and analysis departments, and frankly, any department in a football club because a club is a 

company. AI can also generate dashboards, which saves a lot of time and money compared to 

manual data entry. 

 

Q6: Our AI, which is still being built, sometimes struggles to interpret the full context of a 

game. It might measure individual actions but not fully grasp how a team is defending or the 

overall tactical system. This is more of a challenge than a limitation, requiring constant training 

and feeding the AI with comprehensive context for it to truly understand the game. 

 

Q7: It's a balance. My rule is: I will never sign up a player if the data says no. Even if my 

experience and understanding of the market suggest a player could be good, the data must 

support it. You need the knowledge of the market and experience, but data is essential to 

validate your arguments and decisions. 

 

Q8: The main barrier is cultural resistance. Many people, even from newer generations, still 

feel ‘threatened by data’ and AI because they have their own way of understanding football and 

don't want AI to dictate their decisions. Not all clubs are adopting it; I've been in touch with 

teams in Greece or Cyprus where managers, sports directors, and presidents simply don't trust 

or like data. This lack of buy-in from the top is a significant hurdle. However, it's a matter of 

time; if clubs don't accept it now, they'll fall behind. 

 

Q9: Yes, absolutely. I believe AI will fundamentally change scouting and analysis. It will save 

a lot of time and money for institutions by automating analysis and dashboard creation. 

 

Q10: 100% yes, it will make a difference. Big clubs already use it, but smaller and medium 

clubs choosing to build a good model with data scientists, good scouts, and trusting AI/data 
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processes will gain a significant advantage. If even a third-division team applies and invests in 

this, it will differentiate them from the rest. 

 

Q11: It depends a lot on how you use it, how you feed it, and how you train it. Not every club 

will use the same AI models or data sources. Some clubs only visualize data and don't really go 

deep into the models; they use it because they have to, not because they truly integrate it. So, 

the advantage will likely persist for those who implement it effectively and innovatively. 

 

Q12: What will differentiate successful adopters is how they truly use, feed, and train their AI 

models and processes. It's not just about having AI, but about developing customized solutions 

and deeply integrating the technology to adapt to their specific needs and philosophy. Clubs 

that only superficially adopt AI won't gain the same competitive edge. 

 

Interview 5 

 

Q2: At my club, the process starts with the raw event data. We collect event data from over 100 

competitions worldwide,  resulting in about 3,000 events per match. From this data, we compute 

around 350 total metrics. For a specific player position, about 30-40 of these metrics are 

relevant. We use machine learning models to determine which of these metrics are important 

for winning games in a given position. Player roles are defined by expert opinion. Machine 

learning then identifies which metrics are crucial within that defined role. 

This data-driven approach generates an initial shortlist of players who fit the specific role, 

considering factors like league level and affordability. This list is then passed to the scouts, who 

focus on intangibles that data cannot measure, such as mentality, behaviour on the pitch, 

character, and physical attributes. The final recruitment decision is made collaboratively by the 

technical director, chief scout, head coach, and a member of the data team.  

Q3: We primarily use machine learning models to determine which metrics are important for a 

specific player position. For instance, if we're looking for a right winger or a center-back, our 

model identifies the most crucial metrics out of the 350 we track. We define "important" as 

metrics that, based on historical data, have a high correlation with winning games. 

 

Q4: AI and data are mainly used for early filtering. We employ a ‘data first’ approach, where 

data acts as the initial filter to identify suitable players. I estimate that 95% of the players we 

consider come from these data-generated shortlists. However, if we receive external player 
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proposals, such as from agents, we first use data to verify if the player is good enough before 

dedicating human scouting resources to them. 

 

Q5: I see two main opportunities for AI adoption. The first are Chatbot-like Interfaces: With 

the emergence of tools like ChatGPT, I believe AI can facilitate chatbot functionalities. This 

would allow scouts to directly query the data (e.g., ‘Give me the 10 best right wingers under 5 

million’), which would reduce manual work for data scientists and make insights more 

accessible to scouts. The second ‘AI Sporting Director’: I envision optimization algorithms that 

could function as an ‘AI sporting director.’ These algorithms could suggest the optimal players 

to recruit to maintain team performance if a player were to leave, by considering factors such 

as age profile and personality, provided such data were available. 

