
The Capabilities and Limitations of Machine 
Learning in Athletic Evaluation and Predictive 

Modeling  
 

Honors Thesis 

Presented in Partial Fulfillment of the Requirements for theUniversity 
Honors Program 

Colorado State University 

 

By: 

Ethan Gardner 

College of Natural Sciences, Department of Computer Science  

 

Nikhil Krishnaswamy, Department of Computer Science 

Nathaniel Blanchard, Department of Computer Science 

 

Spring Semester 2026 

 

 

 



Introduction: 

For decades, the evaluation of athletic talent and in-game strategy was governed almost 

entirely by the human eye. Traditional player assessment relied on the subjective intuition of 

scouts and coaches, evaluating prospects through live observation, basic statistical tallies, and 

human memory. While this approach built the foundation of professional sports, it is inherently 

limited by cognitive biases and the sheer physical impossibility of analyzing thousands of hours 

of global game footage. Today, the influx of optical tracking, wearable sensors, and vast 

historical datasets has initiated a paradigm shift. Professional organizations have turned to 

machine learning to process this overwhelming volume of information. By utilizing advanced 

algorithms, ranging from fundamental linear regression models to complex neural networks, 

teams can now uncover hidden patterns, objectively quantify performance, and project future 

success with a level of precision that traditional scouting simply cannot match. 

However, the application of machine learning in sports is not uniformly effective across 

all aspects of the game. Algorithms thrive in environments where variables are highly structured, 

isolated, and quantifiable. For example, predicting the translation of amateur statistics to rookie 

performance in the NBA, NFL, or MLB provides a rich, measurable dataset of physical metrics 

and historical comparables that models can easily digest. Similarly, highly structured, 

closed-skill scenarios, such as offensive set pieces in soccer, offer static starting positions and 

repeatable patterns that are ideal for spatial analysis and predictive modeling. Machine learning 

is also highly adept at forecasting physiological outcomes, such as aging curves, fatigue 

degradation, and injury risks, by analyzing continuous workload and biomechanical data. In 

these domains, the mathematical models consistently outperform human prediction. 



Yet, sports are fundamentally human endeavors, and there remains a clear boundary 

regarding what algorithms can accurately forecast. Machine learning struggles profoundly with 

the "intangibles" of athletic competition. A predictive model can easily calculate a player's top 

speed or historical shooting efficiency, but it cannot quantify psychological resilience under the 

immense pressure of a playoff elimination game. Algorithms cannot predict locker-room 

chemistry, an athlete’s adaptability to a new coaching system, or how a young player might 

handle the emotional toll of moving across the country. Furthermore, moments of pure, 

unprecedented on-field creativity often register as statistical anomalies or "errors" in a model's 

training data. 

This research paper will explore the evolving intersection of data science and athletic 

evaluation. By comparing machine learning-based performance predictions against traditional 

assessment techniques, this paper will identify which specific components of sports are most 

susceptible to algorithmic forecasting and which remain elusive. Ultimately, understanding both 

the capabilities and the strict limitations of these models reveals that the future of sports analytics 

does not lie in replacing the scout or the coach, but in intelligently augmenting human judgment 

with objective, data-driven insights. 

I. The Pattern Shift in Player Evaluation 

The Limitations of Traditional Scouting 

For over a century, the evaluation of athletic talent and team performance was governed 

almost entirely by human intuition, commonly referred to as the "eye test." Traditional scouting 

required personnel to travel extensively, observe live matches, and record subjective notes 

regarding a player’s mechanics, tactical awareness, and physical exertion. While this approach 



built the foundation of professional sports, it is constrained by the cognitive and physical 

limitations of human observation. Human scouts are susceptible to certain biases such as recency 

bias and small sample sizes, often leading to flawed evaluations of long-term potential. In 

statistical terms, the "eye test" frequently functions as a highly unreliable model, as 

misinterpretation and missing talent can be common. Furthermore, as the sheer volume of 

collegiate and international prospects has expanded, it has become physically impossible for 

traditional scouting departments to accurately cover every viable athlete, leaving significant gaps 

in talent identification (CollegeInsider, 2024). 

The financial consequences of these subjective limitations are clear. Traditional 

evaluation methods frequently result in market inefficiencies, where players who do not fit the 

conventional "mold" are overlooked. This inefficiency was famously exploited by Brentford FC. 

As Abbas Merchant (2024) details in his analysis of the club, "Finding undervalued players — 

often ignored by larger clubs — is the fundamental tenet of the Moneyball philosophy." Because 

Brentford lacked the financial resources of Premier League giants, they had to adapt. Merchant 

notes that "Brentford's recruitment strategy leverages data science and sophisticated statistical 

analysis, moving away from conventional scouting techniques to discover undervalued players in 

the transfer market." Ultimately, traditional scouting evaluates the aesthetic or visual appeal of an 

athlete, whereas statistical models evaluate the output and statistics, revealing discrepancies that 

smaller markets can exploit. 

Transitioning to Machine Learning Frameworks 

To overcome the limitations of subjective observation, modern sports organizations have 

transitioned toward objective, machine learning (ML) frameworks. This shift represents a move 



from descriptive statistics to predictive and prescriptive analytics. Instead of relying on human 

memory to compare athletes, teams now use algorithms to process historical data. For example, 

"One of the key techniques employed by Brentford is clustering algorithms, which help group 

players based on similar playing styles and performance metrics" (Merchant, 2024). This allows 

a front office to avoid the biases of traditional scouting and "target undervalued talent by 

focusing on attributes that other teams might overlook" (Merchant, 2024). 

