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Abstract 

 

Around 1% of the population worldwide suffer from epilepsy, a condition which is 

characterized by recurring seizures. The development of reliable biomarkers for both prediction 

and targeted treatment of seizures is critical, as they can pave the way towards personalized 

therapy in epilepsy. In addition, sensitive biomarkers can be utilized for the detection of 

epilepsy in its early stages and allow for early treatment intervention. Various types of 

biomarkers have been studied in relation to epilepsy, with blood markers emerging as major 

candidates. Blood biomarkers offer the benefit of being cost and time efficient, in addition to 

being less invasive to sample in contrast to cerebrospinal fluid markers. Importantly, they can 

enhance patient diagnosis and prognosis when supplemented with other diagnostic methods, 

such as EEG. In this pilot study, five blood biomarkers of brain injury are studied in epilepsy, 

post-stroke epilepsy and single seizure patients. The aim is to analyze whether S100B, NSE, 

GFAP, NfL and tau are promising indicators of epilepsy after a first seizure in adults. The 

results present S100B as the most promising biomarker, with potential to predict early epilepsy.  
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Figure 1: Classification of Seizure Types based on the International League Against 
Epilepsy, 2017. Diagram created using BioRender (biorender.com). 

 

1. Introduction 

 

Epilepsy is a chronic brain condition characterized by abnormal hyperexcitation of neurons 

which cause recurring seizures. It is one of the most common neurological disorders, affecting 

over fifty million individuals worldwide (Anwar et al. 2020). As per the International League 

Against Epilepsy (ILAE), a diagnosis of epilepsy can be made when one of the following 

conditions is met: (1) a minimum of two unprovoked seizures that manifest at least 24 hours 

apart; (2) one unprovoked (or reflex) seizure and a probability of further seizures similar to the 

general recurrence risk after two unprovoked seizures, occurring over the next 10 years; (3) a 

diagnosis of an epilepsy syndrome (Fisher et al. 2014). The ILAE classifies epilepsy into four 

types: focal, generalized, combined generalized and focal, as well as unknown (Figure 1). Focal 

epilepsy represents repetitive seizures that are restricted to one hemisphere of the brain, while 

generalized epilepsy affects both hemispheres. Combined generalized and focal describes the 

condition in which both generalized and focal seizures are experienced, and these generally 

occur in infants and children with severe epilepsy. Unknown epilepsy is the term given to 

patients who have an unknown onset type or cannot determine seizure type due to inadequate 

clinical information (Sarmast et al. 2020, Scheffer et al. 2017). While recurring seizures is the 

primary symptom pertaining to epilepsy, patients often suffer from other cognitive and 

psychiatric problems in conjunction with seizures. A single seizure alone can already cause 

behavioral and cognitive abnormalities due to alterations in neural development. Despite the 

increase in public awareness and understanding, persons with epilepsy continue to be subjected 

to social stigmatization (Anwar et al. 2020).  
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1.1. Pathophysiology 

Epileptogenesis describes the process of a normal brain undergoing structural and functional 

changes which leads to an increased susceptibility to seizure activity. The exact mechanisms 

that define the pathogenesis of epilepsy remain unclear, with evidence suggesting the cause is 

multifactorial (Kobylarek et al. 2019a). Imbalances between excitation and inhibition are 

believed to play an essential role in epileptogenesis, with studies often implicating two 

neurotransmitters: γ-aminobutyric acid (GABA) and glutamate. Neuronal hyperexcitability in 

epilepsy has been attributed to an increase in glutamate excitatory transmission in concordance 

with reduced GABA mediated inhibition (Anwar et al. 2020). Apart from the glutamatergic 

system, several hypotheses have also proposed disruption to the blood-brain barrier (BBB), 

neurodegeneration, oxidative stress and epigenetic changes as contributing factors to 

epileptogenesis (Kobylarek et al. 2019a). A vast number of studies have also associated 

neuroinflammation with epilepsy and suggest that certain inflammatory molecules play a hand 

in seizure generation (Vezzani et al. 2011).  

 

1.2. Diagnosis and Treatment 

Epileptic seizures are diagnosed based on patient history, neurologic examination, genetic 

testing, and findings from various imaging techniques. These techniques include 

electroencephalography (EEG), magnetic resonance imaging (MRI) and computed 

tomography (CT) scan. EEG is used for the detection of abnormal electrical activity such as 

focal spikes or diffuse bilateral spike waves. Since the occurrence of epileptiform abnormalities 

differ between states of consciousness, an EEG is conducted during wakefulness, drowsiness 

and while asleep (Stafstrom & Carmant 2015). When making clinical evaluations, CT and MRI 

are often used in junction with EEG. MRI is usually favored over CT due to its enhanced 

sensitivity, with structural MRI used as the primary neuroimaging tool when identifying 

epileptogenic lesions (Stafstrom & Carmant 2015, Anwar et al. 2020). Treatment of epilepsy 

commonly begins with monotherapy of an anti-epileptic drug (AED) which is chosen in 

accordance with seizure type. Once patients have been seizure free for at least two to five years, 

discontinuation of medication can be considered. Patients with drug-resistant epilepsy (DRE) 

who are not able to control their seizures with AEDs are referred to alternative treatments. 

These include surgical removal of seizure focus, brain neurostimulator implants and ketogenic 

diets (Liu G et al. 2017).  
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1.3. Biomarkers in Epilepsy 

According to the WHO, biomarkers are defined as “almost any measurement reflecting an 

interaction between a biological system and a potential hazard, which may be chemical, 

physical or biological” (World Health Organization & International Programme on Chemical 

Safety 1993). Biomarkers are therefore indicators of normal biological processes, pathogenic 

processes, or pharmacologic responses to a therapeutic intervention as per the National 

Institutes of Health (NIH) (Walker et al. 2016). The identification of valid biomarkers in 

epilepsy is highly desirable for predicting the onset of an epilepsy condition, monitoring 

disease progression and determining pharmacoresistance (Engel et al. 2013). 

 

Potential biomarkers of epilepsy range between imaging, electrophysical measurements, 

changes in gene expression and metabolites in blood or tissues (Engel et al. 2013). The two 

primary categories that these biomarkers fall under are diagnostic and prognostic markers. 

Diagnostic markers are helpful for the detection or confirmation of an epileptic condition, while 

prognostic markers allow for predictions to be made regarding severity of epilepsy, speed of 

disease progression and the development of comorbidities (Pitkänen et al. 2016). It is also 

crucial to uncover the time frame in which a biomarker is expressed in connection to seizures, 

as well as the variations in its expression level before, during and after seizures. The sampling 

method is another significant factor to consider; markers sampled from cerebrospinal fluid 

(CSF) are rich in information but have the disadvantage of being highly invasive, restricting 

their usage both clinically and in clinical trials (Engel et al. 2013).  

 

Individualizing and optimizing treatment therapies is one of the main goals in biomarker 

development. As stated by Pitkänen et al., there is difficulty in designing suitable clinical trials 

in epilepsy largely due to the heterogeneity of epileptogenesis and recovery mechanisms of the 

brain after injury, which is found in even the most well-defined patient groups with epilepsy. 