 

Q6: Yes, there are three key limits, all stemming from a ‘lack of data’: First, Player Character 

and Personality: There is no objective data to measure a player's behavior on the pitch, their 

personality in the dressing room, or leadership qualities. Scouts currently rely on observing 

games and speaking with network contacts to assess these ‘intangibles.’ Second, Physical Data: 

Widespread physical data for players outside of a club's own league is often unavailable. While 

clubs may request this data during negotiations, it is not always shared. Third, Off-ball Actions 

(Tracking Data): Event data captures on-ball actions, but tracking data (player positions at every 

second) is needed for off-ball context. However, tracking data is extremely expensive, making 

it inaccessible for many clubs across all desired leagues. 

 

Q7: We employ a ‘data first’ approach. Data is used to generate an initial shortlist of good 

players, allowing human scouts to then apply their judgment to subjective factors like mentality, 

physical output, and character, which are not quantifiable by data. The ultimate decision for 

recruitment is a collaborative effort involving the technical director, chief scout, head coach, 

and a data team representative. 

 

Q8: I believe the ‘buy-in from the top’ is by far the ‘biggest bottleneck’. I've observed that 

clubs with American ownership, like Casa Pia and Spezia, readily adopt data-driven approaches 

due to common practices in American sports. However, I think that 99% of the clubs are still 

run by ‘traditional football people.’ Many of these individuals either don't recognize the value 

of data, or they lack the financial resources or willingness to invest in it, even if they have the 

money, because they don't fully understand what it could bring them. 
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Q9: Yes, for clubs that are not yet working with data, AI could fundamentally change how they 

are operating for sure. I also think that for clubs already utilizing data, the primary distinction 

remains between those that use it and those that do not, as most data-using clubs are doing it all 

well mostly, while others are basically behind. 

 

Q10: Yes, I believe AI can provide a competitive edge to smaller clubs. While larger clubs can 

simply buy top players, smaller clubs benefit from a much larger pool of ‘good enough’ players 

to discover. Data allows these clubs to identify many interesting players, such as free agents, 

that their limited number of scouts might otherwise miss. This enables their few scouts to focus 

specifically on players already deemed relevant by data. I remember at one of my previous 

clubs, in the first season, we built a squad mostly with players who were free agents or released 

from their previous clubs by using data. 

 

Q11: I think that if data-driven recruitment becomes widespread, the competitive advantage 

will shrink, possibly down to a ‘1% difference’ based on model quality, similar to what 

happened in baseball. I believe the new competitive advantage would then shift to outside of 

recruitment, focusing on ‘optimizing the match day performance.’ This involves using data for 

tactics and decisions made before and during games, an area where I think almost no one does 

extensive work, with perhaps not more than 20 clubs worldwide currently doing so. 

 

Q12: I believe that once data-driven recruitment is widespread, the key differentiator for 

successful AI adopters will be their ability to leverage data for the performance side. This means 

focusing on how data can be used to help the first team ‘perform in the most optimal way’ 

through pre-match analysis, post-match analysis, and making in-game decisions. 

 

Interview 6 

 

Q2: I believe data science makes a significant contribution and provides enormous competitive 

advantages, especially for larger clubs. It offers us the ability to track and evaluate nearly every 

player globally where data is accessible, which means we can assess players from leagues like 

Honduras or Venezuela, something traditional scouting can't achieve on that scale. In terms of 

decision-making, it helps us reduce inherent bias, provides predictive models, and uncovers 

hidden patterns that complement our scouts' analysis. Ultimately, it's about supporting and 
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enhancing human judgment, as there are still many aspects, like psychological analysis or 

relationships, that data can't fully capture yet. 

 

Q3: Well, it's a bit challenging to give specific details from my club, as the football world is 

quite closed about its developments. However, generally, machine learning is utilized in 

computer vision to gather tracking data and in various models for player evaluation. We see 

examples like 12's LLM model being advertised, and Liverpool's past collaboration with 

Google's DeepMind on a set-piece model using deep learning. But broadly, clubs tend to keep 

their discoveries and models secret, so published research on scouting models is scarce 

compared to performance data like GPS. 

 

Q4: I see data being integrated effectively at both the beginning and the end of the scouting 

process. At the outset, it's incredibly useful for identifying players and generating shortlists, 

which saves a considerable amount of time. Towards the later stages, data models serve to 

complement scout observations by helping to reduce potential biases and reveal hidden patterns. 

In an ideal environment, these insights can support, or even challenge, existing decisions, 

fostering continuous improvement. 