However, the modern application of machine learning in sports is no longer satisfied with 

simply outputting a prediction; coaches and executives demand to know why a model reached its 

conclusion. This demand has driven the adoption of Explainable AI (XAI), which is a subfield of 

computer science dedicated to making opaque, "black box" machine learning models transparent 

and interpretable to human users. To achieve this transparency, analysts frequently rely on 

specific mathematical frameworks such as SHapley Additive exPlanations (SHAP). SHAP 

assigns a specific, quantifiable value to every single variable in a dataset, measuring its exact 

marginal contribution to the model's final prediction. By using the abilities of SHAP, analysts can 

deconstruct complex neural networks to identify exactly which team-level metrics, such as 

spatial dominance, or individual actions, such as high-intensity sprints, contributed most to a 

predicted match outcome. This interpretability is crucial, as a model built might mathematically 

identify a winning tactical pattern, but without tools like SHAP bridging the gap between highly 

technical algorithms and practical coaching strategy, the data remains unusable on the training 

pitch (MDPI, 2023).  

New Forms of Data Collection 



The success of any machine learning model is entirely dependent on the quality and 

dimensionality of its training data. In the early eras of sports analytics, player evaluation relied 

on basic tabular data, such as goals, assists, or batting averages. This data was typically stored in 

standard relational databases and queried via SQL to find simple historical averages. Today, the 

field has evolved far beyond relational tables, requiring the ingestion of continuous, multi-modal 

tracking metrics that quantify the exact physical and spatial movements of athletes 

frame-by-frame. 

This multimodal approach combines external load data (wearable GPS tracking, 

acceleration zones, and optical camera coordinates) with internal load data (heart rate variability 

and biometric sensors) and contextual match data. By fusing these diverse data streams, AI 

technologies can identify subtle, high-dimensional patterns that precede athletic success or 

physiological breakdown (JHSE, 2025). At the highest professional levels, the sheer 

computational power required to process this continuous stream of tracking data has made 

cloud-based machine learning an operational necessity rather than an experimental luxury 

(BuiltIn, 2024). 

Application in Static and Open Scenarios 

While machine learning possesses many capabilities, its predictive accuracy varies 

significantly depending on the structure of the event being analyzed. Algorithms thrive in 

"closed-skill" scenarios, which is where environments are characterized by static starting 

positions, highly structured formations, and limited immediate randomness. For instance, 

evaluating field goal probability in the NFL benefits immensely from the isolated, controlled 

nature of a kicking event. The distance, angle, and environmental factors can be cleanly mapped 



as variables. Similarly, when analyzing offensive soccer set-piece data, the static starting 

formations naturally lend themselves to spatial mapping. Analysts can utilize optical coordinate 

data (such as Opta tracking) to visually map the exact landing spots and success rates of these 

offensive setups, transforming a physical play into a strict mathematical geometry. 

This structured predictability was recently highlighted by Liverpool FC's implementation 

of DeepMind’s TacticAI. Because corner kicks "offer coaches direct opportunities for 

interventions and improvements," Liverpool utilized geometric deep learning to analyze these 

static plays (Tiwari, 2024). The algorithm does not just predict outcomes; "TacticAI incorporates 

both a predictive and a generative component, allowing coaches to sample and explore 

alternative player setups for each corner kick routine and select those with the highest predicted 

likelihood of success" (Tiwari, 2024). The results of utilizing machine learning in these highly 

structured, closed-skill scenarios are staggering. In a study with Liverpool's domain experts, 

"TacticAI's model suggestions were indistinguishable from real tactics and were favored over 

existing tactics 90% of the time" (Tiwari, 2024). 

Conversely, "open-skill" scenarios, which show the more fluid, dynamic flow of play in 

sports like basketball or soccer, introduce chaotic, continuous variables that basic predictive 

models simply cannot handle. Unlike a static corner kick, an open-play counter-attack possesses 

near-infinite permutations dictated by split-second human decision-making, ball trajectory, and 

shifting defensive pressure. To analyze these volatile environments, researchers must rely on 

advanced frameworks like Graph Neural Networks (GNNs). Rather than evaluating an athlete's 

metrics in isolation, GNNs treat the entire team as a single spatial ecosystem. By modeling 

players as interconnected "nodes" and the dynamic distances, passing lanes, and defensive 

pressures between them as structural "edges," GNNs can map the complex spatial relationships 



of a team moving in real-time (Preprints, 2024). This allows analysts to quantify previously 

unmeasurable aspects of the game, such as off-ball movement. For example, a GNN can 

calculate the exact mathematical value a player adds by making a "decoy" run that drags a 

defender out of position, proving that advanced algorithmic modeling can evaluate not just the 

player on the ball, but the structural integrity of the entire field of players. 