The discovery of reliable biomarkers can therefore facilitate the stratification of individuals 

based on their predicted risk of epileptogenesis (Pitkänen et al. 2016).  
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1.4. Thesis Objective 

The aim of this thesis was to investigate the profile of brain injury biomarkers in a pilot study 

on patients with new-onset seizures using machine learning. Serum and plasma samples were 

collected from 73 patients after experiencing a first seizure, and were followed until a diagnosis 

of epilepsy, post-stroke epilepsy or a single seizure could be made. The biomarkers in this 

study comprise of S100 calcium-binding protein B (S100B), neuron-specific enolase (NSE), 

glial fibrillary acidic protein (GFAP), neurofilament light (NfL) and microtubule-associated 

protein tau. The absolute values of each marker have been quantified in a previous publication 

by our research group (Eriksson et al. 2021). The objective in this project was to assess 

differences in the profile of these biomarkers between patient groups, and whether they are 

indicative of epilepsy after a first seizure.  
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2. Literature Review: Blood-based Markers in Epilepsy 

 

2.1. Introduction 

The search for blood-based markers in epilepsy has generated a multitude of studies that 

implicate certain biochemical molecules as potential diagnostic and prognostic biomarkers. 

Despite these numerous findings, there are currently no validated biomarkers for epilepsy 

(Simani et al. 2020, Walker et al. 2016). Blood biomarkers are especially beneficial as they are 

both cost and time efficient, and less invasive to sample than CSF markers. The limited 

specificity of EEG further adds to the demand for these markers. When utilized in conjunction 

with other diagnostic methods, such as EEG, blood markers can provide significant aid in 

determining a patient’s diagnosis and treatment plan. In this review, the most promising blood 

markers of epilepsy are discussed. 

 

2.2. Inflammatory Molecules 

A growing collection of both clinical and experimental data has lent credence to the theory that 

inflammatory molecules form a major component in the development of epileptogenesis.  

Certain cytokines, among other inflammatory molecules, have become implicated after 

epileptic seizures (Vezzani et al. 2011). Local or peripheral injuries to the central nervous 

system lead to the release of inflammatory molecules and initiate a flow of inflammatory 

events. This may subsequently trigger individual seizures further contributing to the ongoing 

process of inflammation and eventually epileptogenesis (Kobylarek et al. 2019a). Further 

studies are required to consolidate this hypothesis, and address uncertainties regarding the role 

of inflammation at different stages of epileptogenesis and to what extent inflammation varies 

between patients and different epilepsy etiologies (Vezzani et al. 2011). 

 

2.2.1. Interleukin-1β (IL-1β) 

IL-1β, a proinflammatory cytokine, is usually found at low levels in the central nervous system 

(CNS). However, under certain conditions - such as active seizure or infection – it is elevated 

in the brain (Kobylarek et al. 2019b). In a mouse model of pediatric brain injury, increased 

levels of both IL-1β and IL-1 receptor were identified after traumatic brain injury (TBI) 

induction. Mice treated with IL-1Ra (the antagonist to the IL-1 receptor) had a decreased 

tendency to develop both seizures and cognitive impairments (Semple et al. 2017). The 

proconvulsive effects of IL-1β were also observed in seizure-induced rats, with exogenously 
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applied IL-1β prolonging seizure activity (Vezzani et al. 1999).  IL-1β and another pro-

inflammatory cytokine - high mobility group box 1 (HMGB1) - were also found to decrease 

the seizure threshold in two focal seizure models in rat cortical brain slices. The study 

suggested that IL-1β and HMGB1 could increase neuronal response to NMDA receptor 

activation, which is what led to a lowered threshold (Chiavegato et al. 2014). 

 

2.2.2. Interleukin-1 receptor antagonist (IL-1Ra) 

IL-1Ra blocks the actions of IL-1β by binding to the IL-1 receptor and therefore exerts an anti-

inflammatory effect. During seizures, IL-1Ra is induced after IL-1β and acts as a prominent 

anticonvulsant (Youn Y et al. 2013). A study on limbic seizures in rodents observed IL-1Ra to 

be elevated after IL-1β, IL-6 and TNF-a reached their peak. They also noted that the molar 

ratio of IL-1Ra to IL-1β was 1:1 in the rodent brain. Conversely, during peripheral 

inflammation, IL-1Ra is found in excess (by 10-100-fold) compared to IL-1β, with IL-1Ra 

expression also occurring simultaneously to IL-1β expression instead of after. This implies that 

the brain may not be as quick and effective at hindering IL-1β compared to the periphery 

(Vezzani et al. 2002).  In neonatal seizures IL-1Ra induction was observed to be unstable as it 

was continuously inactivated, and its concentration dropped significantly within 48-72 hours 

of seizure attack. This was assumed to be a characteristic of neonatal seizures indicating that 

the neonatal period was more susceptible to seizures (Youn Y et al. 2013)(Youn YA et al. 

2012a). 

 

2.2.3. Interleukin-6 (IL-6) 

IL-6 is a key cytokine involved in controlling various immune reactions and responses. IL-6 

levels above baseline are generally found in patients after seizure, but these levels strongly vary 

depending on the magnitude of the seizure (Kobylarek et al. 2019b). Lehtimäki et al. noted that 

IL-6 levels were increased in patient groups with recurrent generalized tonic-clonic seizures 

(GTCS) and single GTCS. However, IL-6 levels were significantly higher in recurrent GTCS 

patients, who experienced stronger epileptic activity (Lehtimäki et al. 2004). Another study 

conducted a meta-analysis on IL-6, and also determined that IL-6 plasma concentration was 

elevated in patients with temporal lobe epilepsy (TLE) and extra-TLE in contrast to control 

subjects (Yu et al. 2012).  
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2.2.4. Tumor necrosis factor alpha (TNF-α) 

TNF-α is a chief player in signaling related to necrosis and apoptosis, via modulation of the 

receptors p55 and p75. Studies present TNF-α as having both anti and pro-convulsive effects; 

one knock-out study on mice associated this contrast with the p55 and p75 receptors. Mice that 

lacked p75 (or both p75 and p55) demonstrated enhanced epileptic activity when injected with 

kainite, while mice deficient in p55 showed a reduction in seizures (Balosso et al. 2005). 

Interestingly, another study suggested that the convulsive effects of TNF-α may be 

concentration dependent. Mice treated with Shigella dysenteriae were administered the pro-

convulsant pentylenetetrazol. At low concentrations, TNF-α exhibited a pro-convulsive effect, 

while a higher concentration exercised an anti-convulsive effect in mice (Yuhas et al. 2003). 

While there are limited clinical findings of the relation between TNF-α and epilepsy in humans, 

research on animal models imply that it may play an important role in seizure development and 

prevention.  