 

Q5: The most promising opportunity, in my view, lies in developing even more sophisticated 

predictive models. The continuous emergence of new and better data, particularly event and 

tracking data, is a primary driver pushing this forward. However, one of the biggest challenges 

remains accurately predicting player development, as it's a non-linear process, with players 

peaking at different ages – just look at a case like Jamie Vardy. Intangibles like psychological 

analysis or how players react to the public are also still very difficult for AI to predict. 

 

Q6: It struggles to capture intangibles like a player's mentality, personality, psychological 

profile, their relationships with teammates, or their reactions to public pressure. Furthermore, 

football itself is a chaotic, low-scoring game on a large pitch with relatively few players, which 

makes implementing certain models more complex compared to a sport like American football. 

While technical and tactical aspects are becoming easier to analyze with data, quantifying 

certain positions, like a center-back, is still more difficult than evaluating a striker. 

 

Q7: In my experience, data-driven insights are primarily used to support and complement 

human judgment. Our models help to reduce potential biases and uncover patterns that might 
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not be immediately obvious, enhancing the overall analysis. Ultimately, areas like 

psychological analysis and understanding the specific context of a player remain crucial and 

are best handled by human scouts, as these are aspects data cannot fully reach yet. If data and 

scout observations differ, a healthy club environment should encourage re-analysis rather than 

dismissing one over the other. 

 

Q8: I'd say the biggest barrier is the ‘cultural side’: the willingness of owners and directors to 

genuinely embrace data-driven decision-making. In Southern Europe, for instance, many clubs 

are less open to these new approaches compared to those in top English divisions, where data 

is more widely spread. The second major barrier is financial capacity; data providers are 

extremely expensive, and smaller clubs often simply cannot afford both the necessary data and 

the skilled personnel to handle it. Even with the best data and teams, if the insights aren't truly 

valued and acted upon by leadership, they're useless. 

 

Q9: Yes, I definitely believe AI has the potential to fundamentally change scouting in football. 

It's a transformative force, much like when Wyscout and other companies began providing 

global video footage of matches, revolutionizing how scouting was done. Data possesses that 

same power to transform talent identification and decision-making analysis, which is why top 

clubs are continuously investing more in both people and data. 

 

Q10: My opinion is that bigger clubs will likely maintain or even gain a greater advantage. This 

is primarily due to their financial capacity. They have the means to invest heavily in expensive 

data providers and to hire larger, more skilled data science teams. Smaller clubs, particularly 

here in Portugal, often face significant financial struggles, meaning that investing in costly data 

and personnel isn't always a priority or even an option for them. 

 

Q11: Even if AI becomes widely adopted and every club, theoretically, has access to top-level 

models, I still believe the best clubs will always find ways to secure a competitive advantage. 

We've seen this throughout history with other advancements in scouting and performance 

analysis; the top clubs usually adapt faster and innovate further. Crucially, the willingness of 

club owners to truly embrace and correctly utilize data-driven processes remains key. If insights 

are ignored or misused, even the most sophisticated models and data science teams become 

ineffective. 
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Q12: For me, the key differentiator for successful AI adopters in the future will be the 

willingness of owners to genuinely embrace and correctly utilize data-driven processes. It really 

comes down to this cultural aspect we discussed earlier. Having the best models, the most 

talented data science teams, and access to the best data means very little if those insights are 

then ignored or not applied properly by the club's decision-makers. 

 

Interview 7 

 

Q2: Data integration into first team scouting has evolved significantly over the last few years. 

Big clubs now have strong data quality and modelling. With more American influence and a 

senior management approach, clubs are increasingly taking decisions based on data. Data is a 

major contributor to modelling ideal decisions, and I believe good decisions can't really be 

made without data integration, especially in an international context. Nearly every decision-

making process can be improved by involving data correctly. 

 

Q3: At the moment, I would say our use of machine learning or AI models is still at a relatively 

low level compared to other industries. The market dynamic in football transfers is nearly 

impossible to anticipate, making it hard to model things like team chemistry. There are just too 

many variables that are difficult to control or estimate correctly. However, in other disciplines 

like performance management, such as injury prevention or measuring youth players' speed 

development, AI tools are already in place and deliver important insights. 

 

Q4: Players actually come onto our lists much earlier through data scouting, which runs before 

video or live game impressions. However, it's not always about just collecting or filtering big 

data sets; often, we look at one thing very detailed. If we're unsure about an aspect, like a 

player's transition to another league, manual work is still done. The current limitation is a not 

yet established workflow that covers all these aspects. 

