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     Abstract 
Background Sport related concussion (SRC) is an acute and transient clinical 

condition that affects athletes who have suffered a mild cranio-encephalic 

trauma. The clinical management of a patient diagnosed with SRC must be 

targeted and personalized to allow complete recovery and safety and at the 

same time as rapid return to the field as possible. 

Aims To evaluate the current state of the art of SRC in association with the 

use of AI, focusing on some domains such as diagnosis, imaging, monitoring 

strategies and prognosis. This goal can be achieved by comparing data, such 

as sensitivity and specificity, of traditional methods against methods using AI. 

The aim of the study is to determine whether AI can guarantee better results 

than traditional methods and especially in which domains it is more 

promising, thus contributing to a more accurate, personalized and efficient 

management of SRC. 

Methods A scoping review was conducted, using a string to find relevant 

articles from six separate databases: PubMed, EMBASE, SPORTDiscus, 

Scopus, Web of Science, and Cochrane. After finalizing and adapting the 

search for each database, duplicates were removed. Two authors 

independently selected relevant studies for the scoping review, and in case of 

disagreement, a third author resolved the discrepancies. 

Results The database search generated 6577 results. Then, the screening and 

selection process of the articles was completed using Rayyan. A total of 38 

articles were included in the scoping review. After an extensive examination 

of reference lists, two more papers were added, bringing the total number of 

articles included in the scoping review to 40. Finally, a summary table was 

prepared to summarize the main characteristics of each included study. For 

each domain, the main information was described, including: number of 

studies, country where the study was conducted, type of study, mean age of 

participants, male/female split, diagnostic tests used, type of AI used and 

comparison between traditional methods and AI methods. The results of AI 

were promising, reaching high accuracy in the detection of SRC. The 
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diagnostic techniques to which AI was applied are numerous, such as EEG, 

voice analysis, use of wearable sensors and MRI. Not all the studies included 

in the scoping review presented a comparison with traditional methods, but 

when the comparison was present, AI was almost always able to obtain better 

results. 

Conclusions These results suggest that integrating AI into the management 

of SRC can improve diagnostic accuracy, provide more timely monitoring, 

and personalize treatment for each patient. Further large-scale studies are 

needed to promote their application in clinical practice. In conclusion, AI 

therefore represents a concrete opportunity that should not replace traditional 

methods but rather support them. Furthermore, its use must be guided by 

robust scientific evidence. 
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     Riassunto 
 

Presupposti dello studio La sport related concussion (SRC) è una condizione 

clinica acuta e transitoria che colpisce gli atleti che hanno subito un trauma 

cranio-encefalico lieve. La gestione clinica di un paziente con diagnosi di 

SRC deve essere mirata e personalizzata per permettere una guarigione 

completa ed un ritorno in campo sicuro e al tempo stesso più rapido possibile. 

Scopo dello studio Valutare lo stato dell’arte attuale della SRC in 

associazione all’utilizzo dell’AI, focalizzandosi su alcuni domini come 

diagnosi, imaging, strategie di monitoraggio e prognosi. Questo obiettivo è 

realizzabile comparando dati, come la sensibilità e la specificità, di metodi 

tradizionali contro metodi che utilizzano AI. Lo scopo dello studio è 

determinare se l’AI può garantire risultati migliori dei metodi tradizionali e 

soprattutto in quali domini risulti più promettente, contribuendo così a una 

gestione più accurata, personalizzata ed efficiente della SRC. 

Metodi È stata condotta una scoping review, utilizzando una stringa per 

trovare articoli rilevanti da sei distinti database: PubMed, EMBASE, 

SPORTDiscus, Scopus, Web of Science, and Cochrane. Dopo aver finalizzato 

e adattato la ricerca per ogni database, i duplicati sono stati rimossi. Due 

autori hanno selezionato in modo indipendente gli studi rilevanti per la 

scoping review e, in caso di divergenza, un terzo autore ha risolto le 

discrepanze. 

Risultati La ricerca su database ha generato 6577 risultati. In seguito, il 

processo di screening e selezione degli articoli è stato ultimato usando 

Rayyan. Un totale di 38 articoli è stato incluso nella scoping review. Dopo un 

esame approfondito degli elenchi dei riferimenti bibliografici, sono stati 

aggiunti altri due articoli, portando il numero totale degli articoli inclusi nella 

scoping review a 40. Infine, è stata elaborata una tabella sintetica per 

riassumere le principali caratteristiche di ciascuno studio incluso. Per ogni 

dominio sono state descritte le informazioni principali tra cui: numero degli 

studi, nazione in cui si è svolto lo studio, tipologia dello studio, età media dei 
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partecipanti, divisione uomini/donne, test diagnostici utilizzati, tipo di AI 

usata e confronto tra metodi tradizionali e metodi AI. I risultati dell’AI sono 

stati promettenti raggiungendo un’elevata accuratezza nella rilevazione di 

SRC. Le tecniche diagnostiche a cui è stata applicata l’AI sono numerose, ad 

esempio EEG, analisi della voce, uso di sensori indossabili ed RMI. Non tutti 

gli studi compresi nella scoping review presentavano un confronto con metodi 

tradizionali, ma quando il confronto era presente quasi sempre l’AI è stata in 

grado di ottenere dei risultati migliori. 

Conclusioni Questi risultati suggeriscono che l’integrazione dell’AI nella 

gestione della SRC può migliorare l’accuratezza diagnostica, fornire un 

monitoraggio più tempestivo e personalizzare il trattamento per ogni paziente. 

Per favorire l’applicazione nella pratica clinica sono necessari altri studi su 

larga scala. Per concludere, l’AI rappresenta quindi un’opportunità concreta 

che non deve sostituire i metodi tradizionali, ma piuttosto affiancarli. Inoltre, 

il suo utilizzo deve essere guidato da evidenze scientifiche robuste. 
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Chapter 1 - Sport related concussion  

(SRC) 
 

       1.1 Definition 

SRC is defined as a traumatic brain injury (TBI) caused by a direct blow to 

the head, neck or body resulting in an impulsive force being transmitted to 

the brain that occurs in sports and exercise-relative activities. This initiates a 

neurotransmitter and metabolic cascade, with possible axonal injury, blood 

flow change and inflammation affecting the brain[1], [2]. An acute 

concussion is distinguished by its immediate and transient nature, with 

symptoms typically resolved within weeks. Post-concussion syndrome (PCS) 

is characterized by persistent symptoms that may persist for months or longer, 

often necessitating a multidisciplinary approach to management. The 

symptoms are varied and include confusion, headaches, balance disorders and 

dizziness[3]. No structural abnormality is seen on magnetic resonance 

imaging (MRI) or computed tomography (CT), but in the research setting, 

abnormalities may be present on functional, blood flow or metabolic imaging 

studies[4], [5]. The clinical symptoms and signs of SRC can’t be explained 

solely by (but may occur concomitantly with) drugs, alcohol, or medication 

use, other injuries (such as cervical injuries, peripheral vestibular 

dysfunction) or other comorbidities (such as psychological factors or 

coexisting medical conditions). 

       1.2 Significance in Sports 

As the time passed SRC became a major concern for Health Care and sport 

medicine clinicians, in both contact sports and non-contact sports, because it 

can correlate with short-term and long-term consequences. Concussed 

athletes have impaired balance and reaction time, and they are at greater risk 

for another injury. The potential second injury could be another SRC, or a 

different injury caused by incoordination. For these reasons, concussion 

management plays a vital role in protecting them from injuries and keeping 

their neurological health safe[6]. Awareness of SRC has grown in the last few 
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years leading to stronger concussion protocols, enactment of legislations, 

such as the Lystedt Law, and SRC prevention research. 

       1.3 Epidemiology 

Every year, about 3.8 million SRC cases are recorded in the USA; comparable 

incidence is found in Europe[7]. Since many SRC are not reported, this figure 

likely represents a conservative estimate. The incidence rates for SRC varies 

for different sports, for the gender considered and for the level of competition, 

Table I includes the main sports and the relative incidence of SRC[8]. Contact 

sports like football, ice hockey and lacrosse have a higher concussion rate. In 

youth and recreational athletes SRC is underreported, suggesting that only 

50% of cases are diagnosed. The reasons are the fear of losing game time, 

lack of medical professionals at youth games and failing to recognize 

symptoms. 

Table I: Incidence of SRC in different sports 

Sport Concussions per 100,000 Athletic-

Exposures 

Boys American football 76.8 

Boys ice hockey 61.9 

Boys lacrosse 46.6 

Girls soccer 33.0 

Girls lacrosse 31.0 

Girls field hockey 24.9 

Boys wrestling 23.9 

Boys basketball 21.2 

Boys soccer 19.2 

Girls basketball 18.6 

Girls softball 16.3 

Cheerleading 11.5 

Girls volleyball 8.6 

Girls gymnastics 8.2 

Boys baseball 4.6 

Boys track and field 3.5 

Girls track and field 1.4 

 

Three groups of sports can be distinguished based on risk variables: 

• High risk: American football, ice hockey, lacrosse and soccer. 

• Moderate risk: Field hockey, basketball and softball. 
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• Low risk: Volleyball, baseball and track and field. 

As a result of hormonal variables or weaker neck muscles, women report 

more concussions than men. For instance, females playing soccer have a 

double concussion rate compared to males.  The chance of a second SRC is 

doubled for athletes who have already had one, and the risk of another SRC 

increases exponentially for those who have experienced three or more SRCs 

[9]. 

       1.4 Biomechanics of SRC 

Many factors are included in the biomechanics of SRC such linear and 

rotational accelerations, impact exposure and head kinematics. Both 

rotational and linear accelerations will be examined: 

• Linear acceleration injuries result from straight line forces due to a 

sudden deceleration of the brain moving through space. Coup-

contrecoup injuries are caused by linear acceleration, the brain hits the 

skull at the site of impact (coup), then it rebounds to hit the opposite 

point (contrecoup)[10]. Linear accelerations contribute to focal 

injuries, such as acute subdural hematoma, and more commonly to 

skull fractures[11]; 

• Rotational acceleration injuries result from non-linear forces that twist 

the brain within the skull. Since the brain is much more resistant to 

compression than to deformation, it is more sensitive to rotational 

loading and largely deforms in shear when the skull is hit. It is thought 

that rapid head rotations produce deformation and shear-induced 

injury because they generate shear stress throughout the brain. These 

forces are associated with diffuse axonal injury (DAI), and they play 

a dominant role in SRC pathology. 

Cumulative head acceleration exposure defined as repeated sub concussive 

impacts over time are related to SRC risk, thus the research focusing on 

wearable sensors and finite element (FE) models acquire importance to study 

the biomechanics of SRC.  

To prevent serious injuries more protective helmets are designed. The helmet 

is a personal protective equipment (PPE) which aims to protect the head from 
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blows as the force of impact is distributed over a larger area. Helmets protect 

from skull fractures and severe focal injuries protecting the athletes from 

linear acceleration. Research suggests that rotational acceleration is not 

sufficiently mitigated by conventional helmets[12]. 

 

       1.5 Pathophysiology of SRC 

The axonal injury caused by SRC can result in altered neuronal metabolic 

processes and disordered ion flow[13]. When axons are extended, the 

pores in the membrane of these cells open. The result is an influx of sodium 

(Na⁺) and calcium (Ca²⁺) and efflux of potassium (K⁺). The ions flow is 

illustrated in Figure 1. The ions flow triggers widespread neuronal 

depolarization, producing excessive action potentials and releasing 

excitatory neurotransmitters, including glutamate. This represents the 

excitatory phase of SRC, and it is correlated with the metabolic crisis, 

caused by altered ions balance. In a healthy brain around two thirds of ATP 

is utilized to maintain the normal concentration gradient of ions, otherwise 

in an injured brain more ATP is used. 

 

 

 

Figure 1:Image adapted from Giza and Hvoda 2014. 
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The glutamate that has been released is able to bind to N-methyl-D-aspartate 

(NMDA) receptors on the cell membrane, opening voltage-gated calcium 

channels and increasing the cellular inflow of Ca²⁺. The concentration of ions, 

glucose, glutamate and lactate is illustrated in Figure 2. The high amount of 

Ca²⁺ is brought to mitochondria, leading to a mitochondrial malfunction. 

Thus, to produce ATP, the brain must switch to anaerobic metabolism. 

Therefore, reactive oxygen species (ROS) accumulate and can damage the 

surrounding cells[14]. Usually, the antioxidants defenses can prevent any 

irreversible damage, but it is not the case of mild or severe SRC. Therefore, 

Ca²⁺ could damage the neurofilaments side arms and even the microtubules. 