 

2.2.5. Cyclooxygenase 2 (COX-2) 

COX-2 is a membrane-associated protein catalyzing the formation of prostaglandins. COX-2 

is induced rapidly in the brain at elevated levels after seizure and observed to also increase the 

chances of having recurrent seizures (Rojas et al. 2014). The pathway resulting in the synthesis 

of prostaglandin E2 (PGE2) was found to encourage epileptogenesis, as it has excitatory 

effects. A study in membrane-bound PGES-1 knock out mice demonstrated a low production 

of PGE2 which led to enhanced neuronal survival after pentylenetetrazole (PTZ) injection, 

compared to wild type (WT) mice that instead showed a sudden increase in severity of seizures 

(Shimada et al. 2014). Additionally, the activation of only one PGE2 receptor aggravated the 

rapid increase of both IL-1b and IL-6 while downregulating TNF- α and IL-10, implying that 

the balance between pro- and anti-inflammatory molecules is interfered with (Rojas et al. 

2014). 

 

2.2.6. Interleukin-8 (IL-8) 

IL-8 is a chemokine involved in attracting neutrophils in inflammation. In patients with 

refractory epilepsy, IL-8 is significantly increased in the serum and CSF after seizures. This 

includes focal, generalized tonic-clonic, myoclonic, atypical absence and typical absence 

seizures (Li G et al. 2011). In neonatal seizures, IL-8 was reported to increase within 24 hours 

and remained at elevated levels 48-72 hours after seizure onset. If detected within the 72 hour 
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time frame, IL-8 has potential to serve as a biomarker for early detection of brain injury (Youn 

Y et al. 2013). IL-8 concentration may also be connected to both seizure frequency and severity 

in TLE, extra-TLE and idiopathic generalized epilepsy (Wang Y et al. 2015).   

 

2.2.7. Interleukin-10 (IL-10) 

The anti-inflammatory cytokine IL-10 reduces the influx of pro-inflammatory molecules 

during inflammation by deactivation of macrophages. IL-10 was reported as increasing its 

concentration twofold in neonatal seizure patients compared to controls after 24 hours of 

seizure onset. While levels dropped within 72 hours, they still remained significantly more 

elevated in the seizure group implying that IL-10 has a protective role to counteract the 

convulsive effects of pro-inflammatory cytokines (Youn Y et al. 2013, Youn YA et al. 2012b). 

Elevated levels of IL-10 were also implicated in TLE patients, however, patients with 

hippocampal sclerosis (HS) in TLE presented a chronically reduced level of plasma IL-10, 

suggesting that the inflammatory response is lacking when HS is also present. Additionally, 

IL-10 production still faced a decrease in TLE patients when duration and severity of TLE 

seizures was increased. IL-10 can therefore be highlighted as a biomarker for both stratifying 

TLE patients with HS from other epilepsies and act as a marker for epileptogenesis (Basnyat 

et al. 2020).  

 

2.3. Brain Injury Markers 

 
2.3.1. Neurofilament light chain (NfL) 

Neurofilaments are structural proteins involved in neuronal scaffolding and are released into 

the CSF and blood stream as a consequence of neuroaxonal damage (Evers et al. 2020). The 

development of high sensitivity assays has allowed for the reliable detection of neurofilament 

light chain in blood samples, which was previously limited to the CSF (Fyfe 2019). While NfLs 

are recognized as markers of several neurodegenerative diseases, there is a lack of studies 

examining the relevance of serum or plasma NfL in epilepsy (Loeffler et al. 2020). Paediatric 

patients with febrile seizures did not present increased serum NfL in the postictal state, but 

demonstrated a correlation to gender and age (Evers et al. 2020). Since febrile seizures are 

generally considered benign, it could be argued that they may not exert a significant amount of 

neuroaxonal damage to cause pathological increases in NfL (Xixis et al. 2021). Patients with 

post-stroke epilepsy had a significant increase in serum NfL as opposed to patients with a single 
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seizure. Epilepsy patients also presented a slight increase in NfL, but not to a significant level. 

NfL could therefore be implicated as a marker of seizure burden or severe brain injury 

(Eriksson et al. 2021).  

 
2.3.2. Neuron-Specific Enolase (NSE) 

NSE is an isoenzyme of the glycolytic enzyme enolase, localised primarily in neurons and 

peripheral neuroendocrine cells (Isgrò et al. 2015). NSE is considered a highly sensitive marker 

of brain damage after stroke, trauma and cerebral hypoxia, and is often used to assess the degree 

of brain injury (Büttner et al. 1999a). Serum NSE was elevated in critically ill patients with 

seizures, and correlated to seizure frequency – the highest serum levels of NSE were detected 

in status epilepticus patients (Shaik et al. 2019). Patients who experienced a single tonic-clonic 

seizure were also found to have significantly increased serum NSE compared to syncope and 

control groups (Lee et al. 2010). In adults with new-onset epilepsy, there was no observable 

difference between groups (Eriksson et al. 2021). There seems to be some controversy 

regarding serum NSE’s use as a diagnostic marker of epilepsy, as a comparison study between 

persons with epilepsy and psychogenic attacks also did not present any statistically significant 

increases in serum NSE (Willert et al. 2004). The variations in findings seem to be mainly 

related to NSE’s relationship with type or duration of seizure, as reflected by Chang et al. who 

found that while NSE serum levels were not substantially different between TLE and control 

groups, they did find higher serum NSE levels in patients with higher seizure frequency (Chang 

et al. 2012, Büttner et al. 1999b).  

 

2.3.3. Glial Fibrillary Acidic Protein (GFAP) 

The brain specific GFAP is a type III intermediate filament protein, primarily expressed by 

astroglia cells (Simani et al. 2018). Children with new-onset epilepsy, in particular epileptic 

spasms, had significantly higher serum concentrations of GFAP within 24 hours of a seizure 

episode (Zhu M et al. 2018b). Another paediatric study also found circulating levels of GFAP 

to be significantly higher in epilepsy, especially in individuals with generalized and active 

seizures. GFAP was strongly correlated to  the  severity of seizures in the previous six months 

and considered a predictor for active seizures to monitor disease progression and severity 

(Elhady et al. 2021). In adults, serum GFAP was also significantly higher following epilepsy 

than psychogenic attack, however, the findings did not show a correlation to seizure frequency 

or duration (Simani et al. 2018). An added benefit of GFAP is its longer half-life over other 

biomarkers, providing a longer time frame to sample blood after a seizure (Simani et al. 2018).  
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2.3.4. Microtubule-associated Tau Protein (Tau) 

Tau proteins are predominantly expressed in neurons and are involved in axonal transport by 

stabilizing the structure of microtubules (Schraen-Maschke et al. 2008). There is a scarcity in 

information that clarifies the use of serum tau in epilepsy, with most studies focused on CSF 

tau. The findings have also been rather inconsistent, with Palmio et al. observing no statistically 

significant changes in CSF tau in epilepsy while another study implicated CSF tau as a 

biomarker for determining the severity of status epilepticus and prognosis (Palmio et al. 2009, 

Monti et al. 2015). Serum tau in new-onset epilepsy did not display any remarkable changes 

in comparison to controls, implying it may not be a suitable marker in early epilepsy (Eriksson 

et al. 2021). Seizures have also been associated with an accumulation of hyperphosphorylated 

tau in the brain; a study by Tai et al. found hyperphosphorylated tau in patients with refractory 

epilepsy (Tai et al. 2016).  