 

Q5: I see three main opportunities for AI in scouting. Firstly, in character insights, AI tools 

could deliver insightful reports by combining public and match data to understand player 

reactions and performance, as much of this is currently manual. Secondly, for individual 

performance, while detailed data exists, AI can translate this information into LLMs to make it 

accessible and understandable for different stakeholders, like board members who prefer short 

written texts over numbers. Thirdly, in modelling the influence of players or coaches, this 
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remains the most difficult field due to many variables and off-pitch factors that are nearly 

impossible to anticipate. Football's low-scoring nature and 11-vs-11 setup also make it less 

data-friendly than other sports. 

 

Q6: When it comes to intangibles, training a machine to get relevant information out of big 

data sets will potentially be quicker. However, from a sheer scouting perspective, I rarely need 

all fields of information to complete my personal picture of a player; often, I'm focusing on one 

specific detail. The main limitation is a not yet established workflow that covers all aspects. 

There's also a high danger of AI taking too many things into account and creating improper 

models. While I see the possible speed increase that AI could generate, I would challenge it to 

deliver the same specific insights I gain manually. 

 

Q7: Good decisions can't really be made without data integration, especially in an international 

context. The most critical factor is top management and how decision-makers emphasize data 

to make it an integral part of the process. For instance, I've seen clubs with good data 

departments where 80% of decisions were made without data, leading to bad outcomes. It's 

fundamentally about modelling the right process and having a workflow where data cannot be 

overlooked. 

 

Q8: The biggest barrier is absolutely top management and how decision-makers emphasize 

data to make it an integral part of the process. I've observed Bundesliga clubs with excellent 

data departments making 80% of decisions without data, which resulted in many poor choices. 

It's essential to model the right process and establish a workflow where data cannot be bypassed. 

The involvement of key figures like the managing director of sports or the head coach is crucial; 

otherwise, the data department might be entirely sidelined. 

 

Q9: I actually believe the opportunity and potential is bigger for smaller clubs. Their leverage 

effect will be higher because big clubs already have such profound data departments and 

analysis. AI will likely democratize data in sports, making it easier and cheaper for smaller 

clubs to profit from certain data sets and analysis. I anticipate that the next 3-5 years will bring 

cheaper and more effective solutions to the market, helping to reduce the gap to bigger clubs. 

 

Q10: Yes, I think the opportunity and potential is bigger for smaller clubs. Their leverage effect 

will be higher because big clubs already have such profound data departments and analysis. AI 
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will likely democratize data in sports, meaning smaller clubs could more easily buy into data 

sets and profit without needing extensive data analysis teams. I anticipate cheaper and more 

effective solutions in the next 3-5 years that will help reduce the gap to bigger clubs. 

 

Q11: I'm not sure if the competitive advantage will be neutralized, but I do think there is 

potential to make the gap smaller. The main differentiator will be modelling the right decision-

making process, even if data tools become widely available. Success depends on at which point 

data is involved among key decision-makers and their familiarity and speed in communication 

using those insights. 

 

Q12: For me, the key differentiator for successful AI adopters will be modelling the right 

decision-making process. It's crucial at which point data is involved among the key decision-

makers, such as the chief data analyst, chief scout, sporting director, and CEO. Their familiarity 

with dashboards and their speed in communication to create a comparative advantage will be 

vital. This includes anticipating market trends and securing signings ahead of competitors. 

Decision-makers need data translated into understandable formats, whether words, dashboards, 

or diagrams, to truly be informed and engaged in player recruitment. 

 

Interview 8 

 

Q2: I believe the main application of AI or data science in football is scouting. It's a smart move 

to use data because nobody can watch enough football to find all good players. Clubs' 

approaches vary based on their culture; some want to confirm existing opinions, others build 

data processes from scratch, or simply double-check their work. In decision-making, most clubs 

aren't using data efficiently. They may have data but struggle to transform raw data into useful 

information, leading to a lack of trust from decision-makers. There's a significant gap in the 

industry, with data maturity varying greatly by league and club. 

 

Q3: After building a basic data infrastructure and doing initial data science tasks, the next step 

for most clubs is to go predictive with machine learning and AI algorithms. I estimate that 

around 20% of clubs with structured data have already moved to guided and good machine 

learning models. While all clubs can easily build an xG model, this ‘next step’ is not universally 

adopted. Many models focus on predicting the value of actions on the field, like xG for shots, 
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which can be combined to create new metrics. It's also possible to predict player value, injuries, 

and physical outcomes. 