 

 

 

 

 

 

 

Immediately after an SRC, the blood flow to the brain decreases [15]. The 

reduced blood flow can contribute to symptoms experienced after the head 

trauma. Academic studies revealed that blood flow reduction can last for up 

to one month, even if the symptoms are resolved. The four mechanisms that 

regulate the blood flow in the brain are: 

• Cerebral autoregulation: The vasculature in the brain is sensitive to 

changes in blood pressure. It relaxes in response to low blood 

pressure, and it constricts in response to high pressure; 

• Cerebrovascular reactivity: It describes the changes in cerebral blood 

flow in response to changes in CO2 pressure. Symptoms exacerbation 

during exercise may be mediated by increased sensitivity to cerebral 

vasculature to exercise-related increases in CO2 [16]; 

Figure 2: Image adapted from Gaza and Hovda 2014. 



10 

 

• Neurovascular coupling: The blood flow is shunted to different areas 

of the brain based on the activity in those regions; 

• Neuro-autonomic cardiovascular regulation: It refers to the coupling 

autonomic nervous system and the cardiovascular system. Individuals 

with better health have higher heart rate variability, thus the heart rate 

can change and adapt more in different situations. 

Lastly, the mechanical forces lead to microvascular damage, resulting in 

blood-brain barrier (BBB) permeability. The increased BBB allows 

inflammatory molecules, especially cytokines and chemokines produced by 

activated microglia, to enter the brain parenchyma and cause 

neuroinflammation.  

       1.6 Signs and symptoms 

Signs are objective and externally observable. Signs of a SRC could be 

divided into 5 categories[17]: 

• Behavioral: dazed, confused, vacant stare; 

• Motor function: Stumbling and uncoordinated movements; 

• Cognitive: Slow responses and disorientation; 

• Emotional: Mood swings and irritability; 

• Neurological: Brief loss of consciousness and seizures. 

Symptoms are a person's reported subjective experiences. The symptoms are 

several, and they are presented in categories: 

• Physical: Vision issues, nausea, dizziness, headache, sensitivity to 

light, sensitivity to noise; 

• Cognitive: Mental fogginess, memory issues and slowed thinking; 

• Emotional: Depression, irritability and anxiety; 

• Sleep: Fatigue, excessive sleep and insomnia. 

Some symptoms are defined as “Red flag symptoms” and if identified the 

patient must be monitored closely. The red flag symptoms are worsening 

headache, repeated vomiting, seizures, slurred speech, weakness/numbness 

and loss of consciousness for more than one minute. 
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The most common symptoms are fatigue (49.9%), sleep disturbance (42.4%), 

irritability (38.2%) and headaches (36.5%)[18]. 

Symptoms could also be explained considering the brain region that is 

affected by the SRC. The findings are presented in Table II[19]. 

Table II: Association between brain regions and symptoms. 

Brain Region Function Common 

Symptoms Post-

SRC 

Amygdala Emotional regulation Irritability, 

anxiety, depression 

Hippocampus Memory and learning Difficulty 

remembering, 

mental fog 

Insula Sensory and motor 

processing 

Headaches, 

nausea, vomiting 

Visual Cortex Processing visual 

input 

Light sensitivity, 

blurred vision 

Premotor Cortex Movement planning Balance problems, 

dizziness 

Medial Geniculate Body Auditory processing Sensitivity to 

noise, headaches 

Inferior Parietal Lobule Visuospatial and 

motor coordination 

Balance issues, 

dizziness, 

difficulty 

concentrating 

 

       1.7 Immediate on-field and sideline assessment 

Recognizing signs and symptoms is the first step for on-field assessment of 

SRC. When a qualified sports trainer, team physician, or other medical 

professional is present at the location (such as the field or gymnasium) where 

the accident happened, it makes it easier to evaluate the SRC. Coaches, 

parents, players, and possibly officials are responsible for deciding whether 

to remove an athlete from play because the great majority of young athletes 

practice and play in environments where trained people are not regularly 

available to make sideline injury assessments. The clinician must exclude life 

threatening injuries, focusing on “Red flags symptoms” and if some of them 

are present the athlete must be referred to the emergency facility. The 

clinicians in this first aid scenario should focus on Airway, Breathing and 
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Circulation (ABC) and shouldn’t move an unconscious athlete for the risk of 

a spinal injury[20]. Other tools are essential for the sideline assessment, Sport 

Concussion Assessment Tool-Sixth Edition (SCAT6®) must be used for 

athletes above the age of 13 years old, if the athlete is younger Child SCAT6® 

must be used [21]. The tool cannot be performed in less than 10-15 minutes, 

and it is adopted in the acute phase, up to 7 days from the injury and ideally 

within 72 hours from the injury. If more time passes, use Sport Concussion 

Office Assessment Tool (SCOAT6TMI). If a SRC is suspected the player 

should be removed and he can’t return to play on the day of the injury[22]. 

The steps for a clinical evaluation using SCOAT6TMI are: 

1. Anamnesis: 

• An in-depth examination of the SRC incident, including dates of 

medical evaluation and removal from the field; 

• A detailed personal medical history that identifies any neurological, 

psychological, psychiatric, developmental, or previous SRCs as well 

as current therapies; 

• The 22-item Post-Concussion Symptom Scale (PCSS) is used to 

measure symptoms; higher scores indicate more severe symptoms. 

2. Clinical assessment: 

• Cognitive processes, such as concentration and memory; 

• Autonomic functions are assessed by measuring systolic and diastolic 

blood pressure and heart rate. It’s advised to perform a tilt test to have 

more information about the athlete’s autonomic system. 

• Physical examination is used to assess the cervical spine and muscles. 

• Neurological evaluation focuses on cranial and spinal nerves and 

motor reflexes. 

• Balance is tested using tools such as the Modified Balance Error 

Scoring System (m-BESS) and Timed Tandem Gait (t-TG). 

• Vestibular and oculomotor function are assessed using the modified 

Vestibular/Ocular Motor Screening (mVOMS). 
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       1.8 Diagnosis in medical setting 

Given the absence of specific tests or biomarkers for the diagnosis of SRC, 

the cornerstone of SRC diagnosis relies on self-reported symptoms after an 

individual has experienced a head trauma. Using multiple evaluation tools 

could increase the sensitivity and the specificity of SRC identification[22]. In 

practice, if an athlete had a head impact and some symptoms or signs appear 

then it is suggested to proceed with a structured evaluation. 

The Standardized Assessment of Concussion (SAC) is a brief (around 5 

minutes) cognitive test to evaluate the memory, concentration and delayed 

recall. This makes it a useful and quick screen for mental status changes after 

a head trauma. Studies report that SAC has a sensitivity between 80% and 

94% and a specificity between 76 and 91%. It is a useful tool because it can 

detect SRC in a short amount of time[23]. SAC is included in SCAT6® and 

evaluates the cognitive domain. 

Other options available are neuropsychological tests such as imPACT, they 

evaluate the processing speed, memory and reaction time. The data available 

suggests that the sensitivity is around 71% and 88%. The tool is available 

both on the computer and on paper. SAC and imPACT need to be evaluated 

by an expert clinician who can interpretate the results. 

Balance tests are also included in the SCAT6® and are important to assess the 

severity of the SRC. Balance tests such as mBESS evaluate the athlete’s 

postural stability. The examiner asks the athlete to perform different tasks 

such as standing with eyes closed in a bipodalic position. These tests have 

low sensitivity but high specificity (91%)[23]. When all the tests are 

performed together, more data is available, and the diagnostic score is 

improved. 

       1.9 Neuroimaging 

Traditional neuroimaging plays a limited but important role in SRC because 

it cannot detect functional changes following a SRC. Routine neuroimaging, 

such as CT and MRI, is not necessary in uncomplicate SRC because they 

don’t show acute abnormality. As a matter of fact, bleedings or lesions are 
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absent in most cases[24]. If some “red flags symptoms” are present, then an 

acute head CT is preferred to exclude complications that could be life 

threatening such edema or hemorrhage. If neuroimaging is performed in SRC 

patients without “red flag symptoms” typically is normal[25]. Academic 

studies revealed that advanced MRI modalities such as volumetric analysis, 

susceptibility-weighted imaging (SWI), functional MRI (fMRI) and diffusion 

tensor imaging (DTI) could detect some subtle changes in concussed patients. 

For example, DTI studies revealed microscopic alterations in the white matter 

after the SRC. The research, using new techniques and analyzing imaging 

data, could find some diagnostic and prognostic biomarkers of concussion. 

Summing up, imaging is important in the diagnosis of SRC especially to 

exclude serious injuries, which could be dangerous for the athlete. Figure 3 

shows that in symptomatic SRC imaging is negative most of the time and 

Table III associates the imaging sequence, the brain physiology and the 

concussion effects. 

 

Figure 3: Example of imaging in SRC. 

Table III: Summary of the MRI sequences used to investigate SRC. 

Imaging Sequence Brain Physiology Concussion Effects 

Structural MRI (T1-

weighted) 

Grey matter volume Neural atrophy, 

structural plasticity 

Diffusion Tensor 

Imaging (DTI) 

White matter 

microstructure 

Axonal injury, edema, 

neuroinflammation, 

structural plasticity 
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Task-based functional 

MRI (tb-fMRI) 

Task-evoked brain 

activity 

Metabolic 

dysregulation, 

functional plasticity 

Resting-state 

functional MRI (rs-

fMRI) 

Functional 

connectivity 

Axonal injury, 

metabolic 

dysregulation, 

functional plasticity 

Arterial Spin 

Labeling (ASL) 

Cerebral blood flow 

(CBF) 

Metabolic 

dysregulation, 

microvascular injury, 

neurovascular 

uncoupling, impaired 

autoregulation 

Magnetic Resonance 

Spectroscopy (MRS) 

Cerebral metabolite 

levels 

Metabolic 

dysregulation, axonal 

injury, 

neuroinflammation 

 

Neuroimaging techniques are discussed more deeply below: 

• Structural imaging: CT remains the main neuroimaging require in 

acute settings due to its accessibility. However, MRI provides better 

soft tissues contrast. Common MRI sequences include T1-weighted 

images for neuroanatomy, T2-weighted images for edema and minor 

hemorrhages, FLAIR for lesions in the parenchyma and SWI for 

cerebral microhemorrhages. MRI findings generally have limited 

predictive value in SRC and range between 15% to 57% considering 

different studies[26]; 

• DTI: After a head trauma white matter changes are related to increased 

mean diffusivity (MD) and radial diffusivity (RD) and decreased 

fractional anisotropy (FA). These findings suggest 

neuroinflammation, DAI and vasogenic edema[27], [28]. DTI 

abnormalities are present also when symptoms resolve, for example 

MD remains elevated for one year after the SRC. The values of MD, 

RD and FA are also important for prognosis because they can be 

related to persistent cognitive deficits, particularly attention[29]; 

• Task based functional MRI (tb-MRI): It measures blood oxygen level 

dependent (BOLD) signal to assess changes in brain activities 

following a cognitive or a motor task. Studies revealed altered task-
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related activity in concussed patients, especially in working memory. 

After a SRC, possibly due to network compensatory mechanism, there 

is hyperactivation in prefrontal and anterior cingulate regions[30]; 

• Resting-state functional MRI (rs-fMRI): It measures spontaneous 

BOLD fluctuations to assess brain’s connectivity at resting state. 

Physiologically the brain exhibits synchronized activity related to 

cognitive or motor functions[31]. Early after a SRC, studies underline 

reduced default mode network (DMN) connectivity and increased 

frontal connectivity. The findings are variegated; thus, some articles 

revealed uniform decreased connectivity[32]. In emotion and 

processing regions from 1 day to 30 days after SRC rs-fMRI reveals 

DMN hyperconnectivity; 

• Arterial spin labeling (ASL): It is a non-invasive MRI technique used 

to quantify cerebral blood flow (CBF) using MRI to measure arterial 

blood water flow[33]. Findings are different in the acute phase with 

both increased and decreased CBF in the week after the SRC. CBF 

usually normalizes after 27 days after the injury, except in the frontal 

lobe where one year after the head trauma it’s possible to observe CBF 

reductions. 

       1.10 Biomarkers 

SRC remains a clinical diagnosis, but the goal of recent research is to find 

some biomarkers to identify and diagnose a SRC. The biomarkers must have 

certain attributes, including: 

• Easily measurable; 

• Capable of forecasting the SRC's outcome;  

• Capable of tracking the injury; 

• Be available in accessible biological fluid such as saliva, urine or 

blood; 

• The ability to stratify patients by severity; 

• High specificity and sensitivity for SRC. 