The Redefined Role of the Analyst 

Ultimately, the pattern shift in player evaluation is not characterized by the total 

elimination of human judgment, but instead a fundamental restructuring of how evaluation is 

conducted. Machine learning has exposed the mathematical inefficiencies of the traditional "eye 

test," proving that algorithms can ingest multi-modal, spatial data at a scale previously 

unimaginable. By successfully isolating closed-skill scenarios and utilizing clustering techniques 

to identify undervalued talent, machine learning has transitioned the role of the sports analyst 

from simply querying what has already happened to probabilistically modeling what will happen 

in the future. However, as the focus shifts toward predicting increasingly dynamic variables, 

such as injury forecasting and open-play team performance, the true test of these algorithms lies 

in their specific predictive capabilities and methodological boundaries. 

 

II. Capabilities and Domains of High Predictability 

Structured Tactical Scenarios and "Closed-Skill" Events 

While machine learning algorithms are increasingly applied across all facets of athletic 

competition, their predictive capabilities are most pronounced in "closed-skill" environments. 



These specific scenarios are characterized by static starting positions, highly structured 

formations, and a significant reduction in immediate randomness. Because the chaotic variables 

of open play are temporarily paused, these situations represent the easiest and most reliable 

domains for algorithmic prediction. For example, when analyzing offensive set-pieces in soccer 

or evaluating field goal probabilities in the NFL based on exact distance and environmental 

factors, researchers can cleanly map the event as a set of static, isolated variables rather than a 

fluid, unpredictable series of events. 

To effectively process these highly structured plays, data scientists frequently rely on 

specialized frameworks rather than standard linear regression. As detailed in recent research on 

predictive modeling, "These methodologies leverage the inherent graph structure of sports data, 

capturing interactions among players, teams, and game events" (Preprints, 2024). By 

mathematically treating individual athletes as interconnected nodes on a spatial graph, predictive 

models can assess the structural integrity of a formation in its entirety. This allows analysts to 

reliably calculate the optimal probability of success for a specific tactical arrangement, and even 

test hypothetical adjustments before the ball is ever put into play. 

Physiological Forecasting and Injury Risk 

Beyond structural tactics, a strong capability of modern machine learning in sports is 

physiological forecasting, and in specific, predicting and mitigating injury risk. The human brain 

cannot continuously monitor hundreds of micro-movements, sleep metrics, and biometric load 

data simultaneously. Consequently, human-led injury prevention is often reactive. When humans 

are in charge of injury prevention, they usually have to wait for an athlete to report pain or show 

a clear limp. By that time, the damage is already done. Recent literature highlights the large 



difference between traditional medical assessment and algorithmic forecasting. As researchers 

note regarding multimodal technologies, "Traditional tools such as movement screenings and 

injury history questionnaires are limited in their predictive power and fail to capture the 

complex, multifactorial nature of sports injuries" (JHSE, 2024). To solve this, "Artificial 

intelligence (AI) offers a transformative approach, leveraging multimodal data and machine 

learning models to uncover subtle risk factors" by continuously synthesizing internal load (e.g., 

heart rate) and external load (e.g., GPS distance tracking) (JHSE, 2024). This combination is 

incredibly important. For instance, a coach might see that a player ran five miles during practice 

and think they are perfectly fine based on the distance alone. However, a machine learning model 

might notice that the player's heart rate was unusually high for that specific distance compared to 

their historical data. The algorithm flags this mismatch as a sign of hidden fatigue before the 

player even realizes they are at risk. 

The sheer volume of this tracking data fundamentally breaks older analytical models. Basic 

statistics are designed to look at just a few variables at a time, like comparing a player's age to 

their running speed. Today, however, athletes wear sensors that track dozens of metrics every 

single second. In a systematic review of return-to-sport forecasting, researchers concluded that 

"Traditional statistical methods often struggle to manage such high-dimensional, multivariate, 

and interactive data structures" (PubMed, 2024). Instead, teams must rely on advanced machine 

learning algorithms to process the noise. The review found that "Random Forest (RF) was the 

most widely used machine learning algorithm... demonstrating the best predictive performance" 

for identifying injury patterns before they result in actual physical trauma (PubMed, 2024). 

Algorithms like Random Forest are highly effective here because they do not rely on just one 

simple rule. Instead, the model builds hundreds of different decision trees based on all those 



overlapping variables. It then averages them out to find the most accurate pattern, spotting 

warning signs that a traditional doctor looking at a spreadsheet would easily miss. 

Player Trajectory and Statistical Translation 

The final domain of high predictability lies in career trajectory modeling and statistical 

translation. While projecting how an amateur athlete will perform at the professional level 

involves inherent uncertainty, machine learning models excel at identifying historical 

comparables using isolated, tabular metrics. By analyzing massive datasets of historical player 

statistics, machine learning models can simulate thousands of potential career outcomes to find 

the most probable trajectory. Predictive simulation systems use algorithms to forecast these 

outcomes by establishing strict quantitative baselines (Springer, 2024). Furthermore, by 

deploying clustering algorithms, teams can group top-performing athletes based purely on their 

data profiles rather than subjective scouting labels or positional biases (MDPI, 2024). If an 

algorithm determines that an overlooked prospect’s statistical output mirrors that of an 

established elite professional with a 90% confidence interval, the model can reliably predict that 

the prospect will translate well to a higher level of competition, assuming the physical 

parameters remain constant. 