 

Q4: When consulting, we often help clubs establish their basic data department. The maturity 

of football clubs varies significantly, unlike in basketball or baseball where most clubs have 

already mastered the basics and moved to ML/AI models. There are two main ways predictive 

models are used: clubs with basics can create shortlists with metrics and then consult us for 

predictive insights, or some clubs use their own predictive models to generate new metrics for 

scouting shortlists. Companies like Gemini Sports Analytics also provide a single player score 

from various predictive models for shortlisting. However, in my opinion, this single-score 

strategy doesn't work as well in football as it does in basketball. 

 

Q5: The football industry is currently not fully aligned with newer AI technologies like LLMs 

(ChatGPT, Gemini). I believe a significant opportunity for scouting is to integrate LLMs with 

scouting reports. This would allow us to generate a phrase or description of a player's style, 

strengths, and weaknesses instead of just showing videos or raw metrics. The goal is to integrate 

databases and models with LLMs to provide words instead of raw numbers. Some work already 

done by teams like Sevilla demonstrates this potential. 

 

Q6: I see two primary limitations: the quality of data and the availability of skilled people. 

Football's dynamic nature means data isn't always good enough to be the best predictor; we 

can't fully capture things like a player's field vision. There are also computational challenges in 

detecting player post-data. The second limitation is a shortage of people who are knowledgeable 

about AI tools and can build scientifically robust models. We need more data scientists to 

process information correctly and ensure proper data digestion. As Luke Bourne often says, 

having a good process with bad data is preferable to good data with a bad process. 

 

Q7: This is, in my view, the toughest part of the job. While we've had success with one data-

aware club, with most, every step forward feels like two steps back. Football's deep cultural 

roots in many countries often lead people to disbelieve or reject data-driven approaches. Many 

decision-makers are not open to these methods, either out of fear (like in Moneyball) or simply 

due to unfamiliarity. This fundamentally requires a significant change in the club's internal 

culture. 

 



 AA 

Q8: I believe the cultural barrier within clubs remains the biggest obstacle. There's a lack of 

awareness about the long-term importance of investing in data scientists, who are expensive but 

offer substantial future gains compared to player costs. Clubs often lack a long-term vision due 

to short-term thinking from supporters. A club's internal culture must be very strong to prevent 

external pressures from derailing its data-driven processes. In Brazil, I've seen supporter and 

press pressure lead owners to make non-data-driven decisions, highlighting the need for a very 

strong foundation. 

 

Q9: Yes, I believe it has already fundamentally changed things, though people may not always 

see it happening in the background. Clubs like Brighton and Brentford are entirely data-driven, 

and they have consistently moved from the Third Division to the First Division. The adoption 

of this change is slow across different football cultures. I am eager to see what the scenario will 

be like when every club eventually adopts these approaches. 

 

Q10: I think club size matters significantly. Larger clubs possess the financial resources to hire 

top data scientists, analysts, and engineers, allowing them to establish superior processes and 

accelerate their adoption. Smaller clubs, with their limited technology budgets, may fall behind 

because they cannot build such infrastructure. However, while data is expensive, smaller clubs 

potentially have more to gain from it. They also have more room for error, as a smaller budget 

mistake is less impactful than a large one. 

 

Q11: This is a very broad question, and I don't have a definitive answer. Currently, clubs' 

models are often kept secret, so we don't know what competitors are doing. The next 

competitive challenge will be to develop the best models. If every club adopts a data-driven 

approach, the key differentiator will become who has the best data-driven approach. After 

recruitment, the next area for competitive advantage will be on the tactical side, making more 

informed in-game decisions and collaborating with coaching staff. However, I believe we are 

years away from that level of in-game data utilization. 

 

Q12: The main differentiator for successful AI adopters will be having the best data-driven 

approach. The next phase for data science will be in-game tactics, focusing on more informed 

decisions during matches and strategic game planning with coaching staff. Beyond on-pitch 

applications, data science can significantly aid in the overall organization of a football club. 

This includes data-driven pricing for tickets and using data in the marketing department to 
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optimize social media engagement, which in turn can generate more revenue and advantage. 

These are currently less explored areas that could offer a unique edge. 

 

Interview 9 

 

Q2: The importance of data science differs significantly between clubs. We invest a lot in it, 

and I sit next to our data scientist, valuing their opinion highly when I have queries about 

players. Data is excellent for initially flagging players, which saves a huge amount of time and 

resources for our scouts. However, we would never sign a player based solely on data; visual 

scouting remains incredibly important. Data helps guide scouts to watch specific players, but 

they're still encouraged to report on any other good players they find. Clubs like Brighton and 

Brentford massively use data and are seeing huge rewards, such as with players like Mbeumo. 