 

2.3.5. Ubiquitin carboxy-terminal hydrolase L1 (UCHL-1) 

UCHL-1 is a neuron-specific enzyme readily detected in the blood stream in response to 

neuronal death and BBB permeability (Mondello et al. 2012). Considerably higher plasma 

levels of UCHL-1 were detected in individuals with recurrent seizures and a strong correlation 

to age was reported. The study found that plasma UCHL-1 could be detected within 12 hours, 

but not 48 hours, after a seizure making UCHL-1 a prospective marker for determining seizure 

damage early on. Two important features of UCHL-1 are therefore its early detection and long 

half-life in serum (Mondello et al. 2012). Serum UCHL-1 also had a greater concentration in 

epilepsy patients over controls and psychogenic non-epileptic seizure patients, however, did 

not correlate to seizure frequency, type or duration (Asadollahi & Simani 2019). This comes 

in agreement with Yasak et al. who also did not find a correlation to seizure duration (Yasak 

et al. 2020).  

 

2.4. Blood Brain Barrier Dysfunction 

A prominent characteristic of brain injury is the dysfunction of the blood brain barrier (BBB). 

Disturbances to the BBB can occur either by direct insult to the endothelium or by systemic 

factors. Such factors involve the activation of leukocytes as well as the release of inflammatory 

molecules that increase BBB permeability. Alterations observed in the BBB, after events such 

as brain insult or seizure, have therefore been linked to inflammation (Kobylarek et al. 2019b). 
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One study observed that IL-1β and interleukin 1 receptor type 1 (IL-1R1) immunoreactivity 

surrounding blood vessels of microvasculature, were detected in the same areas as serum 

albumin leakage in models of TLE in rats. This leakage can lead to chronic neuronal 

hyperexcitability and result in the entry of adaptive and innate immune cells into the brain, 

further propagating any ongoing inflammation (Ravizza et al. 2008).  

 

2.4.1. Transforming growth factor beta (TGFβ) signaling 

When serum albumin is extravasated into the cerebral cortex microenvironment, it promotes 

the activation of TGFβR, initiating a signaling cascade in astrocytes. Canonical TGFβ signaling 

is triggered when albumin binds to TGFβR2 and eventually leads to dysfunctional astrocytes, 

neuroinflammation, downregulation of GABA-related genes and excitatory synaptogenesis 

(Bar-Klein et al. 2017). Several studies have demonstrated that suppressing TGFβ in albumin 

induced rat brains lowered the probability of developing epileptogenesis (Ivens et al. 2007, 

Cacheaux et al. 2009). The activity of TGFβ1 was found to be both neuroprotective and 

harmful in certain studies; while displaying protective activity in glutamate neurotoxicity and 

ischemic injury, transgenic mice developed seizures when overexpressing TGFβ1. The 

intricacy of the TGFβ pathway in neurological disorders highlights the need to expand on our 

understanding of the pathway and mechanisms connecting TGFβ signaling and seizures 

(Cacheaux et al. 2009).  

 

2.4.2. Metalloproteinase 9 (MMP-9) 

MMPs encompass a large family of zinc-dependent proteinases, involved in the remodelling 

of the extracellular cell matrix. MMP-9 appears to play a critical role in the pathogenesis of 

epilepsy as it has been linked to impaired plasticity of the synapse and mossy fibre sprouting, 

both of which are thought to contribute to the creation of a new epileptic focus. MMP9 is also 

linked to BBB disruption, which reduces the seizure threshold (Konopka et al. 2013). Although 

there is a lack of human studies concerning MMP9 and epilepsy, Meguid et al. showed that 

MTLE patients had marked increases in MMP-9 levels which correlated with seizure severity 

(Meguid et al. 2018). A similar finding was reported in patients with tonic-clonic seizures 

(Cudna et al. 2017). Children with acute encephalopathy following prolonged febrile seizures, 

also exhibited a high serum MMP9 level as well as an increased MMP9/TIMP-1 (tissue 

inhibitor of metalloproteinases 1) ratio implicated in BBB dysfunction (Suenaga et al. 2008). 
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2.4.3. S100 calcium binding protein B (S100B) 

S100B is a calcium-binding protein that is predominantly produced by astrocytes. S100B 

proteins have a role in a variety of physiological activities, including signal control and cell 

cycle progression. Since higher serum levels are frequently associated with brain damage and 

BBB breakdown, S100B has emerged as a valuable marker for these conditions (Liang et al. 

2019). Serum S100B has been implicated as a prognostic biomarker in focal seizure, in 

particular TLE in both adult and pediatric patients (Maiti et al. 2018). Chang et al. also reported 

that pediatric patients with poorer cognitive performance and higher seizure frequency were 

associated with increased levels of S100B (Chang et al. 2012). Upregulated levels of S100B 

were also documented in studies related to intractable epilepsy; Calik et al. found that serum 

S100B was significantly higher in focal epilepsy patients than those with generalized epilepsy 

(Calik et al. 2014, Griffin et al. 1995). It has been suggested that blood levels of S100B are 

linked to age and gender; one study indicated that higher mean age led to reductions in serum 

S100B. Simani et al. also observed a strong connection between elevated serum S100B in 

children but not in adults (Liang et al. 2019, Simani et al. 2020). However, some studies did 

not find a remarkable difference in serum S100B levels and epilepsy, with one study even 

reporting a decrease in serum S100B in adult epilepsy patients compared to controls (Hamed 

et al. 2013, Sarı Doğan et al. 2013). These contradictory findings may be attributed to 

differences in inclusion criteria for age group and ethnicity. 

 

2.5. Oxidative Stress 

The connection between oxidative stress and epilepsy is a recent discovery, with an imbalance 

in free radical production and antioxidant levels thought to be a contributing factor to 

epileptogenesis by oxidative injury (Menon et al. 2012). By increasing neuronal 

hyperexcitability or modifying the structure of certain molecules, such as lipids and proteins, 

reactive oxygen species (ROS) may play a hand in epileptogenesis (Karaaslan & Tüzün 2019). 

Due to the brain’s high rate of oxygen consumption, it is particularly sensitive to excess 

amounts of ROS (Medina-Ceja et al. 2020). A collapse in brain energy production has been 

linked to changes in redox potential and a decreased level of ATP after status epilepticus (SE). 

Other studies have also attributed increased oxidative and nitrosative stress in mitochondria 

after persistent seizures (Aguiar et al. 2012). Oxidative stress is said to have a causal 

relationship with chronic inflammation, as it can activate transcription factors that express 
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inflammatory genes (Hussain et al. 2016). ROS plays a role in pro-inflammatory cytokine 

production and microglial activation during epilepsy (McElroy et al. 2017).  