Summary of Predictive Capabilities 

To summarize, the core strength of machine learning in sports performance lies in its 

ability to process highly structured, high-volume data far beyond the capacity of human 

cognition. When an athletic event can be isolated into static spatial coordinates, such as a 

defensive formation or a set piece, algorithms can reliably calculate optimal geometric 

probabilities. When evaluating physiological health, models can continuously ingest thousands 



of biometric data points to forecast injuries proactively rather than reacting to visible physical 

symptoms. Finally, when projecting long-term career trajectories, machine learning utilizes 

massive historical datasets to objectively cluster and compare athletes without subjective bias. 

In all three of these domains, the technology succeeds because the underlying variables 

are either structurally constrained or strictly quantifiable. Machine learning dominates 

environments where the data is clean, isolated, and historical. However, proving these theoretical 

capabilities requires examining how these mathematical models actually perform when deployed 

alongside human analysts in real-world, professional scenarios. 

III. Comparative Case Studies in Practice 

A. Scenario 1: Talent Recruitment and Market Inefficiencies  
 
The Baseline: Traditional Evaluation and Bias  
 

In the traditional recruitment cycle, professional sports organizations rely on human 

scouts traveling to evaluate prospects through live observation. This approach forces front offices 

to base significant financial decisions on critically small sample sizes. A scout might watch a 

player live only two or three times before writing a final report. Consequently, this method is 

deeply vulnerable to human cognitive bias. For example, scouts frequently suffer from recency 

bias, where a player's performance in their most recent match disproportionately colors the 

scout's overall opinion of their talent. Furthermore, traditional scouting is highly susceptible to 

confirmation bias. If a scout travels to watch a player who already possesses a strong media 

reputation, the scout is psychologically primed to focus on the player's successes and ignore their 

mistakes. 



The financial consequences of these human errors are massive. Clubs frequently overpay 

for athletes who possess the physical look of a professional but lack consistent underlying 

production. At the same time, traditional methods completely ignore highly productive talent in 

lower-tier leagues simply because human scouting departments do not have the physical 

manpower or budget to cover every global market. 

The Algorithmic Application: Brentford FC  

To solve this market inefficiency, progressive organizations like Brentford FC replaced 

subjective scouting with algorithmic modeling. Because Brentford lacked the massive financial 

resources of their Premier League competitors, they could not afford to make expensive mistakes 

in the transfer market. Instead, they utilized clustering algorithms to process data from thousands 

of players globally. These algorithms allowed Brentford to identify undervalued talent based on 

advanced, isolated metrics rather than traditional aesthetic evaluation. As Merchant (2024) notes, 

Brentford's recruitment strategy leverages data science to move beyond conventional scouting 

techniques and discover hidden players. By relying on algorithmic profiling rather than human 

reputation, the club was able to achieve promotion to the Premier League in 2021 despite 

operating with a player wage bill in the bottom quartile of their division. Furthermore, the 

algorithmic model allowed the club to acquire statistically undervalued players and later sell 

them to larger clubs, generating over one hundred million dollars in transfer profit within a five 

year span.  

Human Synthesis: The Filter and the Finalizer 

However, the implementation of this algorithm did not render the human scout obsolete. 

While machine learning is highly effective at identifying a statistically undervalued prospect in a 

lower division, it completely lacks the ability to quantify human psychology. An algorithm 



cannot measure an athlete's personality, their locker-room presence, or their willingness to train 

hard when the cameras are off. 

At Brentford, the machine learning model acted as a hyper-efficient filter rather than a 

final decision maker. Instead of blindly flying across the globe hoping to find good players, the 

algorithmic model told the human scouts exactly who to go interview. The machine provided the 

mathematical baseline to ensure the player possessed the necessary physical output, but human 

evaluation remained strictly essential for assessing the unquantifiable psychological traits 

required for long-term professional success. The algorithm scouted the numbers, and the human 

scouted the person. 

B. Scenario 2: Tactical Set-Piece Design 

The Baseline: Human Memory and Whiteboard Tactics 

In traditional tactical preparation, coaching staffs rely heavily on human memory and 

visual pattern recognition. To prepare for an offensive corner kick, coaches will typically review 

hours of video footage of their upcoming opponent. They attempt to identify defensive 

tendencies and then design a counter strategy using a physical whiteboard. However, mapping a 

dynamic, multi-player event using human memory is incredibly difficult. Despite the immense 

effort dedicated to this preparation, the historical conversion rate of offensive corner kicks in 

elite soccer is notoriously low, typically hovering around just three to four percent. This 

incredibly low success rate highlights the strict limitations of the human brain when attempting 

to optimize complex spatial geometry and predict movement on a chaotic field. 

The Algorithmic Application: Liverpool FC and TacticAI  



In contrast to traditional methods, Liverpool FC utilized DeepMind's TacticAI to 

algorithmically optimize their set-piece design. Rather than relying on human memory to find 

patterns, the model utilized geometric deep learning. It processed the exact physical coordinates 

of every single corner kick taken in the Premier League to map spatial probabilities. TacticAI did 

not just predict how the opponent would move; it actively generated optimal formations. The 

computer model could recommend exact starting positions and player trajectories that 

maximized the probability of a successful shot. When these algorithmically generated routines 

were presented to Liverpool's human experts, the results proved the model's high capability. 

TacticAI's suggestions were favored over existing human tactics ninety percent of the time 

(Tiwari, 2024). The algorithm proved mathematically superior at arranging spatial coordinates 

than the coaching staff. 