 

Q3: We utilize data systems that involve a lot of coding, though I'm more focused on 

appreciating what these systems can do and using their visualizations, rather than building them 

myself. Our scouting system now uses AI to condense multiple reports on a player, 

summarizing their key strengths. I wouldn't say we use AI massively yet; it feels like it's still 

‘teething’ and there's a general wariness about what it can do. From my personal experience, 

we don't currently use AI to evaluate or predict player performance. Most of our current systems 

are coded and developed either internally or by external data companies. 

 

Q4: The data is primarily used for initial flagging to create a shortlist of players for scouts to 

view. We intentionally don't tell scouts why a player was flagged to prevent bias and ensure 

they provide their own subjective opinion. While data helps, I believe it's vital for scouts to 

offer their personal judgments to avoid the process becoming ‘robotic.’ Data also complements 

video and written reports in presentations, providing backing evidence, although it won't be 

perfect 100% of the time and discrepancies are noted. 

 

Q5: I don't want AI to eliminate jobs, but it offers significant opportunities to develop scouting 

and data systems. Scouting has evolved dramatically in 20 years, and I anticipate that in another 

20 years, AI might create recruitment videos or instantly generate reports. The goal is to 

expedite the process, allowing us to assess more players quickly and identify who is suitable. 

However, I believe AI should be used cautiously and in conjunction with subjective, 

personalized opinions; we shouldn't over-rely on it. 



 CC 

 

Q6: Absolutely, there are definite limits; AI cannot capture intangibles like leadership or 

personal qualities. You can't get a reference from AI about a player's off-pitch life, family, or 

their impact in the dressing room. Watching a game live often reveals elements, like shouts or 

how a player controls the game, that video might miss. AI should supplement the scouting 

process, not take it over, especially since much of my work is subjective. It's still very early 

days for AI in football, so we need to proceed cautiously. 

 

Q7: In my view, AI should be used very cautiously and in conjunction with human judgment, 

not to override it. While data can support our visual observations, it's not perfect every time, so 

human judgment is essential to interpret any discrepancies. My personal experience heavily 

involves visual scouting and subjective opinions. For any new process, it's crucial that 

everyone, from the higher-ups to the recruitment team and scouts, buys into it to ensure it works 

for the club. 

 

Q8: The biggest barrier is that experienced people at higher levels are wary of using AI, as they 

are accustomed to traditional, proven scouting techniques. There's uncertainty about its 

effectiveness, and with millions of pounds on the line for player signings, there's too much at 

stake to trust something unproven. A wrong decision could cost a club its place in the league. 

Therefore, AI must be used very cautiously, and widespread adoption requires that everyone in 

the club, including the leadership and recruitment teams, is on board with it. 

 

Q9: I think claiming AI will completely change it is a very strong statement. It will certainly 

be used, and it will contribute to the modernization of scouting, much like data models have 

emerged. However, I can't envision it ever entirely replacing traditional scouting; to me, nothing 

beats what you see with your own eyes. You wouldn't sign a player based solely on a data 

report. AI should supplement traditional methods, not completely overtake them. Yet, given the 

global trend, it wouldn't surprise me if AI becomes a massive part of the process. 

 

Q10: Yes, I believe it would be more beneficial for smaller clubs. Smaller clubs have more 

flexibility to take risks with players because they're signing them for less money, aiming to 

develop them rather than buying a finished article. AI could help them identify players who are 

strong in specific areas, allowing the club to develop them further and sell them for a significant 

profit. Bigger clubs, like Real Madrid or Man City, don't need this edge as much; they can 
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simply buy established, ready-now players. Smaller clubs have the time to integrate and develop 

players gradually, which aligns well with an AI-driven approach. 

 

Q11: Yes, I believe it could neutralize the gap between clubs in identifying players. If many 

clubs use similar data models, they'll likely flag the same players, as we already see with transfer 

news. When shortlists become similar, the personal aspect of what a club can offer a player 

becomes paramount. It then comes down to the club's ability to convince a player to join, based 

on factors like guaranteed game time, development pathways, or a strong personal connection 

with the manager. It's about the unique value proposition. 