The proteomic biomarkers are glial fibrillary acidic protein (GFAP) and 

ubiquitin C-terminal hydrolase-L1 (UCH-L1). GFAP is a glial biomarker 
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found in astrocytes while UCH-L1 is a neuronal biomarker related to protein 

metabolism. Both biomarkers are released in the bloodstream after a SRC and 

they can detect brain injury also when neuroimaging is negative[34], [35]. 

GFAP is a promising biomarker because it’s elevated for several days, making 

it really promising for SRC, while UCH-L1 rises rapidly within 30 minutes 

and peaks at 8 hours before declining, making it an early biomarker. Since CT 

often fails to recognize SRC, GFAP has been studied as a potential marker of 

axonal injury[36]. The SRC biomarkers are shown in Figure 4. 

 

Figure 4: SRC biomarkers. 

Recent studies focused on other biomarkers, such S100β. S100β is a calcium 

binding protein, serving as biomarker for astrocytes injury or death. The role 

of S100β is controversial because it is present also in chondrocytes, 

adipocytes and melanocytes. Therefore, in cases such polytrauma it could be 

increased, and the source could be non-neuronal[37]. 

Another biomarker studied is the Tau protein (T-tau), a microtubule 

associated protein, and it indicates axonal disruption. In the case of SRC, T-

tau is increased and it correlates with symptom duration and recovery time. 

The last biomarkers discussed are neurofilaments, components of neuronal 

cytoskeleton. Like the other biomarkers the serum level is increased post 

injury. High serum level of neurofilaments correlates with DAI and prolonged 

SRC symptoms[38]. 
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The role of biomarkers is still marginal in SRC, but future research could 

show their importance and in the next years they could serve as an additional 

tool for SRC diagnosis and management. 

       1.11 SRC management 

SCAT6® remains a powerful tool for diagnosis and management of SRC in 

athletes. Another aspect of SRC management is the sentence “when in doubt, 

sit them out”, preventing the risk of a second injury and underlying the 

concept that if an athlete continues to play in the early stages of the 

neurometabolic cascade, the recovery will be longer[39]. 

In the early stage after a SRC both cognitive and physical exertion should be 

moderate and tailored. Although the optimal duration of rest is yet uncertain, 

extended periods of inactivity may exacerbate symptoms and cause a delayed 

recovery. Additionally, according to recent research, walking and other 

aerobic workouts performed soon after a brain injury may hasten recovery 

and lower the chance of a delayed recovery[40].  

Return to school (RTS) is an essential part of SRC recovery. The RTS should 

be supervised by clinicians who will explain the school rules to the injured 

athlete and to his or her family. Teachers and other school personnel should 

also be prepared to care for a student who is concussed[41]. The main 

components of RTS strategies are: 

• School support personnel: One or more people should be allocated to 

the concussed athlete to facilitate the RTS and provide closer 

monitoring, depending on the size and resources of the school; 

• Communication: The school should receive some recommendations 

from the clinician in writing. As a result, the student will find the RTS 

easier and less stressful; 

• Individualized: The RTS plan should be tailored based on the student 

needs and persisting symptoms; 

• Monitoring: Recovery from SRC may take weeks, therefore, periodic 

evaluations by a healthcare provider will be required. 

The concussed athlete should be reintroduced to school gradually, as showed 

in Table IV. 
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Table IV: Return to school (RTS) strategy 

 

 

The return to play (RTP) is the other crucial element in a student-athlete's life. 

When used in the early (within 2–15 days of injury) phase post-concussion, 

aerobic exercise has shown benefit for both acute and persisting symptoms, 

promoting recovery and lowering incidence of PCS[42]. Contrarily, 

unsupervised and vigorous activities could worsen the symptoms and prolong 

the recovery[43]. 

When treating post-concussion patients, especially those with exercise 

intolerance, the strategy based on heart rate threshold (HRt) during aerobic 

exercise has demonstrated the most promising outcomes. Using tests as the 

Buffalo Concussion Bike Test (BCBT) or the Buffalo Concussion Treadmill 

Test (BCTT), this method defines the HRt at which symptoms develop over 

a specific threshold (>2 points on the Visual Analog Scale). When the 

threshold is established, it becomes possible for the clinician to prescribe 

aerobic exercise[44]. The same strategy has been applied also to patients with 

PCS demonstrating superior outcomes compared to rest[45]. In cases where 

the necessary materials for an assessment are unavailable, a safe and modest 

alternative is initiating 10 minutes of daily activity at 50% of the predicted 

maximum heart rate, defined by age[46]. In any case, Table V reports the 
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rules for a secure and controlled RTP, considering all the steps that the athlete 

should take considering any symptoms appearance. 

Table V: Return to play (RTP) strategy 

 

       1.12 Post-Concussion syndrome  

PCS, also known as Persistent Post Concussion Symptoms (PPCS), is the 

persistence of symptoms beyond the usual recovery time. Although there are 

differences in guidelines on the duration of symptoms needed to diagnose 

PCS, the World Health Organization's ICD-10 establishes a 3-week threshold. 

PCS is the persistence of concussion-related symptoms into a phase that is 

chronic. Individuals with PCS experience a constellation of lingering 

symptoms that could be divided into 4 main domains: Physical symptoms, 
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Cognitive symptoms, Emotional and Behavioral symptoms and lastly Sleep 

disturbances[47]. 

• Physical symptoms include headache, dizziness and balance 

problems, fatigue, photophobia, phonophobia, nausea and vision 

changes; 

• Cognitive symptoms include memory impairment, concentration 

deficits, slowed processing and cognitive fatigue; 

• Emotional and behavioral symptoms include irritability, mood 

swings, anxiety, depression, emotional lability and affective 

disturbances; 

• Sleep disturbances consist of insomnia, hypersomnia, poor sleep 

quality and sleep-wake cycle disruptions. 

Individuals differ in how these symptoms appear, and some patients may 

battle with persistent dysfunction in several domains, while others may see 

gradual improvement. A comprehensive, symptom-specific strategy is 

necessary for PCS management due to its complex character. 

       1.13 Rehabilitation therapies 

SRC requires a combination of rest and rehabilitation therapies for a full 

recovery. SRC management has evolved from complete rest to active 

rehabilitation involving several clinical domains[1]. It is advised to gradually 

resume physical activity without exacerbating symptoms under physician 

supervision after 24 to 48 hours of rest[42]. Patients with PCS need to 

undergo rehabilitation in order to resume their regular activities[48]. The 

rehabilitation is tailored based on symptoms and involves sport medicine 

physicians, physical therapists, neuropsychologists and specialists in 

vestibular and vision therapy[49].  

Following a SRC, vestibular impairment is common and can include impaired 

vision, dizziness, and balance issues. Vestibular rehabilitation therapy (VRT) 

is an evidence-based intervention to improve balance and gait stability. The 
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main indications for VRT are persistence of symptoms such vertigo, nausea 

with head movements and difficulty focusing vision. VRT includes: 

• Gaze stabilization drills: they are repeated vestibular-ocular reflex 

(VOR) exercises. The goal of the exercises is to focus on a target while 

moving the head in different directions, maintaining clear vision 

during the exercises. They can be performed while the patient is sitting 

or standing, and the final goal is an adaptive recalibration of the inner 

ear-eye connection[50]; 

• Balance and proprioception training: they include both dynamic and 

static balancing activities. Standing on one leg or walking with the 

head turned are two examples of these exercises. Vestibular inputs 

improve somatosensation and visual integration after training. When 

compared to rest alone, mBESS frequently demonstrates higher 

results with such training[50]; 

• Habituation and motion sensitivity exercises: Repetitive head 

rotations and other movements that cause symptoms should be 

gradually introduced to desensitize the brain responses and eventually 

cause the symptoms to disappear; 

• Canalith repositioning maneuvers: if benign paroxysmal positional 

vertigo (BPPV) is assessed then specific maneuvers, such as Epley 

maneuvers, are performed to relieve vertigo. 

VRT is typically administered by trained vestibular physiotherapists and 

tailored on each athlete’s tolerance and symptoms. Athletes that suffered SRC 

and experienced dizziness, headaches and neck pain should undergo 

combined VRT and cervical therapy to achieve a faster recovery. Similarly, 

initiating the VRT early (within about 1 to 4 weeks after the injury) has been 

associated with quicker symptoms resolution and return to play. In summary, 

VRT is a key therapy for SRC athletes with vestibular-ocular symptoms, 

providing tailored exercises for balance and gait stabilization. 

A small percentage of concussed athletes have persistent cognitive 

impairments that may affect their ability to function in daily life, at work, or 



23 

 

in school, even if the majority only suffer temporary cognitive impairments. 

Cognitive rehabilitation is indicated for patients with attention and memory 

deficits beyond the acute phase of SRC. Usually, the rehabilitation is guided 

by a neuropsychologist. It involves 2 broad approaches: 

• Restorative training: repetitive cognitive tasks are used to improve 

specific domains of cognition. Examples include memory games and 

recall drills[49].  Attention and memory exercises are used to rebuild 

concentration and processing speed. These exercises leverage 

neuroplasticity and reduce the time for cognitive recovery; 

• Compensatory strategies: Clinicians teach patients ways to deal with 

cognitive deficits and difficulties in daily life. Examples include using 

checklist, smartphone reminders and note taking. To optimize 

cognitive performance, it is advised to reduce distractions or take 

scheduled rest breaks. 

In addition to all these rehabilitation strategies, some athletes benefit from 

cognitive-behavioral therapy (CBT) to improve mood or anxiety issues. As 

previously said, evaluation of RTP and RTL strategies should be part of the 

rehabilitation process for athletes with PCS, which should be customized to 

the clinical domain that is impaired. The athlete is evaluated by a clinician 

and the subtype of SRC is determined[51]. Some subtypes of SRC are 

vestibular, ocular-motor, cognitive associated with fatigue, migraine, anxiety 

and mood disorders and cervical. For example, if an athlete has a vestibular 

profile, they should be referred to VRT; if they have an anxiety profile, they 

should undergo CBT[52]. 

       1.14 Psychosocial impact of SRC 

Following concussion, there is an observed increase in the prevalence of 

several mental health concerns, including major depressive disorder (MDD), 

suicidality, anxiety disorders, and post-traumatic stress disorder (PTSD)[53]. 

The increased prevalence after a SRC may be due to a combination of 

biological and psychosocial factors. The biological factors include the impact 

on the brain and the disruption of brain networks, especially in the prefrontal 

cortex. Psychological factors are the experience of the trauma, as well as 
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adaptation to limitations due to physical or cognitive disorders. Lastly, social 

factors may also play a role, including isolation and interpersonal issues. 

Consequently, the various mental health issues that may arise following an 

SRC will be examined: 

•  The prevalence of MDD after a SRC varies between 20% and 45%, 

significantly above the lifetime prevalence rate of 11%[54]. Usually, 

MDD occurs more often after 6 to 12 months, but with elevated risk 

persisting for decades after injury for unknown reasons. If MDD 

occurs right after an SRC, it is due to biological variables; if it takes 

months or years, it is related to psychosocial factors[55]. MDD is 

associated with decreased quality of life and decreased work 

productivity; 

• Research has shown that the risk of suicide increases regardless of a 

patient's psychiatric history, although it is undoubtedly linked to their 

history[56]. According to a different longitudinal study, suicide 

thoughts occurred frequently three months after an injury and were 

considerably more prevalent at six months of follow-up. In a different 

study, it was discovered that the degree of injury affected the risk of 

suicide since severe TBI was linked to a higher risk of suicide than 

mTBI and concussion[57]; 

• There is limited evidence for increased risk of anxiety disorders 

following a SRC, though results do suggest a subtle increase in risk; 

• Pre-injury psychiatry history has been identified as a significant 

predictor of PTSD following a SRC and it is linked to decreased life 

satisfaction, functional disability and cognitive impairments[58]. The 

presence of PTSD is associated with increased pain intensity, 

maladaptive coping, poorer psychosocial functioning and PCS. 

SRC damages several neurotransmitter networks including dopaminergic, 

cholinergic, noradrenergic and serotonergic[59]. Therefore, pharmacological 

treatment could work by addressing these imbalances. Treating psychiatric 

symptoms such depression could enhance recovery by improving related 

issues, such as sleep disturbances and cognitive impairments. Additionally 
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addressing other PCS, like headaches, may positively influence mood and 

recovery[60]. In any case, only 44% of patients who developed MDD after a 

concussion received pharmaceutical or psychological treatment, indicating 

that the treatment rate is still low[61]. 