 

Well studied markers of oxidative stress include the end products of lipid peroxidation, protein 

carbonyl groups and nitric oxide (Menon et al. 2012). A study by Menon et al. evaluated the 

levels of malondialdehyde (MDA), protein carbonylation (PC) and nitric oxide (NO). MDA, 

the end-product of lipid peroxidation, as well as PC were found at elevated levels in patients 

with epilepsy. In comparison, NO did not display any significant difference in levels between 

patient and control groups. NO presents contrasting evidence in its role in epilepsy, as some 

studies found it to be pro-convulsive, while others anti-convulsive (Menon et al. 2012). 

Another study in rats also demonstrated increased levels of lipid peroxidation, as well as nitrite 

formation, in the hippocampus, striatum and frontal cortex after SE (Freitas et al. 2004).  

 

2.5.1. High mobility group box 1 (HMGB1) 

HMGB1 stimulates the release of pro-inflammatory cytokines such as IL-1, IL-6 and TNF-α. 

The production of disulfide HMGB1 has been associated with oxidative stress and 

inflammation; this isoform of HMGB1 is believed to promote epileptogenesis. By binding to 

toll-like receptor (TLR) 4, which is abnormally released through neurons and astrocytes during 

epileptic seizures, disulfide HMGB1 triggers the NF-kB pathway to modulate the release of 

pro-inflammatory cytokines (Karaaslan & Tüzün 2019, Paudel et al. 2019 p. 1). Increased 

levels of HMGB1 were found in epilepsy patients and termed a significant predictor for 

diagnosis of epilepsy in children, alongside IL-1β. Moreover, HMGB1 is believed to hold a 

higher predictor accuracy for seizure frequency than IL-1β (Zhu M et al. 2018a p. 1). In a 

model of mesial temporal lobe epilepsy (MTLE) in rats and children, overexpression of 

HMGB1 and TLR4 was also reported. The study therefore concluded that both HMGB1 and 

TLR4 potentially play significant roles in the pathogenesis of MTLE (Yang et al. 2017).  

 

2.6. microRNA (miRNA) 

Epigenetic profiles have recently implicated miRNAs as potential players in the 

pathophysiology of epilepsy. A substantial amount of altered miRNAs have been identified via 

molecular profiling in the hippocampus of epileptic animal models and human tissues (Cava et 

al. 2018). These include miRNA-23a, -132, and -146a, as well as the p53 regulated miRNAs: 
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miRNA-34a, -21, 29a and -132 (Dixit et al. 2016). These miRNAs have been indicated in 

neuroinflammation, oxidative stress and apoptosis, as outlined in this review.  

 

2.6.1. miRNA in Neuroinflammation 

The expression patterns of TNF-α and miRNA-155 were investigated and found to be 

significantly elevated in an immature rat model of SE and in children with MTLE. The result 

implies a direct relationship between TNF-α and miRNA-155 as both have an analogous 

expression pattern in all stages of MTLE progression, thus targeting the TNF-α /miRNA-155 

axis may act as a potential therapeutic strategy for MTLE (Ashhab et al. 2013). In a rat model 

of TLE and in human TLE, miRNA-146a was upregulated and is believed to mitigate 

inflammation by regulating NF-kB, IL-1 and interferon alpha (INF-a) expression after an 

epileptic event (Wang J & Zhao 2021). Upregulation of miRNA-146a has also been observed 

to increase seizure susceptibility by increasing levels of IL-1β in chronic TLE causing the 

downregulation of complement factor H (CFH) (He F et al. 2016)(Li T-R et al. 2018). Li et al. 

state that regulating the miRNA-146a complement factor H-IL-1β loop circuit could be 

presented as a possible approach for TLE treatment (Li T-R et al. 2018). Furthermore,  

miRNA-132 expression was also found at increased levels in the hippocampus of patients with 

TLE, downregulating pro-epileptogenic factors such as IL-1β and COX-2 in human primary 

astrocytes (Korotkov et al. 2020).  

 

2.6.2. miRNA in Oxidative Stress 

Oxidative stress and miRNA play an interlinked role in various processes related to 

neurological diseases. The expression levels of miRNAs are strongly influenced by oxidative 

stress, with miRNAs also controlling genes involved in oxidative stress response (Wang J & 

Zhao 2021). In a kainic acid (KA) induced TLE mouse model, miRNA-23a was upregulated 

after SE in the hippocampus, followed by oxidative damage. Inhibition of miRNA-23a 

improved memory impairment in TLE mice and lowered hippocampal oxidative stress (Zhu X 

et al. 2019). In addition, miRNA-129-5p has been shown to inhibit the progression of 

autoimmune encephalomyelitis (AE)-related epilepsy in a rat model by suppression of HMGB1 

and the TLR4/NF-kB signalling pathway. When miRNA-129-5p was inhibited, the increase in 

HMGB1 expression led to increased neuronal injury as the TLR4/NF-kB pathway was 

activated (Liu et al. 2017).  
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2.6.3. miRNA in Apoptosis 

Recurring seizures are a cause of neuronal apoptosis, with declining cell numbers facilitating 

the reorganization of synapses between neurons; this leads to the formation of abnormal 

synaptic loops (Wang J & Zhao 2021). miRNA-421 plays a part in cell proliferation by 

targeting MYD88 thus downregulating the TLR/MYD88 pathway involved in cell apoptosis. 

A mouse model of epilepsy reported that an overexpression of miRNA-421 led to a decline in 

apoptosis rate, implicating miRNA-421 as a target for treatment in epilepsy (Wen et al. 2018). 

Various studies have reviewed miRNA-34a’s involvement in epilepsy, and determined it is a 

seizure regulated miRNA involved in p-53 dependent apoptosis (Sano et al. 2012). Increased 

levels of pro-apoptotic miRNA-34a were detected in a rat model in the days after SE induction 

as well as two months after TLE in another rat model. Using a miRNA-34a antagomir, the 

activity of miRNA-34a was hindered, subsequently blocking the expression of activated 

caspase-3 protein. This was believed to contribute to an increase in neuronal survival and 

reduction in apoptosis (Hu et al. 2012). miRNA-21 demonstrated the opposite effect in a rat 

model; namely promoting apoptosis by enhancing expression of caspase-3 and other pro-

apoptotic proteins like caspase-9 and Bax, as well as the p53 pathway. Moreover, miRNA-21 

plays a hand in upregulating various pro-inflammatory factors including IL-1b, IL-6 and TNF-

α (Haiqiong Lv, Zhichao Zhou 2020 p. 21).  