 

Q12: If data models become increasingly similar, leading to the neutralization of competitive 

advantage in player identification, then the key differentiator for successful AI adopters will be 

the human side of recruitment. Clubs that can offer players a compelling personal package, such 

as guaranteed game time, a clear pathway for progression into the first team, or a strong 

connection with the manager, will stand out. It will be about the club's ability to convince and 

personalize the opportunity for each player. 

 

Interview 10 

 

Q2: Data science complements scouting operations in most clubs, and it's especially important 

for smaller clubs. In a well-run club, scouts and data can independently generate player lists 

based on set criteria. These lists are then exchanged and validated by the other party, creating 

a good balance of human and data views. While no club makes decisions solely on data, a good 

sporting director uses data to challenge scout opinions and provide more agency in decision-

making. 

 

Q3: Machine learning and AI models are reasonably well-developed in football compared to 

other industries, benefiting from good data availability for researchers. However, integrating 

these sophisticated models into decision-making is challenging. While tracking data models are 

sophisticated, they are expensive to collect and process for relatively marginal gains, making 

them difficult for most clubs to afford. Event data models are more varied, but areas like injury 

or financial data are largely untouched due to data unavailability, and even simple models pose 

implementation challenges. 

 



 EE 

Q4: I believe data, including AI/ML, serves for both early filtering and validation. Scouts create 

player lists, and data also generates its own list from set criteria, and these are then exchanged 

and validated by the other party. If the data shows good numbers, a scout will look at the player, 

and if a scout says a player is good, the data is reviewed. It’s about getting an independent view 

from each party to challenge each other. 

 

Q5: The main drivers are cheaper and more widely available data. As computer vision 

improves, it will generate event data more accurately and cheaply, increasing accessibility 

globally. Similarly, tracking data, crucial for off-ball events like defensive positioning, needs 

to become commoditized and cheaper to access and process, allowing us to quantify the 97% 

of events not on the ball. Body pose estimation offers deeper insights into player actions, and 

if data becomes cheaper, clubs will find ways to adopt these for areas like injury prediction or 

opposition analysis. 

 

Q7: Decision-makers, especially good sporting directors, weigh the evidence from both data 

and human scouting. I believe data is used to challenge a scout's opinion or to ask questions 

that might not have been covered by traditional scouting. This approach provides sporting 

directors with greater agency in their decisions, moving beyond sole reliance on a person's 

opinion. However, the football mentality, with its high jeopardy and pressure, can create fear 

in adopting practices seen as unusual. 

 

Q8: The biggest barriers are cultural resistance, cost, and the inherent jeopardy of European 

football. Football is very insular, often preferring known individuals and short-term solutions, 

which hinders data's long-term impact. Companies have also struggled to effectively link the 

cost of data generation to its decision-making benefits. Furthermore, the high stakes of 

relegation and promotion in shorter seasons create a fear of experimentation with unusual 

practices. 

 

Q9: Yes, I believe AI will fundamentally change the nature of scouting, and it's coming soon. 

As data processing becomes cheaper and access to footage improves, the price of these 

technologies will decrease, transforming scouting practices. The competitive advantage from 

data has already been significantly eroded; finding an 'overlooked' talent like Andy Robertson 

or Mo Salah is rare now as good young players are tracked by major clubs. This edge will 

further diminish with the commoditization of data. However, football's adversarial nature, 
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allowing diverse playing styles, should prevent a homogenized game, unlike what some argue 

happened in basketball. 

 

Q10: It depends on a club's definition of success; not all clubs aim to be the biggest in the 

world. However, I believe there absolutely is a reason for smaller clubs to adopt data, including 

AI. It's going to become 'table stakes' fairly soon, meaning clubs that don't use it will ultimately 

fail, regardless of their success metrics. Even if they have a player trading model, data will be 

essential. 

 

Q11: Yes, I believe the competitive edge offered data approaches has already been massively 

eroded and will be further neutralized by the commoditization of data. It's now rare to find a 

talented young player whose data isn't already known by major clubs. However, football's 

inherent adversarial nature, which allows for diverse playing styles, means there likely won't 

be a uniform way of playing, which is key to avoiding the homogenization seen in sports like 

basketball. 

 

Interview 11 

 

Q2: We have developed internal rating and algorithms to help with player scouting, and it's 

improving day by day. The scouting department now largely agrees with our algorithm's 

findings; what was once a common disagreement is now in sync about ‘9 in 10’ times. For 

example, in the current market, we form a team with one data person, one scout, and our sports 

director to find the best market options. While scouting still holds a ‘much higher opinion’ than 

us, our data-driven opinions are much more heard now than it was in the past, though the final 

decision always rests with the Sports director. 