There is little evidence that antidepressant therapy is effective following SRC, 

and published results are conflicting. Some studies revealed that medications 

targeting the serotonin system may be effective[60], while other reviews have 

found limited benefits. The Ontario Neurotrauma Foundation (ONF) suggests 

selective serotonin reuptake inhibitors (SSRI) as first line pharmacotherapy 

for depression following a SRC, with sertraline and citalopram showing 

effectiveness in treatment. Tricyclic antidepressant, such amitriptyline, has 

also been identified as potentially suitable choice by ONF. Post-TBI MDD is 

different from primary MDD; in fact it was linked to less severe depressive 

symptoms, higher levels of hostility and social isolation, and more severe 

cognitive impairments[62]. However, there is no strong evidence suggesting 

that post-concussion MDD needs a different treatment from MDD in other 

contexts. Physicians should also consider that pharmacological side effects 

are more common in patients experiencing PCS. Paroxetine exacerbates 

cognitive complaints, so it should be used with caution in athletes with 

cognitive impairments[54]. Another medication that should be avoided is 

bupropion, because of potential increase in seizure risk. Psychotherapy has 

been suggested as a stand-alone or complementary non-pharmacological 

treatment. Additionally, CBT may be effective for MDD[60]. Although there 

is currently insufficient data to confirm its efficacy, repetitive transcranial 

magnetic stimulation (rTMS) that targets the dorsolateral prefrontal cortex 

has shown early safety promise in treating PTSD and post-concussion 

MDD[63]. 

First line treatment for PTSD following a SRC and other anxiety disorders 

include CBT and psychoeducation which are also general recommendations 

for primary PTSD[64].  

       1.15 Pharmacological therapies for SRC 

The pharmacological therapies for SRC have 2 main aims: 
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• Neuroprotection: Preventing or reducing secondary brain injury by 

targeting biochemical cascades such as oxidative stress or 

inflammation; 

• Symptomatic treatments: Managing symptoms including headaches, 

insomnia, anxiety and MDD. 

SRC begins with a mechanical trauma that triggers a secondary biochemical 

cascade. This cascade causes glial, vascular, and neuronal damage. The 

process starts with injury-induced glutamate release, which overstimulates 

NMDA receptors, leading to an excessive influx of Ca2+ and Na+ into neurons. 

This activates proteolytic enzymes such as calpain I and calpain II, causing 

cytoskeletal degradation. This leads to mitochondrial dysfunction and the 

release of stored calcium, amplifying the damage and increasing the 

production of ROS and lipid peroxidation, thereby intensifying oxidative 

stress[65].  

Lipid peroxidation and oxidative stress are key contributors to SRC damage. 

Table VI presents an analysis of the major antioxidants and neuroprotective 

drugs that have been studied. 

Table VI: Key antioxidants and neuroprotective drugs 

Drug Mechanism of 

action (MOA) 

Trial 

status 

 Notes 

PEG-SOD 

(Polyethylene 

glycol-

superoxide 

dismutase) 

Superoxide 

scavenger 

Failed 

clinical 

Efficacy in animals but limited in 

humans 

Tirilazad Lipid peroxidation 

inhibitor and 

stabilizer of cell 

membrane 

Partial 

success 

Improves outcomes in patients 

with traumatic subarachnoid 

hemorrhage 

Carnosic acid 
Nrf2-ARE pathway 

activator 
 

Preclinical 
 

Found in rosemary, it promotes 

endogenous antioxidants. It 

shows promising neuroprotective 

effects in animal models 

Sulforaphane 
 

Nrf2-ARE pathway 

activator 
 

Preclinical 
 

Found in broccoli sprouts, strong 

cytoprotective agent 

Hydralazine 
 

Aldehyde scavenger  
 

Preclinical 
 

Target lipid peroxidation products 

such as 4-hydroxynonenal (4-

HNE) 
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Phenelzine 
 

Scavenger of reactive 

aldehydes 
 

Preclinical 
 

Has antidepressant properties as 

well 
 

 

Conventional antioxidant treatments for SRC have concentrated on 

addressing a specific oxidative damage mechanism, such as lipid peroxidation 

(with tirilazad) or superoxide scavenging (with PEG-SOD)[66], [67], [68]. 

These methods, while were successful in animal models, were unsuccessful 

in phase III clinical trials, most likely because of their narrow focus. Scientists 

now suggest that a multi-target strategy that intervenes at multiple stages of 

the oxidative cascade could provide more robust and consistent 

neuroprotection. Compared to single-drug treatments, the combination of a 

lipid peroxidation inhibitor and a peroxynitrite scavenger considerably lowers 

both early cytoskeletal damage and later cortical tissue loss, according to 

preliminary evidence in mice. Timing of drug administration is essential, ideal 

administration is within 3 hours post SRC.  

Athletes may have emotional and cognitive issues following SRC. The 

medications listed in Table VII may be used to treat the symptoms which are 

associated with neurotransmission disorder. 

Table VII: Neurotransmitter modulation therapies 

Drug Target Effects Common 

dosage 

Clinical status 

Amantadine 
 

Dopamine,  

NMDA 

Cognitive 

processing, 

arousal 
 

100-200 

mg/day 
 

Clinical use 
 

Bromocriptine 
 

Dopamine D2 
 

Working 

memory, 

attention 
 

1.25-10 

mg/day 
 

Experimental 

TBI 
 

Galantamine 
 

Acetylcholine 
 

Episodic 

memory 

improvement 
 

8-24 

mg/day 
 

Phase II/III 

trials 
 

Methylphenidate 
 

Noradrenaline 
 

Attention, 

mood, mental 

fatigue 
 

10-60 

mg/day 
 

Off-label use 
 

Fluoxetine 
 

Serotonin 

(SSRI) 
 

Depression, 

anxiety, 

neurogenesis 
 

20-40 

mg/day 
 

Widely used 
 

CBD 
 

CB1, CB2, 

5HT1A 
 

Headache, 

anxiety, 

inflammation 
 

~20-100 

mg/day 
 

Under 

investigation 
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Neurotransmitter imbalances are associated with neurocognitive and 

neurotransmitter symptoms, and while certain medications have 

demonstrated potential benefits, the results have been inconsistent because of 

limitations and placebo effects. Although there are now no standards and 

more thorough research is required, a tailored combination of 

neurotransmitter regulation and antioxidant therapy will likely be the best 

options[69], [70], [71]. 

       1.16 Long term consequences 

Research indicates that athletes suffering multiple SRC, especially more than 

3, could experience cognitive deficits, that include reduced attention and 

difficulty completing complex tasks. Each additional SRC is associated with 

worsening of cognitive functions. SRC is also associated with Parkinson’s 

disease and Alzheimer’s disease, with an increased relative risk of 1.5 of all-

cause dementia[72]. Additionally, TBI accounts for 5% of dementia cases 

when all causes are considered. 

Chronic traumatic encephalopathy (CTE) is a neurodegenerative disease 

linked to repetitive in head trauma. When it comes to sports, some athletes 

frequently suffer from head traumas, particularly those who participate in 

contact sports like football or boxing. It was first described in 1928 by 

Martland as “punch-drunk syndrome” in boxers. Later it became known as 

dementia pugilistica and eventually in 1957 as CTE by Critchley. In 1973, 

Corsellis was able to identify some pathological evidence in 15 ex-boxers, 

including: brain atrophy, enlarged ventricles, thinning of the corpus callosum 

and cavum septum pellucidum. A healthy brain and an advanced CTE brain 

are shown in comparison in Figure 5. 
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Figure 5: comparison of healthy brain and advanced CTE brain 

 

The buildup of hyperphosphorylated tau protein (p-tau) in many brain cells, 

including neurons, astrocytes and the depths of cortical sulci characterize 

CTE[73]. Different p-tau in various cells can be categorized as follows[74]: 

• Neurons: Mixture of 3R and 4R isoforms; 

• Astrocytes: Predominance of 4R isoform; 

• CTE's unusual tau filament fold sets it apart from other tauopathies. 

Currently the diagnosis is made post-mortem[75]. However, some studies are 

exploring in vivo tau imaging using PET scan as a diagnostic method[76]. 

Impulsivity, aggressiveness, depression, dementia, parkinsonism, and 

subsequent cognitive deterioration are all characteristics of CTE. CTE is often 

mistaken for Alzheimer’s disease due to overlapping symptoms. 

It is known that 3 main pathophysiological mechanisms are implicated in 

CTE: 

• Axonal injury: Mechanical forces cause long-term neuronal damage; 

• BBB disruption; 

• Neuroinflammation: Tau accumulation correlates with microglial 

activation[77]. 

Finally, repeated head trauma is one of the primary risk factors for CTE. 

However, for unknown genetic and environmental reasons, not all athletes 

who experience repetitive brain injuries go on to develop CTE. CTE is not 
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caused by a single SRC. To lower the risk of head trauma and CTE, it is 

crucial to increase athletes’ safety[78]. 

Chapter 2 – Artificial Intelligence (AI) 

and Machine Learning (ML) 

       2.1 Introduction 

Emerging technologies like artificial intelligence (AI), machine learning 

(ML) and deep learning (DL) have the potential to revolutionize healthcare in 

several ways, by providing tailored therapies or detecting diseases. Even 

though the terms AI, ML and DL are often used interchangeably, the 

following paragraphs will clarify the definitions of AI, ML and DL and 

explain the major differences. Subsequently, application of AI in medicine 

will be studied with a major focus on SRC. 

       2.2 AI  

AI is a comprehensive term that refers to any method that allows machines to 

emulate or reproduce functions associated with human intelligence[79]. John 

McCarthy, a pioneer in the field of AI, defined AI as “the science and 

engineering of making intelligent machines, especially intelligent computer 

programs”[80]. Essentially, researchers seek to create “intelligent agents” that 

can perceive the environment around them and take some decisions. AI is an 

"umbrella term" since it encompasses a variety of approaches rather than just 

one. AI has also been categorized in “weak AI” that is designed for a specific 

task and in “strong AI” that possess general intelligence, like humans, but it 

remains theoretical. Most of the AI used today is narrow AI specialized on a 

particular problem. 

At the Dartmouth conference in 1956, a group of researchers, including 

McCarthy, established that the goal of AI development should be that "every 

aspect of learning or any other feature of intelligence can in principle be so 

precisely described that a machine can be made to simulate it." This marked 

the beginning of the field of AI[81]. However, early AI relied on symbolic 

algorithms and struggled with other tasks like language understanding and 
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vision, leading in the 1970s to reduced funding known as AI winters. Data-

driven methods like ML started to take center stage in all fields of AI research 

by the 1990s and 2000s as a result of growing computing power and data 

accessibility. 

AI today includes a variety of techniques. At one extreme is a rule-based 

approach, where the AI does not learn from the data, while at the other end is 

the learning-based category which includes both ML and DL. Often modern 

AI solutions will combine techniques.  

       2.3 ML 

ML is a subset of AI that focuses on algorithms allowing computers to learn 

from data and experience. An intuitive definition is that ML is the automated 

detection of meaningful patterns in data[82]. ML systems examine data and 

draw conclusions from the patterns found within it, rather than being 

explicitly programmed. All ML techniques are considered part of AI, but not 

all AI systems use ML. 

A wide range of models are included in the learning algorithm types. Decision 

trees, support vector machines, logistic regression, clustering algorithms, and 

linear regression are examples of traditional ML algorithms. To validate the 

learned model, datasets are frequently divided into training and test sets. This 

is because the effectiveness of an ML model is assessed by how well it 

generalizes to new, unseen data. 

The field of ML began to take shape between the 1950s and 1980s alongside 

AI. Some examples of early ML include Samuel’s checkers learner and 

Rosenblatt’s Perceptron. Both models could learn from experience and 

classify inputs, they represent early ancestors of today’s neural networks[81]. 

By the 1990s research expanded including probabilistic models, connecting 

AI to classical statistics. Big data made ML much more useful in real-world 

tasks, allowing ML models to be trained on enormous datasets. 

The main categories of ML are supervised learning, unsupervised learning 

and reinforcement learning, with some variants such as semi-supervised and 

self-supervised learning in between. Data-driven improvement is the common 
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goal of ML, which includes both parametric models with fixed complexity 

and non-parametric models that evolve with data[83]. 

       2.4 DL 

DL refers to a class of ML techniques that rely on artificial neural network 

with multiple layers. A clear and simple definition of DL is found in LeCun, 

Bengio and Hilton article and it describes DL as methods that “allow 

computational models that are composed of multiple processing layers to 

learn representations of data with multiple levels of abstraction”[84]. In 

practice, DL consists of many layers including computational units that act 

like brain neurons interacting with each other, when they receive an input, 

they are able to create an output. The main difference with earlier methods is 

that feature extraction is automatic.  