Human Synthesis: The Translator and the Teacher  

Despite this mathematical superiority, the boundary of the algorithm is stark and absolute. 

TacticAI can output the perfect geometric coordinates on a digital screen, but it has no capacity 

to communicate those coordinates to the athletes on the pitch. A mathematical map of a corner 

kick is completely useless if the players do not understand the timing, the physical aggression 

required, or the environmental pressure of the match. Therefore, the machine learning model is 

strictly reliant on the human coach to act as a translator. The coach must convert the computer's 

geometric outputs into actionable, motivational instruction during live training. The algorithm 

can design the perfect play on paper, but the human coach remains entirely necessary to teach the 

physical execution to the team. 

 



C. Scenario 3: Return-to-Sport and Medical Clearance 

The Baseline: Subjective Medical Assessment  

The traditional medical clearance process for an injured athlete relies heavily on 

subjective human assessment. To determine if a recovering player is ready to return to live game 

action, a team physician typically evaluates them using pain questionnaires, manual strength 

resistance tests, and visual observations while the player runs on an isolated treadmill. 

Historically, this method possesses a dangerously high failure rate. This flaw is evidenced by the 

high percentage of athletes who suffer secondary re-injuries shortly after being medically 

cleared. A human doctor, no matter how experienced, simply cannot see the microscopic 

weaknesses or hidden fatigue remaining inside a recently healed muscle. 

The Algorithmic Application: Zone7 and Multimodal Forecasting  

To prevent these costly re-injuries, sports organizations are increasingly adopting 

multimodal physiological forecasting systems like Zone7. Instead of relying purely on a doctor's 

visual observation, Zone7 utilizes deep learning models to continuously ingest wearable GPS 

data and biomechanical video tracking. These algorithms detect microscopic running 

asymmetries and physical load imbalances that happen right before a muscle tear. In a 

comprehensive case study analyzing eleven professional soccer teams, the Zone7 algorithm 

accurately forecasted 72 percent of injuries up to a week before they occurred (Triantafilo, 

2022). By processing thousands of continuous data points rather than relying on a single 

treadmill test, advanced machine learning platforms like this consistently demonstrate much 

better predictive performance when compared to traditional medical statistics.  



Human Synthesis: Context and the False Positive  

However, algorithmic medical prediction is highly susceptible to generating false 

positives. A machine learning model might correctly flag a microscopic running asymmetry as a 

high injury risk based on its historical data training. Yet, the system strictly requires a human 

doctor to provide the vital real-world context. For example, a human physician might know that 

a specific player simply possesses a naturally unorthodox running style that is perfectly healthy 

and not indicative of an actual injury. In this medical domain, the algorithm functions as a highly 

sensitive early warning system. It processes the invisible data, but the human physician remains 

the ultimate diagnostic authority by synthesizing the algorithmic warning with real-world 

medical context. 

 

IV. Limitations and the Boundaries of Prediction 

The Chaos of "Open-Skill" Environments 

While machine learning shows impressive accuracy in highly structured situations, its 

predictive power drops significantly when applied to the fluid chaos of "open-skill" 

environments. Open-skill sports are defined by continuous and dynamic interactions. In these 

games, the environment is constantly changing, and specific variables cannot be cleanly 

separated from one another. Unlike a controlled setting, a live game involves unpredictable 

factors like sudden changes in possession, weather impacts, and in-game physical fatigue. These 

constant shifts make it incredibly difficult for a computer model to establish a reliable baseline. 



As highlighted in The Application of Machine Learning Techniques for Predicting Match 

Results in Team Sport, forecasting exact match outcomes remains very difficult due to the 

dynamic and unpredictable nature of open play (JAIR, 2024). In a closed-skill situation, such as 

a free kick, the mathematical model only needs to account for a few options based on fixed 

locations on the field. In contrast, an open-play counter-attack involves twenty-two independent 

variables moving at once. It also must account for the speed of the ball and the rapid decisions 

made by each athlete in fractions of a second. If just one player slips on the grass, the other 

twenty-one players change their positioning instantly. This creates a chain reaction of movement 

that algorithms struggle to map out. 

To make sense of this chaos, data analysts are often forced to manually clean their 

datasets to isolate specific tactical structures. For example, to accurately evaluate passing 

routines and structural movement on the pitch, models must frequently be adjusted to exclude set 

pieces where the delivery is a direct shot. The unique physics and intent of a shot heavily alter 

the spatial data, which can easily confuse the model if it is only trying to analyze passing trends. 

The data must be strictly filtered before the computer can learn anything useful from it. 

Furthermore, open-skill environments rely heavily on human deception, which is a 

concept that algorithms cannot easily measure. A perfect example is a player making a "dummy" 

run to deliberately drag a defender out of position. A human coach understands that the player 

ran the opposite way on purpose to create open space for a teammate. However, an algorithmic 

model only tracks the raw tracking data. It sees a player running away from the play and 

frequently misinterprets this tactical brilliance as a statistical mistake or a poor athletic decision. 

The "Intangibles" and Human Psychology 



The biggest limitation of machine learning in sports performance prediction is its 

complete inability to measure the human mind. Algorithms rely on rigid math. They forecast 

future performance based entirely on numbers that have already been recorded. However, athletic 

competition is heavily influenced by "intangibles." These are unrecorded human elements like 

mental toughness, emotional control, and how well teammates get along with one another. A 

computer can perfectly track a basketball player's shooting percentage during a normal regular 

season game. However, it cannot measure if that same player will lose their confidence when 

thousands of opposing fans are screaming at them during a high-stakes playoff game. 