 

Q3: Football is very delayed in terms of technology compared to other industries. At the 

moment, we haven't reached a point where we are using AI or machine learning on a daily basis 

at a higher level for player evaluation or prediction. We are not against it and believe it will be 

a great help in the very near future, but we develop everything internally, which takes time. 

 

Q4: We use data for both early filtering and validation. I act as a ‘data scout,’ creating my own 

watch lists and sending players to scouting for final checks, or I review players found by scouts 

to see if they are a good fit based on data. 
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Q5: It's very difficult to guess what the future will look like because things change very fast. I 

believe AI will primarily be used to help the person decide and do that kind of work that it takes 

very long to do it. For instance, like Sevilla's system, AI can quickly search vast databases of 

scout reports to find players matching specific profiles, making people ‘more efficient and to 

be quicker on their job.’ 

 

Q6: We have three things that are very difficult for us to handle in terms of data. Firstly, cost, 

accessing the best data is very expensive. Secondly, intangibles like the mentality and the 

psychological aspects of players, at the moment, we can't measure them, though scouts try to 

find news or assess performance in big games. Thirdly, the adaptation of a player after a transfer 

is very hard to predict, as personal issues can lead to mental breakdowns despite a seemingly 

perfect fit. These risks will always be there. 

 

Q7: While the scouting department's opinion is still much higher than ours, our data-driven 

opinion is much more heard now than it was in the past. The Sports director makes the final 

call, considering inputs from the president, head coach, my data perspective, and the scouting 

department. Initially, there was cultural resistance to data, with people viewing me like a ‘weird 

species.’ However, by providing concrete proofs of data's value, it's become a core part of the 

club, to the point where it's impossible to live without data now. 

 

Q8: The biggest barrier initially was cultural resistance. People are hesitant to adopt something 

they're not used to. However, this can be overcome with concrete proofs of data's worth. Other 

significant barriers include the very expensive cost of high-quality data and the current inability 

to measure intangibles like player mentality, psychological factors, and adaptation. 

 

Q9: Yes, probably, I believe AI will fundamentally change things. It can be used literally 

everywhere in scouting and technical analysis, as well as broader club operations like predicting 

fan attendance or security needs. Things are changing rapidly; I expect significant differences 

even within a year, and I'm a big fan of AI, hoping it will be a ‘big up for us.’ 

 

Q10: It's very difficult for me to answer that, but probably yes, because it could give smaller 

clubs tools they currently lack to compete. However, it requires a huge investment in tools and 

human resources that smaller clubs might not be able to afford. For example, some Portuguese 
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clubs don't even have a scouting department, let alone a data department. I believe if all clubs 

have the same technology, bigger clubs will still have an advantage due to more and better 

people. So, I don't think it will change that much. 

 

Q11: I would say 9 in 10 situations, the first ones that adopt will have an advantage. Early 

adopters gain an advantage by becoming ‘more comfortable’ and ‘more used to the technology,’ 

allowing them to really bring value and gain competitive advantage. It's almost impossible for 

a club starting now to reach our current level in a few months. While there's risk in early 

adoption, it's about finding the ‘right spot’ to jump on the train. 

 

Q12: I think there will always be some difference because AI is a ‘huge monster,’ not a single 

software everyone uses. The bigger clubs will be more prepared and they will have more 

investment to back this challenge. For example, Manchester City might have 20 or 30 people 

working on this, making it impossible for clubs like ours to compete on that scale. This is just 

how the game and how the industry works. 

 

Interview 12 

 

Q2: Data scientists prepare the tools and the data, which is delivered to the scouting team or 

any other decision-maker. Then, they use the data alongside their knowledge and other tools to 

make their informed decisions. 

 

Q3: Unfortunately, I can’t answer this due to privacy reasons. 

 

Q5/Q8: It's just like in any field... Don't rely solely on data, but don't ignore it either. I think 

we should use it to our advantage as an extra tool or piece of information, knowing it's not 

enough in and of itself. 

 

Q9/Q11: I do believe it. Provided that the models use the proper information and clubs and 

entities are able to create robust models, these can offer a huge advantage for the clubs using 

them. I don't think the advantage will diminish because I'm sure no two clubs will use the same 

model. Therefore, only the clubs with the best models will have the biggest advantage. 
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