The earliest neural network, the single layer Perceptron, was essentially a 

linear classifier. Deep neural networks evolved and currently they include 

many intermediate, also known as hidden, layers between the input and the 

output. Major DL architectures that are designed for specific data formats 

include feedforward networks, Convolutional Neural Networks (CNNs) for 

spatial data, such as images, Recurrent Neural Networks (RNNs) for 

sequential data, and Transformers for language processing. 

Training DL was way harder decades ago due to many factors. However, the 

DL revolution is dated to the early 2010s. Nowadays DL has dramatically 

improved performance in multiple areas such as object detection, image 

recognition, speech recognition and drug discovery[85]. Several factors 

enabled the rise of DL including: 

• Big Data: Very large datasets are useful to train DL; 

• Computing Power: Especially the use of graphics processing units 

(GPUs) to perform heavy computations; 

• Algorithmic innovation: Including better weight initialization and 

activation functions. 



33 

 

       2.5 Relationship between AI, ML and DL 

The relationship between AI, ML and DL is shown in Figure 6. Essentially all 

DL is ML and all ML is AI. It is also interesting that AI and statistics share 

common mathematical foundations. For clarity, AI describes the ability to 

emulate intelligent behavior, ML describes techniques where machines can 

learn from data and DL is a specific approach.  

 

Figure 6: Relationship between AI, ML and DL 

       2.6 Types of learning in AI 

The main types of learning in AI are: 

• Supervised learning: Datasets where each input correlates to a certain 

outcome are used to train the algorithm. Providing accurate output for 

novel and unidentified data is the aim. If supervised learning is given 

a prior dataset, it can be trained to provide the proper output, which is 

the diagnosis of disease based on patient lab results and symptoms 

correlating to the input[83]; 

• Unsupervised learning: The data doesn’t have explicit labels. In other 

words, the algorithm tries to discover hidden patterns or structures 

within the data on its own. One example in medicine is clustering 

patients into different groups based on similarities; 

• Reinforcement learning (RL): This approach is inspired by behavioral 

psychology, where the algorithm learns by interacting with an 

environment and taking actions that maximize a cumulative reward. 
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Each action results in either a reward or a penalty, helping the model 

improve over time. In medicine, a possible application could be an AI 

system that learns the most effective rehabilitation strategy based on 

feedback. This type of learning usually requires many trial-and-error 

interactions[83]; 

• Semi-supervised learning: This approach uses a combination of 

labeled and unlabeled data. In the medical field, an example could be 

training a model using data from diagnosed patients alongside data 

from patients who haven’t yet received a diagnosis, allowing the 

algorithm to learn from both; 

• Self-supervised learning: It is a fast-growing approach where models 

learn patterns from raw data without needing manual labels, for 

instance, by predicting missing parts of the input. 

       2.7 Examples of models 

To make these ideas easier to understand, a few medical examples follow: 

• Rule-based systems: Early tools like MYCIN relied on simple IF-

THEN rules to help doctors diagnose infections. They didn’t learn 

from data, but similar approaches are still used today, for example, to 

encode clinical guidelines into automated decision support tools[86]; 

• Traditional ML: Models like logistic regression or decision trees are 

widely used to predict outcomes, such as disease risk[87]. 

Unsupervised techniques like clustering can help identify patient 

subgroups or condition subtypes;  

• DL: These models are especially powerful in medical imaging. CNNs 

are commonly used for tasks like detecting lung nodules in X-rays or 

segmenting brain lesions on MRIs[88]. For time-based data, like 

Electroencephalography (EEG) signals or patient histories, models 

like RNNs and Transformers are often applied. 

 

       2.8 Applications in medicine 

AI is increasingly being used across healthcare to support diagnosis, 

prognosis, and treatment decisions. Its strength lies in analyzing large, 
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complex datasets far beyond what humans can process, helping clinicians 

make faster and more accurate decisions. Example of Ai use in medicine are: 

• Medical Imaging: It is one of the most advanced areas. DL models 

like CNNs can interpret X-rays, CTs and MRIs, identifying signs of 

disease that may be too subtle for the human eye. Some AI tools now 

match or even outperform average clinicians in tasks like detecting 

lung nodules or breast nodules[89]; 

• Clinical Decision Support: Tools use ML to predict outcomes or guide 

treatment. For example, models can flag early signs of sepsis or help 

personalize cancer treatment by analyzing genomics and clinical 

history[87]; 

• Genomics and Drug Discovery: benefit from AI’s ability to find 

patterns in genetic and molecular data; 

• Robotics and Automation: use AI for everything from assisting in 

surgery to automating hospital logistics; 

• Wearables and Patient Monitoring: Are increasingly common, with AI 

analyzing real-time data from devices like smartwatches to detect 

conditions such as atrial fibrillation or predict deterioration in 

Intensive Care Unit patients[90]. 

 

       2.9 Applications in SRC 

Most of the articles focusing on SRC and AI were written in recent years, and 

the results are encouraging, although AI applications in SRC are still in the 

early stages of development. The studies that are available in the literature 

will be analyzed in further detail in the form of a scoping review in the 

following chapter. The domains investigated include diagnosis, imaging, 

monitoring strategies and prognosis. All the domains were introduced during 

the preceding phase of the study.  AI has the potential to analyze complex data 

and find patterns that may be hard to find using more conventional analytical 

techniques making it a unique tool. AI systems have the capacity to 

personalize care and are intended to assist physicians in making more 

accurate decisions.  
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Chapter 3 – Scoping Review on the 

Applications of AI in SRC 

       3.1 Aims of the study 

This review [17] aims to observe the current state of art of AI applications in 

the SRC, focusing on diagnostic, prognostic, imaging, and monitoring 

technique, in particular comparing AI with clinicians for sensitivity and 

specificity when possible. The topics explored were related to SRC diagnosis, 

monitoring strategies, imaging and prognosis. This could help in 

implementing SRC care, thereby ensuring safer sporting environments and 

enhanced health outcomes for athletes. 

       3.2 Methods  

A literature review was conducted to evaluate the current state-of-the-art 

applications of AI in SRC. The main topics investigated were related to 

diagnostic and prognostic tools, imaging technologies and monitoring 

techniques. Additional questions addressed included (i) How can the use of 

AI help clinicians? (ii) How does the accuracy of AI compare to that of sports 

medicine clinicians in diagnosing SRC?  

 

        3.2.1 Search terms and databases 

In August 2024, a systematic search was conducted using six distinct 

bibliographic databases: PubMed, EMBASE, SPORTDiscus, Scopus, Web of 

Science, and Cochrane. Table X outlines the employed MeSH terms and 

search strategy. The search string included a combination of subject headings, 

keywords, including truncations, such as concussion, artificial intelligence, 

machine learning, deep learning, AI, decision support systems, computer-

assisted, and mild traumatic brain injury (mTBI). 

 

        3.2.2 Study selection criteria and data extraction  
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Studies were included if they (i) Were original research; (ii) included at least 

one AI tool in the study; (iii) included individuals who have suffered a SRC 

or studies related to SRC that are based on the use of sensors to assess impact 

forces, to simulate an head impact; (iv) evaluated athletes and/or retired 

athletes as the study subjects. 

Studies were excluded if they (i) didn’t have an abstract; (ii) evaluated SRC 

athletes not using an AI tool; (ii) relied solely on statistical methods; (iv) were 

written not in English. 

The articles were screened using Rayyan, a web-based application created to 

simplify the screening process for systematic and scoping reviews[91]. After 

the search strategy was finalized and adapted for each database, duplicate 

records were removed. Subsequently, two authors (FDP and VB) 

independently screened titles and abstracts to identify relevant studies. In 

cases of disagreement, a third author (MV) acted as an arbitrator to resolve 

discrepancies. All the selected articles were then divided into four groups: 

diagnosis, monitoring strategies, imaging and prognosis. 

 

       3.3 Results 

The database search identified 6577 articles. In detail, 4266 articles were 

retrieved from Scopus, 904 from Web of Science, 691 articles from 

MEDLINE, 477 articles from Embase, 207 articles from Cochrane and 32 

articles from Sport Discuss (Figure 7, PRISMA flow diagram)[92]. The 

articles were screened using Rayyan. After 1601 duplicate records and 75 

articles without abstract were removed, 4901 articles were screened. 2695 

articles were excluded because they were not related to cerebral concussion 

and other 2113 records were removed because they were not related to AI. A 

total of 93 articles were assessed for eligibility, but 55 records were removed 

because they were not related to SRC. Following Rayyan screening, 38 

studies met the criteria for inclusion. After an extensive examination of 

reference lists, two more papers were added[93], [94], making a total of 40 

studies included in the review. 
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Table VIII summarizes data regarding articles on SRC and AI, classified by 

year of publication, study design, experimental setting (in silico vs. in vivo), 

domain studied and sports practiced. 

 

 

Table VIII: Classification of articles included in the scoping review. 

Variable No. of studies (%) 

Year of Publication  

2008-2010 1 (2.5%) 

2011-2013 1 (2.5%) 

2014-2016 2 (5%) 

2027-2019 7 (17.5%) 

2020-2022 22 (55%) 

2023-2025 7 (17.5%) 

Study design  

Interventional study 10 (25%) 

Observational Cohort study 18 (45%) 

Systematic review 1 (2.5%) 

Case report 2 (5%) 

FE simulation 1 (2.5%) 

Scoping review 1 (2.5%) 

ML model development study 3 (7.5%) 

ML-based prognostic method 

development 

2 (5%) 

Retrospective Cohort study 1 (2.5%) 

ML based predictive model 

development 

1 (2.5%) 

In silico vs in vivo  

In vivo 27 (67.5%) 

In silico 10 (25%) 

Both 3 (7.5%) 

Domain studied  

Diagnosis 16 (40%) 

└─Biomarkers 2 (5%) 

└─EEG 6 (15%) 

└─Speech features 3 (7.5%) 

└─VOMS 2 (5%) 

└─Gait analysis 1 (2.5%) 

└─Other diagnostic methods 2 (5%) 

Imaging 6 (15%) 

└─MRI 3 (7.5%) 

└─ Drop test rig 1 (2.5%) 

└─ Wearable sensors 1 (2.5%) 

└─ Helmet impacts 1 (2.5%) 

Monitoring Strategies 12 (30%) 

└─EEG 3 (7.5%) 

└─Mouthguards 4 (10%) 
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└─Head impacts dataset 2 (5%) 

└─Other diagnostic methods 3 (7.5%) 

Prognosis 6 (15%) 

└─RTP/Retirement 2 (5%) 

└─VOMS + King-Devick + C3 

Logix 

1 (2.5%) 

└─MRI + questionnaires 1 (2.5%) 

└─Other diagnostic methods 2 (5%) 

Sport  

Multiple sports 18 (45%) 

Rugby/American football 10 (25%) 

Soccer 1 (2.5%) 

Boxe 1 (2.5%) 

No sports 10 (25%) 

 

The articles included in the scoping review are summarized in Table IX 

(Summary of studies included). The table includes the following information: 

category, diagnostic method, sample size, AI-based method, problem 

addressed, performance metrics of the AI-based method, and comparison.  

The studies included a total of 23,716 participants. The mean age of 

individuals was 22 years, and the age range varied from 8 to 74 years old. 

Males constituted about 65-70% of the total sample size, which is roughly 

16,209 males. Female participants represented around 30-35%, or about 

7,507. The distribution also shows that male athletes dominate contact sports 

like football and rugby, while studies focusing on female athletes often dealt 

with sports like soccer. Other studies included in this literature review focused 

on head trauma simulations, sensors for head impacts and smart mouthguards 

and helmets. 
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Records identified from: 
Databases (n = 6577) 

-Scopus (n = 4266) 
-Cochrane (n = 207) 
-Embase (n = 477) 
-Sport Discuss (n = 32) 
-Web of science (n = 904) 
-MEDLINE (n = 691) 

Reference lists (n=2) 

Records removed before 
screening: 
-Duplicate records removed 
(n=1601) 
-Records removed for the 
absence of the abstract (n = 75) 

Records screened 
(n = 4903) 

Records excluded because they 
are not relevant 
(n =4808) 
-Articles that are not related to 
cerebral concussion (n = 2695) 
-Articles that are not related to 
AI/machine learning (n = 2113) 
 

Reports sought for 
retrieval 
(n = 95) 

Reports not retrieved 
(n = 0) 

Reports assessed for 
eligibility 
(n = 95) 

Reports excluded: 
-Articles that are not related to 
sport related concussions (n=55) 

 

Studies included in 
review 
(n = 40) 
 

Identification of studies via databases and registers 

Id
e

n
ti

fi
c
a

ti
o

n
 

S
c

re
e

n
in

g
 

 

In
c

lu
d

e
d

 

Figure 7:PRISMA 2020 flow diagram for new systematic reviews which included searches of 

databases and registers only. Source: Page MJ, et al. BMJ 2021;372:n71. doi: 

10.1136/bmj.n71. 