 

2.7. Conclusion 

Blood biomarkers present themselves as useful, non-invasive tools for diagnosis and prognosis 

of various epilepsy conditions. The most studied markers were summarized in this review, and 

mounting evidence has demonstrated their potential as biomarkers of epilepsy as well as 

seizure burden. Future studies will need to shift focus on categorizing these biomarkers under 

epilepsy type, as not all biomarkers are applicable for all epileptic conditions. Marker levels 

should also be studied at different time intervals and the time frame in which they can be 

observed at elevated levels. Further research should aim to establish a panel of biomarkers 

specific to epilepsy condition which could eventually facilitate the development of 

personalized therapy and tailor treatment to a patient’s individual biomarker profile (Engel et 

al. 2013). 
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3. Methodology 

 

The dataset used in this project originates from a pilot study on the biomarker values of S100B, 

NSE, GFAP, NfL and tau in adult patients with new-onset seizures. Machine learning methods 

were applied on the dataset to investigate whether differences between patient groups could be 

found, and which of the five biomarkers have potential as markers of epilepsy. The methods 

incorporated in this study include a classification analysis, adjusting class imbalance in the 

dataset, feature importance, principal component analysis and constructing a logistic regression 

model that integrates Bayesian inference. Statistical analysis was also conducted at the end. 

 

3.1. Background 

 
3.1.1. Classification and Overview of Machine Learning Algorithms 

A classification analysis is the process of identifying and dividing data into various categories. 

A binary classification involves separating input data into two classes: a positive and a negative 

class. Several algorithms – also known as ‘classifiers’ – exist to make predictions on the 

likelihood of input data falling under one of the two classes (Netoff 2019). In this project, four 

different classifiers were implemented on the dataset and evaluated based on their ability to 

separate patients with epilepsy and post-stroke epilepsy (PSE) (class I) from patients with 

single seizures (class II). The classifiers comprise of random forest, extreme gradient boosting, 

support vector machine and multi-layer perceptron. The dataset is separated into two sets: a 

training set and a test set. The classifier models undergo supervised learning on the training set 

where the algorithm is trained on what the desired outputs are for each input. The models are 

then blinded to the training set and, based on what they learn during training, are evaluated on 

the test set.  

 

To measure the classifiers’ ability of differentiating between the classes, area under curve 

(AUC) of receiver characteristic operator (ROC) and the F1-score were used as evaluation 

metrics. ROC represents the trade-off between sensitivity and specificity while AUC 

summarizes the ROC curve and reveals the degree of separation a classifier achieved (Netoff 

2019). The F1-score is also a measure of accuracy and is generated by calculating the mean of 

precision and recall (Kulkarni et al. 2020). Although ROC AUC is considered a critical 
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measure of model performance, the F1-score overcomes problems associated with class 

imbalances (Netoff 2019).  

 

3.1.1.1. Random Forest 

Random forest (RF) is a supervised machine learning model based on the decision tree 

algorithm. A decision tree is similar to a flow chart and is composed of nodes that symbolize a 

certain characteristic and branches that represent the range of possible outcomes. RF combines 

the outcomes of multiple decision trees, thereby outperforming decision trees in accuracy and 

avoids overfitting the data (Ali et al. 2012). Jointly referred to as bagging, RF employs 

bootstrapping and aggregation when training decision trees (Misra & Li 2020). Bootstrapping 

ensures a low variance across the whole forest by random sampling of data points, and the 

predictions generated by each tree are then aggregated. RF demonstrates good generalization 

and derives its strength from building an ensemble of “weak learners” (single decision trees) 

to create one “strong learner” (Will Koehrsen 2018, Shrivastava et al. 2020).  

 

3.1.1.2. Extreme Gradient Boosting (XGBoost) 

The XGBoost algorithm is based on the gradient boosting machine (GBM) which is an 

ensemble-based model that iteratively combines single decision trees. Unlike random forest 

which grows trees in parallel, XGBoost cultivates trees sequentially. New models are 

successively fitted based on the information from the previous model to establish a better 

estimate of the response variable. This allows for each new tree to learn from the mistake made 

by the previous tree (Natekin & Knoll 2013). 

 

3.1.1.3. Support Vector Machine 

The support vector machine (SVM) is also commonly applied in classification tasks and fits a 

line, or “ hyperplane”, which acts as a decision boundary to separate the data points into two 

groups (Fei 2020). The data points closest to the hyperplane are termed 'support vectors' and 

are used in the search for an optimal hyperplane (Gudivada et al. 2016, Rohith Gandhi 2018). 

A perfect SVM analysis would produce two non-overlapping groups, however, as data is often 

noisy and target classes usually have some over-lapping data points, true separation is not 

always attainable. To allow for some misclassification, a cost parameter is used to generate a 

soft margin (i.e., less defined boundary between classes) to create a more accurate model, at 

the cost of lower generalization (Wikberg et al. 2011). 
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3.1.1.4. Multi-layer Perceptron 

The multi-layer perceptron (MLP) is based on the artificial neural network (ANN) algorithm, 

which is a non-linear, deep learning model built on the structure of biological neural networks. 

ANNs are comprised of a set of nodes – termed artificial neurons – which are organized in 

layers (Wikberg et al. 2011). The network setup consists of an input layer, one (or more) hidden 

layers and an output layer. Artificial neurons are connected to one another and hold an 

associated weight and threshold. A neuron becomes active once its output is above a certain 

threshold, allowing a signal to be passed along to the next layer (Choi et al. 2020). During 

model training, ANNs undergo backpropagation which involves fine-tuning the weights of the 

ANN based on the error rate of each artificial neuron. The output of the model is compared to 

the expected output and the error propagated back through the network, updating the weights 

as it passes each layer (Lillicrap et al. 2020, Lin et al. 2015 p.).  

 

3.1.2. SMOTE and SMOTE-Tomek 

When datasets have an imbalanced class distribution (there are more data points for one class 

than the other) over-sampling or under-sampling techniques can be used to adjust the 

distribution. The dataset used in this project had a larger number of patients with epilepsy and 

PSE (majority class) than single seizures (minority class) creating a class imbalance. Synthetic 

minority over-sampling technique (SMOTE) creates synthetic samples using information 

available in the minority class. SMOTE therefore not only increases the size of the minority 

class, but also the variety of data points (Blagus & Lusa 2013, Raden & Andhika 2021). In 

some cases, under-sampling of the majority class has improved classifier accuracy; this 

approach is generally applied on large datasets, when there is an adequate number of datapoints 

in the minority class. Tomek-Links is one such under-sampling method that searches for data 

points in the majority class that have the lowest Euclidean distance with data in the minority 

class. These data points, also known as ‘Tomek links’ are then removed to improve the 

separation between the two classes (Raden & Andhika 2021). Combining over-sampling and 

under-sampling may sometimes yield an improved overall performance of the model compared 

to applying the sampling methods separately. Applying a modest amount of both techniques is 

believed to reduce bias on the majority class while also improving bias towards the minority 

class (Kurtis Pykes 2020). SMOTE-Tomek is a combined sampling method which balances 

the class distribution by applying SMOTE, then searches for ‘Tomek links’ and removes them 
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to improve the class separation (Batista et al. 2003). SMOTE and SMOTE-Tomek were applied 

on the dataset and the accuracy of the classifiers re-evaluated.  

 

3.1.3. Principal Component Analysis 

A principal component analysis (PCA) is a dimensionality-reduction technique often employed 

to condense the dimensionality on large datasets while maintaining most of the data’s variation. 