Research exploring Artificial Intelligence in the Selection of Top-Performing Athletes 

notes this exact problem. The study highlights that while computer models are highly effective at 

grouping athletes by their physical traits and statistics, evaluating an athlete's complete profile 

requires looking at factors outside the algorithm's reach (MDPI, 2024). For example, a predictive 

model cannot calculate how a young athlete will psychologically handle the sudden pressure of a 

newly signed multi-million dollar contract. It also cannot measure how well they will adapt to a 

strict or unfriendly coaching style. In the real world, a player with perfect statistical data might 

fail entirely simply because they do not fit into the emotional culture of the locker room. 

Because human personality and mental reactions are so diverse, data analysts cannot rely 

on basic mathematical formulas. Every single athlete responds to pressure and adversity 

differently. To account for this massive difference in human psychology, researchers are forced to 

build complex models where the players themselves are treated as random variables. In simple 

terms, the data scientists have to create a built-in margin of error for every individual athlete just 

to account for human unpredictability. Without this specific mathematical adjustment, predictive 



models completely fail to account for the unique, unmeasurable impact of human emotion and 

individual talent. 

The "Black Box" Problem and Practical Friction 

Even when machine learning models successfully identify predictive patterns in complex 

data, they often run into a major real world problem known as the "black box" limitation. As 

sports organizations have moved away from basic math and toward complex deep learning 

models, their predictions have become highly accurate but completely impossible to read. In 

older statistical models, a human analyst could track the math step by step. However, a modern 

deep neural network creates millions of invisible internal connections. For example, a deep 

learning model might correctly flag a player as having a very high probability of suffering a 

hamstring injury within the next week. The problem is that the internal mathematical steps the 

computer used to reach that final conclusion are completely hidden from the human user. 

This lack of transparency creates massive friction between the data scientists who build 

the models and the coaching staff who have to use them. Coaches are rightfully hesitant to bench 

a healthy looking star player just because a computer screen says they should. If an algorithm 

cannot explain its own reasoning, a coach will almost always rely on their own human 

experience instead. To solve this problem, the sports industry is slowly shifting toward 

Explainable AI. This is a specific area of computer science dedicated to making these confusing 

black box models easy for humans to understand. 

To achieve this clarity, researchers are using specialized mathematical tools like SHapley 

Additive exPlanations, commonly known as SHAP. Rather than just giving a final prediction, 

SHAP breaks the black box open to show exactly how much each individual variable contributed 



to the answer. For instance, instead of simply warning a coach about an injury risk, SHAP will 

explicitly reveal that the risk is high specifically because of a recent spike in sprinting distance 

combined with a drop in sleep quality. By revealing these specific performance metrics, data 

scientists can ensure coaches understand exactly which variables drove the model's prediction 

(MDPI, 2023). Until this level of clear explanation becomes the normal standard across the 

industry, the practical use of advanced artificial intelligence will remain limited by a fundamental 

lack of human trust. 

 

Data Sparsity and the "Garbage In, Garbage Out" Principle 

Finally, the success of machine learning in sports is strictly limited by the classic rule of 

"garbage in, garbage out." Even though the modern sports industry collects massive amounts of 

tracking data, it actually struggles with a severe lack of data when it comes to specific, elite 

events. A team might have millions of data points tracking how their players jog around the 

practice field, but they have very little data on what actually happens during the exact 

millisecond a major injury occurs. 

In a systematic review titled From injury to comeback, researchers identified this exact 

roadblock. They found that a major barrier to reliable algorithmic forecasting is the severe lack 

of standardized, high-quality data regarding severe athletic injuries (PubMed, 2025). Because 

major injuries like ACL tears are actually quite rare compared to everyday athletic movements, 

the data sets are heavily unbalanced. When researchers try to train complex computer models on 

these very small sample sizes, the programs frequently suffer from a problem called 

"overfitting." Overfitting happens when a computer basically memorizes the specific historical 



data given to it, including all the random mistakes or noise, instead of actually learning the real 

underlying patterns. For example, if a model only has ten historical examples of an ACL tear, it 

might falsely conclude that playing on a Tuesday causes injuries simply because a few of those 

random injuries happened to fall on a Tuesday. The model memorizes the coincidence rather than 

learning the actual medical science. 

Additionally, calculating the probability of athletic events requires highly specialized 

math. A standard computer model might try to use a simple pass or fail formula, such as looking 

at an NFL field goal as just a basic binary success or failure. However, treating a complex 

athletic event like a simple coin flip completely ignores important details like stadium wind 

speed, the altitude of the environment, and the kicker's physical fatigue. To avoid making terrible 

predictions, researchers have to build entirely different and highly complex mathematical models 

that can weigh all of these shifting variables at the exact same time. When the starting data is 

limited, full of errors, or built on the wrong mathematical foundation, the resulting computer 

predictions will fail spectacularly during live games. 