This work is licensed under CC BY 4.0. To view a copy of this license, visit 

https://creativecommons.org/licenses/by/4.0/ 

https://creativecommons.org/licenses/by/4.0/
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Abbreviations of Table IX 

 

AUROC – Area Under the Receiver Operating Characteristic Curve 

bioVRSEA – Biologically Variable Representation with Structure-Enhanced 

Attention 

CHAID – Chi-squared Automatic Interaction Detection 

CNN – Convolutional Neural Network 

ConcNet – Concussion Classification Network 

CSDM – Cumulative Strain Damage Measure 

DTI – Diffusion Tensor Imaging 

EEG – Electroencephalography 

ERP – Event Related Potentials 

FBG – Fiber Bragg Grating 

HAE – Head Acceleration Event 

IBKK – Nearest Neighbor Instance-Based Learner 

LDA – Linear Discriminant Analysis 

LR – Logistic Regression 

LSTM – Long Short-Term Memory 

MIGNet – Mild traumatic brain injury identification graph network 

ML – Machine Learning 

MLP – Multilayer Perceptron 

mTBI – Mild traumatic brain injury 

MRI – Magnetic Resonance Imaging 

NCAA – National Collegiate Athletic Association 

NB – Naïve Bayes 

NPV – Negative Predictive Value 

PLSR – Partial Least Squares Regression 

PPV – Positive Predictive Value 

RF – Random Forest 

SCAT® – Sports Concussion Assessment Tool 

SOM – Self Organizing Maps 

SRC – Sport Related Concussion 

SSVEP – Steady-state Visually Evoked Potential 
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SVM – Support Vector Machine 

UF – Uncinate Fasciculus 

VOMS – Vestibular Ocular Motor Screening 

VR – Virtual Reality 

XGBoost – Extreme Gradient Boosting 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



43 

 
           Table IX: Summary of studies included. 

Study Categ

ory 

Diagnostic 

method 

Sample 

size 

AI 

based 

metho

d 

Proble

m 

address

ed 

Perform

ance 

metric of 

the AI-

based 

method 

Compar

ison 

Hoang 

et al., 

2023 

Diagn

osis 

SSVEP 

classification 

36 

athletes 

with 

mTBI 

and 400 

control

s 

SVM, 

LDA, 

LR, 

NB 

SSVEP 

vs 

SCAT® 

Balanced 

accuracy

=63.94% 

SCAT® 

balanced 

accuracy

=73% 

Helfer 

et al, 

2014 

Diagn

osis 

Speech 

features 

analysis 

32 high 

school 

athletes 

SVM Speech 

analysis 

to detect 

cognitiv

e 

changes 

AUROC 

between 

0.72 and 

0.98 

(articulat

ory 

dynamics

), 

AUROC 

between 

0.94 and 

0.98 

(articulat

ory 

coordinat

ion) 

 

NA 

Wall 

et al., 

2022 

Diagn

osis 

Speech 

features 

analysis 

7 rugby 

players 

+ 39 

control

s 

Bi-

LSTM 

Objectiv

e mTBI 

diagnosi

s 

Spec=86.

2%, 

Sens=94.

7%, 

AUROC

=0.904 

NA 

Ferris 

et al, 

2022 

Diagn

osis 

VOMS 3958 

athletes

, 496 

concuss

ed 

Demi

ng 

regres

sion 

Enhance 

VOMS 

AUROC

=0.83 

SCAT5® 

AUROC

=0.7–0.8 

Thanj

avur et 

al, 

2021 

Diagn

osis 

EEG data 

collection 

and 

processing 

62 

adolesc

ents 

Conc

Net 

(LST

M) 

EEG for 

mTBI 

diagnosi

s 

Accuracy

=91.7%, 

Spec=90

% 

NA 

Thanj

avur et 

al, 

2021 

Diagn

osis 

EEG data 

collection 

with 64 EEG 

channels 

58 

adolesc

ents 

Conc

Net3 

LSTM 

for 

concussi

ons 

Accuracy

=94.4%, 

AUROC

=0.971 

NA 

Domel 

et al, 

2021 

Diagn

osis 

EEG data 

collection 

with 64 EEG 

channelsx 

358 

true + 

500 

false 

impacts 

MiGN

et 

(CNN

) 

Standar

dize 

mTBI 

data 

Accuracy

=96% 

SVM 

prior 

accuracy

=91% 

Bazari

an et 

Diagn

osis 

EEG 207 

concuss

ed + 

Geneti

c 

Validate 

Concuss

Sens=86

%, 

Spec=70.

NA 
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al, 

2021 

373 

non-

concuss

ed 

algorit

hm 

ion 

Index 

8%, 

AUROC

=0.89 

Falcon

e et al, 

2013 

Diagn

osis 

Isolated 

vowel sounds 

105 

male 

boxers 

SVM Identifyi

ng 

concuss

ed 

athletes 

Accuracy 

of 0.98 

when 

verified 

against 

clinician’

s 

diagnosis 

Clinician

’s 

diagnosis 

are 

‘ground 

truth’ in 

the study 

McNe

rney et 

al, 

2019 

Diagn

osis 

EEG 38 

mTBI + 

47 

control

s 

Boosti

ng 

techni

ques 

Improve 

locker 

room 

mTBI 

assessm

ent 

AUROC

=0.91 

EEG 

only 

AUROC

=0.52, 

symptom

s=0.82 

Vissch

er et 

al, 

2019 

Diagn

osis 

Balance/Vest

ibular 

diagnostic 

testing 

96 

athletes 

SOM, 

k-

means 

Insight 

into 

patient 

phenoty

pes 

2 groups 

via AI 

NA 

Murra

y et al, 

2024 

Diagn

osis 

Gait 

performance 

430 

NCAA 

athletes 

ML ST/DT 

gait for 

mTBI 

Accuracy

=0.91 

NA 

Schmi

d et al, 

2021 

Diagn

osis 

Wearable 

technology 

NA CNN, 

Boosti

ng 

Real-

time 

diagnosi

s 

Accuracy

=91% 

NA 

Shim 

et al, 

2020 

Diagn

osis 

Finite 

element 

simulations 

NA PLSR Predict 

brain 

deforma

tion 

Error=3

% 

NA 

Fedor

chak 

et al, 

2021 

Diagn

osis 

RNA 

sequencing 

505 

saliva 

sample

s 

obtaine

d from 

112 

concuss

ed 

athletes 

SVM Predict 

concussi

on 

duration 

and 

detect 

sympto

m 

recovery 

 

AUROC

=0.86 

AI 

outperfor

med 

tradition

al tools 

like 

Zemek 

clinical 

risk tool: 

AUROC 

between 

0.68 and 

0.73 

Jacob 

et al, 

2022 

Diagn

osis 

BioVRSea 

(EEG+EMG

+HR+CoP in 

VR) 

54 

female 

athletes 

Struct

ural 

equati

on 

model

ing 

Biomark

ers for 

concussi

on 

Accuracy

=95.5% 

SCAT® 

balanced 

accuracy

=73% 

Tamez

-Pena 

et al, 

2022 

Imagi

ng 

Structural 

MRI + DTI 

91 post-

concuss

ion + 

27 

control

s 

SVM Detect 

mTBI 

via 

imaging 

Sens=0.8

1, 

Spec=0.7

4 

NA 
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Tremb

lay et 

al, 

2017 

Imagi

ng 

MRI 15 

retired 

athletes 

concuss

ed + 15 

retired 

non 

concuss

ed 

athletes 

SVM, 

LR, 

RF 

and 

Logit

Boost 

Searchin

g for a 

signatur

e of 

remote 

SRC 

sensitivit

y: 93%, 

specificit

y: 87% 

NA 

Gosw

ami et 

al, 

2015 

Imagi

ng 

MRI 19 

retired 

players 

SVM Impulsi

vity & 

UF 

Sens=0.7

9, 

Spec=0.8

4, 

AUROC

=0.8 

NA 

Stilwe

ll et al, 

2024 

Imagi

ng 

Drop test rig 130 

impacts 

CNN Head 

impacts 

& mTBI 

Strain=0.

09–0.63 

NA 

Ghazi 

et al, 

2022 

Imagi

ng 

MPS + 

CSDM 

23 

helmets 

× 12 

impacts 

CNN Helmet 

effective

ness 

22.5% 

differenc

e 

NA 

Dicesa

re et 

al, 

2020 

Imagi

ng 

Wearable 

sensors 

46 

soccer 

athletes 

XGBo

ost 

White 

matter 

changes 

Accuracy

=0.835, 

Sens=0.8

38 

ML 

better 

than 

humans 

Boshr

a et al, 

2019 

Monit

oring 

strateg

ies 

ERP through 

EEG 

19 

players 

+ 20 

control

s 

SVM ERP as 

trauma 

marker 

Acc=81

%, 

Sens=82

%, 

Spec=80

% 

Behavior

al 

acc=75–

82% 

Kuo et 

al, 

2022 

Monit

oring 

strateg

ies 

Mouthguards NA ML Wearabl

e HAE 

detectio

n 

NA NA 

Tirdad 

et al, 

2021 

Monit

oring 

strateg

ies 

Tweets 82842 

tweets 

CNN, 

LSTM

, Bi-

LSTM 

Public 

percepti

on of 

SRC 

F1=62.71

%, 26% 

negative 

tweets 

NA 

Castel

lanos 

et al, 

2021 

Monit

oring 

strateg

ies 

Medical 

history 

15682 

athletes 

SVM Predict 

concussi

ons 

AUROC

=0.73 

(varies 

by sport) 

Same as 

physicia

n model 

Gabler 

et al, 

2020 

Monit

oring 

strateg

ies 

Mouthguards 21 

players 

Adapt

ive 

Boosti

ng 

Detect 

head 

impacts 

Sensor 

recall=81

.6% 

NA 

Krosh

us-

Havril 

et al, 

2024 

Monit

oring 

strateg

ies 

Data analysis 

of mTBI 

factors 

3213 

concuss

ed 

ML mTBI 

reportin

g 

predicto

rs 

Acc=55.

8–62.6% 

NA 

Tjønn

dal et 

al, 

2022 

Monit

oring 

strateg

ies 

Scoping 

review 

24 

studies 

NA ML in 

mTBI 

manage

ment 

NA NA 
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Cao et 

al, 

2008 

Monit

oring 

strateg

ies 

EEG 61 

players 

SVM EEG for 

deficits 

Acc=0.7

7, 

Sens=0.8

0, 

Spec=0.7

5 

NA 

Zhan 

et al, 

2023 

Monit

oring 

strateg

ies 

Head impacts 3262 

impacts 

Rando

m 

forest 

Monitor 

head 

impacts 

Acc=0.9

6, 

AUROC

>0.90 

NA 

Powel

l et al, 

2023 

Monit

oring 

strateg

ies 

Mouthguards 25 

rugby 

players 

SVM, 

GBD

T 

Need for 

sport-

specific 

algorith

m 

AUROC

=0.92 

SCAT5® 

AUROC

=0.7–0.8 

Raym

ond et 

al, 

2022 

Monit

oring 

strateg

ies 

Mouthguards 12014 

impacts 

CNN Detectin

g head 

impacts 

NPV=0.8

8, 

PPV=0.8

7 

NA 

Zhuan

g et al, 

2021 

Monit

oring 

strateg

ies 

FBG-

embedded 

helmets 

NA SVM, 

IBK, 

RF 

Blunt-

force 

impacts 

R2=0.99 Human 

R2~0.8 

Chu et 

al, 

2021 

Progn

osis 

VOMS + 

King-Devick 

+ C3 Logix 

655 

SRC 

ML, 

CatBo

ost 

Predict 

recovery 

time 

AUROC

=0.84 

CatBoost 

> 

tradition

al 

Berger

on et 

al, 

2019 

Progn

osis 

Data analysis 922 

concuss

ions 

NB, 

Rando

m 

forest 

Predict 

recovery 

time 

AUROC 

at 7 

days=0.7

27 

NA 

Manso

uri et 

al, 

2022 

Progn

osis 

Data 

collection 

and analysis 

74 

players 

XGBo

ost, 

CHAI

D, 

MLP 

Injury 

risk 

post-

SRC 

XGBoost 

acc=0.91

9 

NA 

Wu et 

al, 

2019 

Progn

osis 

Injury 

metrics 

(MPS, 

CSDM) 

218 

head 

impacts 

SVM ML 

study of 

head 

impacts 

Accuracy

=0.887 

NA 

Cai et 

al, 

2018 

Progn

osis 

Features of 

the entire 

voxel-wise 

white matter 

fiber strains 

58 

reconst

ructed 

head 

impacts

, 25 

were 

concuss

ions 

SVM, 

RF 

Classify

ing  

concussi

ons 

Accuracy

=0.862 

Tradition

al scalar 

metrics 

performe

d worse 

than AI 

models 

Mao et 

al, 

2023 

Progn

osis 

MRI + 

questionnaire

s 

43 

patients 

+ 61 

control

s 

Predic

tive 

model 

MRI for 

post-

concussi

ve 

migrain

e 

AUROC

=0.8 

NA 
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A citation network analysis of the papers that were part of the scoping review 

is shown in Figure 8, where the node dimensions represent citation frequency 

and the bonds represent citation relationships. 