As the PCA is an unsupervised learning method it can be used for the discovery of patterns 

within the data, without the need of prior knowledge (Lever et al. 2017). A set of variables in 

the data are transformed into lower dimensions called principal components (PCs) that still 

retain the majority of information (Wikberg et al. 2011). PCs are selected to minimize the 

distance between the data and their projection onto the PCA. The generated PCs are 

uncorrelated to one another, making them geometrically orthogonal to each other (Lever et al. 

2017).  

 

3.1.4. Bayesian Inference 

Bayesian inference is a method of statistical inference based on Bayes’ theorem and is used to 

determine the probability of an event. Bayes’ theorem is driven by the use of a prior belief or 

knowledge – often simply termed ‘prior’ – for calculating the probability of an event 

(Matsumori et al. 2018, van de Schoot et al. 2014). The three main components of Bayesian 

inference include the aforementioned ‘prior’, the likelihood and the posterior distribution. The 

prior is expressed by a function termed the ‘prior distribution’; prior distributions can be 

informative or uninformative and affect the posterior distribution. Informative priors are 

usually preferred as they provide more specific background information about the current data 

(Schulz et al. 2021). Non-informative priors are often vague, allowing the data to speak for 

itself, and are implemented when no or little prior information is available (van de Schoot et 

al. 2014). The likelihood function summarizes the observed evidence found in the actual data 

and, in cases where non-informative priors are used, exerts more influence over the posterior 

distribution (Bittl & He 2017). The posterior distribution is then created once the prior updates 

the current data (likelihood) and therefore reflects the now updated information we have on the 

data. The precision of the posterior distribution relies heavily on the prior information - a highly 

specific prior will generate a smaller posterior variance, and therefore provide better certainty 

about the results (van de Schoot et al. 2014, Schulz et al. 2021). In this thesis, Bayesian 
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inference was incorporated into a logistic regression model to assess whether prior knowledge 

improves the model’s accuracy.  

 

3.2. Methods 

 
3.2.1. Data 

The data analyzed in this project was obtained from a longitudinal pilot study on patients with 

new-onset seizures who were admitted to the department of neurology at Sahlgrenska 

University Hospital. The data was collected over a period of three years (June 2016 – June 

2019) and contains a total of 73 patients who were followed yearly until a diagnosis of epilepsy, 

post-stroke epilepsy or single seizure was made. Patients who had an unprovoked, first seizure 

and were over the age of 25 were included in this study. Non-consenting patients as well as 

progressive structural cerebral disease were both factors for exclusion.  

 

3.2.2. Blood Sampling and Biomarker Measurements 

Samples of blood were collected once, during a patient’s first visit, after experiencing a seizure. 

Plasma was stored in Ethylenediaminetetraacetic acid (EDTA) and centrifuged for 10 minutes 

at room temperature, while serum was collected in gel tubes. Samples were then stored at  

-80°C. Biomarker values were measured by board-certified laboratory technicians who were 

blinded to the clinical data. S100B and NSE serum were measured with the 

ElectroChemiLuminescence Immunoassay (ECLIA) on the Elecsys platform (Roche 

Diagnostics, Penzberg, Germany) while plasma GFAP, NfL and tau were measured with 

commercially available kits on a single molecule array (Simoa) HD-1 analyzer (Quanterix, 

Billerica, MA).  

 

3.2.3. Data Preparation 

The original dataset consisting of 73 patients was prepared for analysis by removing patients 

with unclassifiable data and patients with insufficient follow-up data. After preparation, the 

dataset was made up of 61 patients which was used in all subsequent analysis (Table 1). 

Features included for analysis were the biomarker values of S100B, NSE, GFAP, NfL and tau 

as well as gender and age. Patients diagnosed with epilepsy and post-stroke epilepsy were 

grouped together under the class name ‘epilepsy’ while patients who experienced a single 

seizure were assigned the class name ‘single seizure’. Programming was carried out in python 
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using PyCharm CE (version 2020.3.5). The complete code is available at 

https://github.com/Sarah-UU/Master-Thesis.  

 

Table 1: Summary of patient characteristics in the prepared dataset 

 All patients (N=61) Training cohort (N=40) Test cohort (N=21) 
Gender    
      Male 30 17 13 
      Female 31 23 8 
Age (range) 57 (25 – 89) 57 (25 – 89) 57 (26 – 88) 
Epilepsy 24 18 8 
PSE1 15 7 0 
Single seizure 22 15 13 

1 post-stroke epilepsy 

 

3.2.4. Training and Testing Set 

The prepared dataset was divided into a training set (67%) and a test set (33%). The training 

set was used to train the machine learning models on the expected output (i.e., which biomarker 

values were expected to fall under ‘epilepsy’ or ‘single seizure’). The test set remained 

unexposed to the models during training to ensure that the model would work efficiently on 

unseen data and would not overfit. After training, the models were assessed on the test set and 

their accuracy measured.  

 

3.2.5. Classification 

A binary classification analysis was applied on the dataset using four different machine 

learning algorithms. The classifiers comprised of random forest (RF), support vector machine 

(SVM), XGBoost (XGB) and an artificial neural network classifier called multi-layer 

perceptron (MLP). Classification is the process of predicting which class a given data point 

falls under; in this project, a binary classification was conducted on the features using the two 

class labels ‘epilepsy’ and ‘single seizure’. Before training the algorithms on the dataset, the 

features were rescaled into a standard range between 0 and 1 since the features did not share 

the same units. The classifiers then underwent training using data in the training set, and their 

efficiency measured on the test set using two evaluation metrics: ROC AUC and F1-score. 

 

3.2.6. Permutation Importance 

To assess the significance each feature exerted on the classifier models when making 

predictions, the permutation importance was calculated. The importance of a feature is 
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determined by calculating the prediction error of the model after permuting the feature. 

Permuting is defined by shuffling – if shuffling the values of a feature increases the prediction 

error of the model, it is considered important since it implies the model was dependent on the 

feature when making predictions. If the prediction error remains unchanged after shuffling, the 

feature is deemed unimportant. Although there is no set rule on whether to apply permutation 

importance on the training or test set, the test set is usually preferred since model error estimates 

tend to be unreliable in the training set (Molnar, Christoph 2019). The permutation score was 

applied on both the training and the test set, and the standard deviations for each feature were 

evaluated. Since the standard deviations were much higher on the test set, the training set was 

chosen to assess feature importance. 

 

3.2.7. SMOTE and SMOTE-Tomek 

Since the dataset had a class imbalance (39 ‘epilepsy’ to 22 ‘single seizure’ patients), 

techniques to adjust the class distribution were applied on the training set. The training set 

originally had an imbalance of 25:15 – the minority class (‘single seizure’) was over-sampled 

using SMOTE to reach a balanced ratio of 25:25 for both classes. The balanced training set 

was then used for training in all four classifiers and the ROC AUC score was measured. 

SMOTE-Tomek, a combination of over- and under-sampling, was also applied on the training 

set to obtain a ratio of 21:21. Again, the models were trained and evaluated on the test set.  