Summary of Predictive Boundaries 

To summarize, the predictive boundaries of machine learning in sports are strictly defined 

by environmental chaos, human psychology, and data quality. While algorithms excel in highly 

isolated scenarios, they struggle to accurately map the unpredictable variables of open-play 

environments. Furthermore, mathematical models cannot quantify the emotional intangibles and 

interpersonal chemistry that often dictate human athletic performance under severe pressure. 

Even when statistical models manage to overcome these environmental hurdles, serious practical 

issues remain. A lack of high-quality data for rare athletic events frequently leads to flawed 



predictions, and the uninterpretable nature of complex deep learning creates a barrier of distrust 

between data scientists and traditional coaching staff. Ultimately, these four limitations prove 

that machine learning cannot act as a standalone replacement for human evaluation. Instead, 

understanding these strict mathematical boundaries sets the necessary stage for the final 

conclusion of this research. To achieve true athletic success, predictive algorithms must be 

deployed as a supportive tool to augment human expertise rather than replace it. 

V. Conclusion: Combining Data with Human Judgment  

For decades, sports teams relied on the traditional "eye test" to make major financial and 

tactical decisions. While human scouting was a good starting point, it was heavily flawed by 

personal bias, small sample sizes, and poor human memory. Today, machine learning solves 

many of these problems by processing massive amounts of objective data. As the case studies in 

this thesis show, computer models are incredibly powerful in highly structured situations. They 

can easily find undervalued players across the globe, calculate the perfect geometry for a corner 

kick, and spot the tiny physical warning signs of an upcoming injury much faster than a human 

doctor. 

However, these advanced computer models are far from perfect. They struggle during 

chaotic live action, often fail when there is not enough historical data to learn from, and can 

become confusing "black boxes" that traditional coaches simply do not trust. Most importantly, 

algorithms cannot measure human psychology. A mathematical formula cannot weigh a player's 

mental toughness under pressure, their emotional intelligence, or how well they fit into a team 

locker room. 



Therefore, the central conclusion of this thesis is that computers will never fully replace 

human experts in professional sports. Instead, the most successful teams will use artificial 

intelligence as a powerful supporting tool. Teams can let the algorithms handle the heavy math 

and massive data processing, but they must rely on human coaches and doctors to apply real 

world context. Ultimately, sports are a human endeavor. By using computers to handle the 

numbers, teams can empower their human experts to focus entirely on the emotional and 

physical reality of the athletes themselves. 

 

 

 

 

​  

 
 
 
 
 
 
 
 
 
 
 

Works Cited 

Analytics Vidhya. (2024). AI in football? Liverpool FC uses DeepMind's TacticAI for 
high-impact corner kicks. Analytics Vidhya. 

https://www.analyticsvidhya.com/blog/2024/03/ai-in-football-liverpool-fc-uses-deepminds-tacticai-for-high-impact-corner-kicks/


https://www.analyticsvidhya.com/blog/2024/03/ai-in-football-liverpool-fc-uses-deepminds-tactic
ai-for-high-impact-corner-kicks/ 

BuiltIn. (2024). AI in sports: 6 ways artificial intelligence is changing the game. BuiltIn. 
https://builtin.com/artificial-intelligence/ai-in-sports 

Bunker, R. P., & Susnjak, T. (2022). The application of machine learning techniques for 
predicting match results in team sport: A review. Journal of Artificial Intelligence Research, 73, 
1285–1322. https://doi.org/10.1613/jair.1.13509 

College Insider. (2024). AI-powered college scouting: How college teams find the next big 
talent. College Insider. 
https://collegeinsider.com/ai-powered-scouting-how-college-teams-find-the-next-big-talent 

Drexler, T. T. (2024). Sports analytics with graph neural networks and graph convolutional 
networks. Preprints.org. 
https://www.preprints.org/frontend/manuscript/0107411eac2eb1f7a83d1e2feaadf1ce/download_p
ub 

Fujii, K. (2025). Predictive analysis and play evaluation with machine learning. In Machine 
learning in sports (pp. 59–84). Springer. https://doi.org/10.1007/978-981-96-1445-5_3 

Huang, W., Wang, S., & Li, P. (2025). The application of deep learning in tactical analysis of 
football matches [Preprint]. Research Square. https://doi.org/10.21203/rs.3.rs-7258508/v1 

Liu, B., Xi, S., Ye, T., Mao, J., Lu, M., Deng, H., Qiu, X., Li, X., & Gao, J. (2025). Early 
prediction of injury risk in football players based on a multimodal machine learning fusion 
model. ACM Digital Library. https://dl.acm.org/doi/full/10.1145/3783779.3783801 

Mănescu, D. C., & Mănescu, A. M. (2025). Artificial intelligence in the selection of 
top-performing athletes for team sports: A proof-of-concept predictive modeling study. Applied 
Sciences, 15(18), 9918. https://doi.org/10.3390/app15189918 

Merchant, A. (2024). Data over dollars: How Brentford FC took on Premier League giants with 
algorithms. Medium. 
https://medium.com/@abbasmerchant60/moneyball-in-football-brentfords-data-driven-success-i
n-the-premier-league-66f5c72d8f01 