 

Figure 8: Citation network analysis of the studies included in the scoping review 

 

        3.3.1 Diagnosis 

A total of 16 studies were included in this section of the results. The sample 

size of the articles is 1,851. The mean age varied across the studies with a 

range from 13 to 30 years old. Approximately 60% of the sample were males 

and 40% were females. 11 studies included controls, 3 didn’t include controls 

and 2 were related to head impacts simulations. Considering the study 

locations, 8 studies were conducted in the US, 2 in Canada, 1 in Switzerland, 

1 in the UK, 1 in Iceland and 3 studies were multicenter studies. Also, the 

types of studies analyzed were different including: 5 Interventional Studies, 

8 Observational Cohort Studies, 1 Systematic Review and 2 Case reports. The 
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studies used different AI including DL models such as Long Short-Term 

Memory (LSTM) and CNN used in 5 studies, Support vector machine (SVM) 

used in 7 studies, Random Forest (RF) used in 3 studies, Boosting algorithms 

used in 3 studies, Cluster analysis used in 2 studies and hybrid AI models used 

in 3 studies. Another aspect to evaluate is the diagnostic modality used in the 

14 studies included in the section: Electroencephalogram (EEG) used in 8 

studies, Wearable sensor-based AI detection used in 3 studies, ML applied to 

speech analysis used in 4 studies, Vestibular and balance assessments used in 

2 studies, Gait analysis used in 1 study, FE and biomechanical analysis used 

in 1 study, Electromyography (EMG) in 1 study, heart rate monitoring in 1 

study, center of pressure measurement for postural control in 1 study, and 

RNA sequencing in 1 study. Lastly, the comparisons of the studies included: 

Physician diagnosis used in 8 studies, SCAT® used in 7 studies, ML models 

against classical statistical approaches used in 4 studies, Study of the EEG 

manually against DL classification used in 4 studies, wearable sensors with 

verifications of head impacts using videos used in 3 studies, clinical 

measurement of postural control in 1 study and Zemek clinical risk tool in 1 

study. 

 

        3.3.2 Imaging 

A total of 6 articles were included in this section. The sample size consists of 

703 participants with an age from 14 to 74 years old and a mean age of 35 

years old. Considering the gender distribution 67% of the participants were 

males and 33% females. Just 1 study involved controls, 3 studies didn’t 

involve controls, and 2 articles were related to simulated head impacts. All 

the articles included were written in North America: precisely 4 from the US 

and 2 from Canada. The articles included are divided into 3 Observational 

Cohort studies, 2 Interventional studies and 1 FE simulation. The AI methods 

applied were the following ones: CNN in 3 studies, SVM in 3 studies, RF in 

3 studies, Gradient Boosting, LogitBoost, LR and XGBoost in 1 study and 

DL in 1 study. Lastly talking about intervention, the main imaging modalities 

used were: ML applied to MRI data in 6 studies, Structural MRI in 5 studies, 

DTI in 5 studies, rs-fMRI in 2 studies and FE modeling used in 2 studies. The 
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AI based neuroimaging was compared to: manual MRI interpretation in 4 

studies, SCAT® in 3 studies, FE modeling in 2 studies, DTI in 3 studies and 

comparison of head impacts with helmet and without helmet in 1 study. 

 

        3.3.3 Monitoring Strategies 

A total of 12 articles were included in this section. The sample size consists 

of 15,682 participants. The age ranged from 14 to 42 years old with a mean 

age of 25 years old. The analysis of the gender distribution revealed that 72% 

of the participants were males and 28% females. 4 studies involved controls, 

2 studies did not involve controls, 5 studies were related to head trauma 

simulations and 1 article was a scoping review. The studies included were 

conducted in the US for 8 articles, Canada for 3 articles and Norway for 1 

article. The types of studies analyzed were: 5 Observational Cohort studies, 3 

Interventional studies, 3 ML Model Development studies and 1 Scoping 

review. The AI methods applied were the following ones: SVM in 5 studies, 

RF in 4 studies, CNN in 3 studies, XGBoost in 2 studies, Feature extraction 

ad Clustering in 2 studies and Multilayer Perceptron in 2 studies. Another 

aspect, the monitoring technologies included: mouthguards used in 3 studies, 

EEG-based concussion monitoring used in 3 studies, Concussion prediction 

using Pre-Season Data and AI models used in 2 studies, ML applied to head 

impacts used in 2 studies and Helmet embedded sensors used in 2 studies. 

Lastly it is important to consider the comparisons, the AI-based methods were 

compared to: Video review of head impacts in 5 articles, on field concussion 

diagnosis in 4 studies, SCAT® in 4 articles, cognitive and physical 

performance metrics in 3 studies and helmet-embedded sensors in articles. 

 

        3.3.4 Prognosis 

A total of 6 articles were included. The participants were 5,480, with an age 

range from 8 to 45 years old and a mean age of 21 years old. The analysis of 

gender distribution revealed that 60% of the individuals were males and 40% 

females. Just 1 article involved controls, while the remaining 5 studies did not 

include controls. All the studies were conducted in North America, in detail 5 

in the US and 1 conducted both in the US and Canada. The study types 
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included: 2 articles classified as ML-Based Prognostic Method Development, 

2 Observational Cohort Study, 1 Retrospective Cohort study and 1 ML-based 

Predictive Model Development. The AI methods used are the following ones: 

SVM in 2 studies, RF in 2 studies, Gradient Boosting Decision Trees in 1 

study, CatBoost in 1 study, XGBoost in 2 studies, Naive Bayes in 1 study, 

Multilayer Perceptron in 1 study, Chi-squared Automatic Interaction Detector 

in 1 study and Partial Least Squares Regression in 1 study. The predictive 

models for prognosis were PCSS in 2 studies, database analysis in 1 study, 

cognitive function and processing speed evaluation in 1 study, King-Devick 

test in 1 study, VOMS in 1 study, prediction of post-concussion 

musculoskeletal injuries in 1 study, prediction of post-traumatic headache in 

1 study, and a network-based response feature matrix for brain injury in 1 

study. Lastly, the comparisons of the AI methods were: Clinical assessments 

for 4 studies, statistical models for 3 studies, evaluation of brain imaging 

biomarkers in 1 article, interpretation of injury risk based on medical history 

in 1 article and baseline concussion assessment tools in 1 study. 

 

       3.4 Discussion 

        3.4.1 Diagnosis 

EEG plays a vital role in the diagnosis of SRC. Steady-State Visual Evoked 

Potential (SSVEP) was studied, acquired using EEG, to detect SRC in 

athletes. In the study, different ML methods were tested, with SVM resulting 

in the best outcomes. The balanced accuracy, defined by averaging sensitivity 

(true positive rate) and specificity (true negative rate), was 64%, which is 

promising but still below that of clinical assessments [95]. SCAT3® alone has 

a balanced accuracy around 73%[96]. Combining SCAT6® and SSVEP 

would lead to improved results in the diagnosis of SRC. 

Building on the advancements in EEG diagnostic, it can be introduced 

ConcNet, a LSTM DL model, for analyzing raw resting-state EEG signals 

over time. The study analyzed 62 male adolescents EEG, 27 of them suffered 

an SRC. ConcNet was optimized many times during the study, reaching an 

accuracy of 92.6% and an AUROC of 97.1%. The results show an 

improvement in concussion detection accuracy compared to conventional 
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methods, suggesting that ConcNet could be a valuable tool for providing more 

accurate diagnoses [97]. The same authors optimized ConcNet to ConcNet3, 

using just the top 6 EEG channels instead of 64 EEG channels. The selected 

channels correspond to frontal and occipital regions associated with 

pathophysiological changes following SRC. ConcNet3 achieved an accuracy 

of 94.4% reaching a better result with 6 EEG channels and offering a tool for 

the diagnosis of SRC on field[98]. 

Expanding on these innovations in EEG-based concussion diagnosis, the 

prospective diagnostic cohort study validated the Concussion Index, an ML 

tool derived from EEG data. The Concussion Index ranges from 0 to 100, 

with scores ≤70 indicating likely concussion. The participants were 207 

concussed athletes and 373 healthy controls. The sensitivity of the 

Concussion Index was 86%, an excellent result considering that it correlates 

also with recovery timelines[99]. 

As previously discussed, advancing SRC diagnosis requires the integration of 

EEG with complementary assessment tools. The subsequent study 

exemplifies this approach by combining EEG recordings with self-reported 

symptomatology. The accuracy of the self-reported symptoms was around 

82%, while adding EEG was around 91%. The analysis also revealed that 

certain symptoms combinations, such as confusion and light sensitivity, 

improved diagnostic performance[100]. The results highlight the 

effectiveness of ML in identifying objective biomarkers for concussion 

detection[101]. Key biomarkers included EEG changes where significant 

increases in the theta band power were observed in the concussion group 

indicating altered brain activity post-concussion. These changes correlated 

with symptoms like difficulty concentrating, head pressure, and fatigue. EMG 

measurements were conducted, specifically the median frequency of the right 

soleus muscle was a reliable marker for distinguishing concussed individuals. 

Lastly, the center of pressure measurements, particularly in the anterior-

posterior direction, showed significant differences between concussed 

individuals and controls, suggesting postural control impairments that could 

serve as a valuable biomarker for concussion assessment.  

Combining biomarkers, the study achieved an accuracy of 95.5%, reinforcing 

the potential of the ML system as a reliable tool for concussion diagnosis 
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using objective biomarkers. In the other paper an algorithm using age and 

RNA sequencing predicted PCS with an AUROC of 0.86 and outperformed 

other validated clinical tools such Zemek clinical risk tool, which has an 

AUROC between 0.68 and 0.73[102]. Detection of SRC can be enhanced also 

using smart sensors and mouthguards. A study focused on MiG2.0, an 

advanced mouthguard equipped with sensors to capture real-time kinematic 

data during sports. MigNet, a neural network that analyzed data from MiG 

2.0, reached a final specificity of 99% and sensitivity of 76% [103]. The next 

article underscored the utility of sensors tracking EEG, Transcranial doppler 

ultrasound and Electrocardiogram (ECG). These devices could reduce the 

time for diagnosis and could be optimized by reducing their weight, making 

them more reliable and lower on power consumption to be practical for use 

in settings like sports fields[104]. 

Also, other tools are available and important for the diagnosis of an SRC, 

starting with the study that demonstrated that DL can be associated with 

speech analysis. The sample size was relatively small, consisting of 7 

concussed athletes and 39 controls. The results are the following one: 

accuracy of 89.5% and AUROC of 90.4%. Compared to traditional SCAT6® 

methods, this DL-based approach provides a more objective and consistent 

way to diagnose SRC, reducing the uncertainty that often comes with 

subjective assessments [105]. Another research using speech analysis 

demonstrated that AI performance has an accuracy of 98% compared to 

ringside clinician’s diagnosis[94]. The last study involving speech features 

analysis achieved great results with an AUROC between 0.94 and 0.98 

considering articulatory coordination, studying how different parts of the 

vocal tract move together after SRC[93]. However, SCAT6® could be 

associated with VOMS. The estimated time to perform a VOMS is around 5-

10 minutes, in an acute setting it is a significant amount of time. Focusing on 

this problem, it is presented mVOMS including only 4 tasks. When integrated 

with SCAT3®, mVOMS improved concussion detection, increasing its 

AUROC from 0.79 to 0.83. The study suggests that mVOMS provides an 

efficient alternative without compromising accuracy [106]. Another study 

conducted on balance and vestibular data successfully classified concussion 

phenotypes, involving 96 concussed athletes. The tests included caloric tests, 



53 

 

sensory organization tests and dynamic visual acuity. Analyzing and 

processing the results the authors divided the concussed athletes into two 

groups considering the severity of SRC, time since injury, presence of 

symptoms and recovery status. Group 1 (n=38) showed worse results in 

balance and vestibular tests, indicating more severe issues. Group (n=58) had 

a relatively normal function [107]. Moreover, the gait in concussed athletes 

was investigated, student-athletes with SRC had significantly slower gait 

performance in single-task (walking without any additional cognitive load) 

conditions, particularly in the second and third trials of the tandem gait task. 

Additionally, dual-task (subtracting 7 from a random number while walking) 

conditions, such as the Auditory Pure Switching Task (responding even or 

odd to presented random numbers while walking), revealed slower cognitive 

processing while walking for SRC participants. The accuracy achieved by ML 

reached 91% [108]. The last article presented in the section deals with 

simulation of head impacts and offers a real time tool for clinical diagnosis. 

It presented an ML model combined with FE simulations to predict brain 

injury patterns in SRC. It accurately predicted strain distribution and peak 

strain magnitude, reducing computation time[109]. 

 

        3.4.2 Imaging 

MRI proved to be the best imaging method to study an SRC, radiomic 

analysis of MRI data successfully identified structural and textural 

abnormalities in concussed athletes[110], with white matter features showing 

strong associations with PCS. ML model achieved a balanced accuracy of 

77%. Additionally, concussion history (p < 0.0001) and time since injury (p 

< 0.01) significantly influenced model predictions, underscoring the 

importance of individualized assessments. 

MRI could also be useful in retired athletes suffering impulsive behaviors and 

aggression, with MRI revealing cortical thinning in the anterior temporal lobe 

and compromised white matter integrity in the uncinate fasciculus[111]. 

These findings suggest that changes in the uncinate fasciculus and 

frontotemporal regions contribute to behavioral issues in athletes with 

multiple concussions, offering valuable insights into the neurobiological basis 
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of impulsivity. The sensitivity and specificity were the same, ranging from 79 

to 84%[111]. 

Another article investigates the design of sport helmets applying imaging 

methods to predict brain strain metrics. 23 different commercially available 

helmets were studied with CNN. Helmet design significantly influences brain 

strain mitigation, with predicted concussion rates ranging from 0% to 42% 

across various helmet models. The CNN demonstrated high accuracy, with 

98.6% of predictions within acceptable limits[112]. 

One study suggests that increasing the drop height from 150 mm to 450 mm 

resulted in higher strain values across different brain regions, with side 

impacts causing the most damage. The CNN was highly accurate in predicting 

brain strain, proving its potential for quickly estimating Maximum Principal 

Strain during head impacts. These results highlight the importance of 

understanding both the conditions of the impact and brain strain in improving 

protective sports equipment[113]. 

ML can also be integrated to MD and RD, offering a more precise approach 

to analyzing head impacts. The accuracy and the sensitivity reached a level 

of 84%[114]. 

The last paper used AI applied to imaging techniques, such MRI, to detect 

remote SRC achieving a sensitivity of 93% and a specificity of 87%, 

highlighting the potential of this approach for identifying individuals with a 

history of concussions[115]. 

        3.4.3 Monitoring strategies 

The public sentiment about SRC was studied on Twitter during the 2018 FIFA 

World Cup. The tweets were divided into positive, neutral and negative. 

Tweets were analyzed by a DL model and 26% of them were negative, 

indicating ongoing public concerns despite previous efforts to improve 

concussion awareness and management[116]. 

Not all the head traumas are the same. Therefore, some authors conducted a 

study demonstrating that low-frequency kinematic features are typical for car 

crashes and other sports, while high frequency features are relevant for MMA 

impacts and others. The study through some ML techniques achieved an 
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accuracy of 96% to correctly identify and categorize different types of head 

impacts based on kinematic data[117]. 

Other management strategies involve the use of pulse parameters and wavelet 

transformations to classify true head impacts and false events. This study was 

conducted following six games of female’s rugby in the 21/22 season and a 

total of 214 head impacts were detected. The AUROC achieved by SVM was 

92%. Developing technologies to monitor athletes during games would give 

another option to prevent SRCs[118]. 

The use of mouthguards with embedded sensors is increasing and holds 

promise for improving head impact monitoring[119], [120], [121], [122], 

[123]. 

EEG data helps the monitoring process, some researchers showed that an SRC 

could be detected with EEG even after decades with a classification accuracy 

of 81%[124]. Another study underlined how even after a month after a 

concussion it is possible to detect functional deficits in athletes. The 

identification is led by persistent EEG abnormalities that might not be evident 

during a clinical assessment and without using ML[125]. 

Another study identified key risk and protective factors for SRC. The history 

of previous concussions significantly increased risk, while the absence of 

prior concussions was protective. Contact sports like football and rugby had 

higher concussion rates compared to non-contact sports such as swimming 

and golf. Female athletes were found to be at greater risk than males, aligning 

with previous research. Additionally, athletes with more baseline symptoms 

faced an increased likelihood of concussion during play[126]. 

Athletes with loss of consciousness or clear symptoms reported concussions 

faster. Delays were more common when symptoms were subtle. Schools with 

better resources and more athletic trainers had higher immediate reporting 

rates. While prediction accuracy was around 55.8%, adding institutional 

factors improved it to 62.6%, having more resources available and a clear 

prevention and monitoring policies. These findings highlight the need for 

better concussion awareness and stronger institutional support to encourage 

timely reporting[127].         
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        3.4.4 Prognosis 

Concussed athletes are at major risks of future injuries following an SRC 

(71%) compared to healthy athletes (51%). The classification of players at 

risk can be done by ML and it would be useful to offer personalized 

rehabilitation and RTP, potentially reducing re-injury risks. The tool that 

achieved best results in classifying athletes at high risk of injury was 

XGBoost with an accuracy of 91.9%[128]. 

Different authors mapped how different brain regions responded to impacts 

offering a clearer picture of injuries and severity. The accuracy achieved was 

88.7%, indicating that the ML method could enhance prognosis by identifying 

injury patterns associated with more severe outcomes[129]. 

Comparing MRI data with clinical questionnaires improves the prediction of 

headache improvement. Key structural MRI features, such as cortical 

thickness and curvature in some regions of the brain, differentiated patients 

with and without headaches. Early detection and good clinical assessment are 

important to avoid developing recurrent headaches. AUROC achieved 80.1% 

in three months, suggesting the strength of this tool[130]. 

Another study analyzed features of the entire voxel-wise white matter fiber 

strains of concussed athletes and healthy controls, finding patterns of white 

matter fiber strain that are characteristic of concussions. The accuracy was 

0.862 and the AI performed better than traditional scalar metrics[131].  

Recovery time is essential after an SRC, and the period varies considering 

other factors like symptoms. In one study ML was applied calculating 

recovery time. The findings suggest that females need a median longer 

recovery time after a concussion. Males needed a median recovery time of 21 

days and females of 26 days. Moreover, the rehabilitation should be 

personalized to optimize recovery time. The AUROC values was 84% for 

males and 78% for females[132]. 

After an SRC athletes report various symptoms and the most common ones 

are headache, dizziness and difficulty concentrating. In the other study of the 

section different types of ML were tested and RF was the best performer with 

an AUROC of 0.742. Differences in time recovery for males and females was 

also noticed in this study, suggesting how the approach should be 
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personalized by number of symptoms, results of neurological and gait exams 

and sex[133]. 

 

       3.5 Future Perspectives 

Future research should prioritize large, multicenter studies with external 

validation and harmonized methodologies. Combining multimodal data such 

as imaging, biomarkers, physiological monitoring, and clinical variables, into 

integrated AI frameworks may significantly improve diagnostic and 

prognostic accuracy. The development of explainable integrated AI models 

will be essential to foster trust and usability in clinical settings (Figure 9), the 

icons in the figure were gathered from Flaticon.com and were improved upon 

by AI. 

At the same time, attention must be given to ethical and practical challenges, 

including data privacy, algorithmic bias, and equitable access to AI 

technologies. Progress in this area will require strong interdisciplinary 

collaboration among clinicians, engineers, researchers, and policymakers. AI 

should ultimately serve as a tool to complement clinical judgment, enabling 

more accurate, timely, and individualized care for athletes with SRC. 

 

Figure 9:Overview of current capabilities and limitations of AI in the field of SRC. 
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       3.6 Conclusions  

This scoping review investigated the current applications of AI in the context 

of SRC, focusing on key domains such as diagnosis, neuroimaging, 

monitoring strategies, and prognosis. The included studies demonstrate that 

AI-based methods, spanning from traditional ML models to advanced DL 

architectures, can enhance diagnostic accuracy, identify subtle physiological 

alterations, and support more personalized clinical decision-making. In 

several areas, particularly EEG analysis, speech assessment, and wearable 

sensor data, AI consistently outperformed conventional methods in terms of 

sensitivity, specificity, and predictive performance. 

Despite these encouraging findings, the integration of AI in SRC management 

remains at an early stage. Many studies were limited by small sample sizes, 

lack of external validation, and methodological heterogeneity, which hinder 

their translation into clinical practice. More robust and standardized study 

designs are needed to confirm the effectiveness and reliability of these tools. 
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             Table X: mesh terms and search strategy. 

 

#1    MeSH descriptor [algorithms] 

#2    Algorithm*[Title/Abstract] 

#3    MeSH descriptor [ai artificial intelligence] 

#4    "Artificial Intelligence"[Title/Abstract] 

#5    "Decision tree*"[Title/Abstract] 

#6    MeSH descriptor [clinical decision support systems] 

#7    "decision support system*"[Title/Abstract] 

#8    "Computer Assisted"[Title/Abstract] 

#9    MeSH descriptor [decision making, computer assisted] 

#10   MeSH descriptor [decision support technique] 

#11   MeSH descriptor [decision support technics] 

#12   MeSH descriptor [decision support technic] 

#13   decision support technique[MeSH Terms] 

#14   "Decision Support Techniques"[Title/Abstract] 

#15   "machine learning"[Title/Abstract] 

#16   MeSH descriptor [machine learning] 

#17   "prediction algorithm"[Title/Abstract] 

#18   "prediction model*"[Title/Abstract] 

#19   MeSH descriptor [model, neural network] 

#20   MeSH descriptor [models, neural network] 

#21   MeSH descriptor [neural network model] 

#22   "neural network"[Title/Abstract] 

#23   "deep learning"[Title/Abstract] 

#24   "computational intelligence"[Title/Abstract] 

#25   MeSH descriptor [machine intelligence] 

#26   "machine intelligence"[Title/Abstract] 

#27   "big data"[Title/Abstract] 

#28   "k-nearest neighbour"[Title/Abstract] 

#29   MeSH descriptor [decision support systems, clinical] 

#30   MeSH descriptor [clinical decision support systems] 

#31   MeSH descriptor [decision support models] 

#32   "random forest"[Title/Abstract] 
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#33   "support vector machine*"[Title/Abstract] 

#34   MeSH descriptor [support vector machine] 

#35   MeSH descriptor [support vector machines] 

#36   SVM[Title/Abstract] 

#37   Xgboost[Title/Abstract] 

#38   "extreme gradient boosting"[Title/Abstract] 

#39   adaboost[Title/Abstract] 

#40   "gradient boosting machine"[Title/Abstract] 

#41   MeSH descriptor [least squares] 

#42   MeSH descriptor [least squares analyses] 

#43   "least squares"[Title/Abstract] 

#44   "stepwise regression*"[Title/Abstract] 

#45   #1 or #2 or #3 or #4 or #5 or #6 or #7 or #8 or #9 or #10 or #11 or #12 

or #13 or #14 or #15 or #16 or #17 or #18 or #19 or #20 or #21 or #22 or #23 

or #24 or #25 or #26 or #27 or #28 or #29 or #30 or #31 or #32 or #33 or #34 

or #35 or #36 or #37 or #38 or #39 or #40 or #41 or #42 or #43 or #44 

#46   MeSH descriptor [concussion] 

#47   concussion[Title/Abstract] 

#48   "mild traumatic brain injury"[Title/Abstract] 

#49   MeSH descriptor [mild traumatic brain injury] 

#50   #46 or #47 or #48 or #49 

#51   #45 AND #50 
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