Moustakidis, S., Plakias, S., Kokkotis, C., Tsatalas, T., & Tsaopoulos, D. (2023). Predicting 
football team performance with explainable AI: Leveraging SHAP to identify key team-level 
performance metrics. Future Internet, 15(5), 174. https://doi.org/10.3390/fi15050174 

https://www.analyticsvidhya.com/blog/2024/03/ai-in-football-liverpool-fc-uses-deepminds-tacticai-for-high-impact-corner-kicks/
https://www.analyticsvidhya.com/blog/2024/03/ai-in-football-liverpool-fc-uses-deepminds-tacticai-for-high-impact-corner-kicks/
https://builtin.com/artificial-intelligence/ai-in-sports
https://builtin.com/artificial-intelligence/ai-in-sports
https://doi.org/10.1613/jair.1.13509
https://collegeinsider.com/ai-powered-scouting-how-college-teams-find-the-next-big-talent
https://collegeinsider.com/ai-powered-scouting-how-college-teams-find-the-next-big-talent
https://www.preprints.org/frontend/manuscript/0107411eac2eb1f7a83d1e2feaadf1ce/download_pub
https://www.preprints.org/frontend/manuscript/0107411eac2eb1f7a83d1e2feaadf1ce/download_pub
https://www.preprints.org/frontend/manuscript/0107411eac2eb1f7a83d1e2feaadf1ce/download_pub
https://doi.org/10.1007/978-981-96-1445-5_3
https://doi.org/10.21203/rs.3.rs-7258508/v1
https://dl.acm.org/doi/full/10.1145/3783779.3783801
https://doi.org/10.3390/app15189918
https://medium.com/@abbasmerchant60/moneyball-in-football-brentfords-data-driven-success-in-the-premier-league-66f5c72d8f01
https://medium.com/@abbasmerchant60/moneyball-in-football-brentfords-data-driven-success-in-the-premier-league-66f5c72d8f01
https://medium.com/@abbasmerchant60/moneyball-in-football-brentfords-data-driven-success-in-the-premier-league-66f5c72d8f01
https://doi.org/10.3390/fi15050174


Pietraszewski, P., Terbalyan, A., Roczniok, R., Maszczyk, A., Ornowski, K., Manilewska, D., 
Kuliś, S., Zając, A., & Gołaś, A. (2025). The role of artificial intelligence in sports analytics: A 
systematic review and meta-analysis of performance trends. Applied Sciences, 15(13), 7254. 
https://doi.org/10.3390/app15137254 

Salloum, S. A., AlHamad, A. Q. M., & Masa'deh, R. (2025). Predicting player performance in 
sports: A simulation system and machine learning approach. In Studies in computational 
intelligence (pp. 301–315). Springer. https://doi.org/10.1007/978-3-031-89175-5_26 

Silvino, V. O., da Silva Sousa, L. G., Ferreira, C. P., dos Santos, L. H. O., Apaza, H. M., 
Almeida, S. S., & dos Santos, M. A. P. (2025). The use of machine learning in sports 
performance: A systematic review. Translational Journal of the American College of Sports 
Medicine, 10(2), e000304. https://doi.org/10.1249/TJX.0000000000000304 

Wang, P., Wang, A., & Wang, S. (2025). Integrating multimodal AI technologies for sports injury 
prediction and rehabilitation: Systematic review. Journal of Human Sport and Exercise, 21(1), 
22–37. 
https://www.jhse.es/index.php/jhse/article/view/integrating-multimodal-ai-technologies-sports-in
jury-prediction 

Yuan, J., Li, Z., Zeng, Q., Li, J., Wang, A., Zhang, Y., & Xu, F. (2026). From injury to comeback: 
A systematic review of machine learning models predicting return to sport in athletes. DIGITAL 
HEALTH. https://doi.org/10.1177/20552076251408523 

Zhou, S., & Zhu, M. (2025). Enhancing athlete performance using deep learning techniques in 
sports analytics. IEEE Access. https://ieeexplore.ieee.org/abstract/document/11242129 

 

https://doi.org/10.3390/app15137254
https://doi.org/10.3390/app15137254
https://doi.org/10.1007/978-3-031-89175-5_26
https://doi.org/10.1249/TJX.0000000000000304
https://www.jhse.es/index.php/jhse/article/view/integrating-multimodal-ai-technologies-sports-injury-prediction
https://www.jhse.es/index.php/jhse/article/view/integrating-multimodal-ai-technologies-sports-injury-prediction
https://www.jhse.es/index.php/jhse/article/view/integrating-multimodal-ai-technologies-sports-injury-prediction
https://doi.org/10.1177/20552076251408523
https://ieeexplore.ieee.org/abstract/document/11242129

	Transitioning to Machine Learning Frameworks 
	New Forms of Data Collection 
	Application in Static and Open Scenarios 
	The Redefined Role of the Analyst 
	II. Capabilities and Domains of High Predictability 
	Structured Tactical Scenarios and "Closed-Skill" Events 
	Physiological Forecasting and Injury Risk 
	Player Trajectory and Statistical Translation 
	Summary of Predictive Capabilities 

	III. Comparative Case Studies in Practice 
	B. Scenario 2: Tactical Set-Piece Design 
	C. Scenario 3: Return-to-Sport and Medical Clearance 
	IV. Limitations and the Boundaries of Prediction 
	The Chaos of "Open-Skill" Environments 
	The "Intangibles" and Human Psychology 
	The "Black Box" Problem and Practical Friction 
	Data Sparsity and the "Garbage In, Garbage Out" Principle 
	Summary of Predictive Boundaries 