 

3.2.8. Principal Component Analysis 

A two-component PCA was performed to examine whether it would show separation between 

the two classes. Gender and age were excluded for the PCA and only biomarker values were 

included. The data was scaled to ensure that all variables had the same units and therefore were 

of equal importance. The features were then projected into two dimensions by fitting the data 

onto the PCA and generating two principal components. The PCA was visualized on a scatter 

plot. To calculate the percentage of variance defined by each component (i.e., the significance 

of each principal component) the explained variance ratio was calculated.  

 

3.2.9. Bayesian Inference 

To evaluate whether incorporating prior knowledge would improve model accuracy, a logistic 

regression model was combined with Bayesian inference. The prior information incorporated 

into this model included the mean biomarker values of S100B, NSE, GFAP, NfL and tau in 
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Alzheimer’s disease (AD) patients (Table 2). The model was updated with the dataset used in 

this project (the likelihood) to generate the posterior distribution. The Hamiltonian Monte 

Carlo algorithm called No-U-Turn Sampler (NUTS) was then used to draw samples from the 

posterior and the model was analyzed using the F1 score metric. 

 

The biomarkers investigated in this project are not as well studied in epilepsy as they are in 

other neurodegenerative diseases. For this reason, the prior information used in the model came 

from studies in AD. Biomarker values likely differ between AD and epilepsy, meaning the 

priors may not be completely reliable. As a comparison, another logistic regression model was 

created using non-informative priors allowing the dataset to speak for itself instead of relying 

on specific prior information.  

 
Table 2: Literature for biomarker values in Alzheimer’s disease used as priors 

Biomarker Literature Biomarker Value (mean ± SD) 
S100B (Chaves et al. 2010) 

 
0.08 ± 0.06 (µg/L) 

 
NSE (Chaves et al. 2010) 9.28 ± 3.86 (µg/L) 

 
GFAP (Oeckl et al. 2019) 376 (294 – 537) (pg/mL) 

 
NfL (de Wolf et al. 2020) 16 ± 12.9 (pg/mL) 

 
Tau (de Wolf et al. 2020) 2.6 ± 2.3 (pg/mL) 

 
 

3.2.10. Statistical Analyses 

Statistical analysis was performed with GraphPad prism software (version 9.2.0). To test for 

the normality of the distribution, a Shapiro-Wilk test was performed. Group comparisons 

between patients with epilepsy and PSE versus single seizures were made using an unpaired 

two-sample t-test with Welch’s correction, where values of p £ 0.05 were significant.  
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4. Results 

 

4.1. Classification of biomarker values 

A classification analysis was carried out to evaluate whether the machine learning models 

could successfully categorize the features under the correct class name: ‘epilepsy’ or ‘single 

seizure’. The performance of the classifiers was analyzed and the results presented in Table 3. 

Table 3: Performance metrics of the classification algorithms 

Classifier ROC AUC Score (%) F1-Score (%) 

RF 46 64 
XGB 57 71 
SVM 68 84 
MLP 61 76 

 

The SVM model exhibited the best performance out of all classifiers, with a ROC AUC score 

and F1-score of 68% and 84%, respectively. Based on the F1-score, the MLP and XGB models 

are somewhat reliable in classification, with the RF classifier presenting an overall low ability 

to discriminate. The F1-score may be a slightly more reliable metric for this dataset as it 

overcomes the problems associated with imbalanced datasets. The models in general do not 

demonstrate a high aptitude for differentiating the biomarker values between the class labels 

‘epilepsy’ and ‘single seizure’; however, the performance of the SVM, based on the F1-score, 

suggests that discriminating ability could possibly improve, perhaps on a larger dataset, and 

biomarker profiles indicative of epilepsy could be found. 

 

4.2. Importance of features during model training 

To assess the degree of influence each feature had on the models when making predictions 

during training, the permutation score was calculated (Figure 2).  
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Figure 2: Feature importance calculated as permutation score and ranked across all 
biomarkers. The features gender and age were also included. 
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S100B presented the highest permutation score across all classifiers indicating it had a strong 

impact during model training when the algorithms were learning how to separate between the 

two classes. Based on Figure 1, NSE had the smallest effect on the models, with NfL and GFAP 

also not leaving a major impression. Tau had a slightly higher effect than NSE, NfL and GFAP 

– while the permutation score was not necessarily as impactful as it was for S100B, the results 

suggest it may be somewhat indicative of epilepsy.  

 

4.3. Balancing class distribution 

To manage the imbalanced class distribution in the dataset, SMOTE and SMOTE-Tomek were 

applied. The ROC AUC score was calculated and presented in Table 4. 
 

Table 4: Over and under-sampling with classification algorithms 

Classifier  ROC AUC Score (%) 
 SMOTE SMOTE-Tomek 

RF 59.8 61.2 
XGB 59.4 60.8 
SVM 57.0 57.4 
MLP 52.8 50.8 

 

The performance of the RF classifier improved significantly upon oversampling, in contrast to 

the SVM which experienced a reduction in accuracy, similar to the MLP. A minor difference 

in model performance was observed between SMOTE and SMOTE-Tomek. The results 

suggest that the RF and XGB classifiers will likely perform better on a larger, balanced dataset 

and may detect patterns indicative of epilepsy. The same could be said for the SVM and MLP 

model, as their decrease in performance accuracy may be related to a heightened sensitivity 

towards synthetic data. As a comparison, Tomek-Links was applied to the dataset, however, as 

expected, there was a drastic reduction in performance since the dataset was rather small.   

 

4.4. Principal Component Analysis 

A two-component PCA was generated to examine whether it would present a separation 

between the two classes. The percentage of variance explained by each component was also 

measured and presented as an explained variance ratio. 
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The PCA did not indicate a clear separation between data points with the class labels ‘epilepsy’ 

and ‘single seizure’ (Figure 3). No patterns were discovered in the analysis which is reflected 

by the low explained variance ratio of 35% for PC1 and 21% for PC2. Based on the PCA, the 

biomarker values between the two class labels did not seem to differ significantly. 

 

4.5. Logistic regression model with Bayesian inference 

A logistic regression model combined with Bayesian inference was constructed to assess 

whether the use of prior information could be of benefit to model accuracy (Table 5). 

 

             Table 5: Evaluating a logistic regression model using Bayesian inference 

Priors Accuracy (%) 

Informative 70 

Non-informative 73 

 

The results between both informative and non-informative priors were relatively similar and 

demonstrated higher model accuracy compared to some of the earlier models which did not 

incorporate Bayesian methods (Table 3). Providing the model with background information – 

whether informative or non-informative – slightly improved the ability to separate between 

patients with epilepsy and PSE versus single seizures.  

 

 

Figure 3: Two-component principal component analysis with mapped 
features of biomarker values. 
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4.6. Statistical Analysis 

A comparison of mean biomarker values between patients with and without epilepsy was 

assessed using an unpaired two-sample t-test with Welch’s correction (Figure 4). S100B (p = 

0.0002) and NfL (p = 0.02) showed significant differences, while no significance was 

detected in the p-values of NSE, GFAP and tau.  
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Figure 4(a)(b)(c)(d)(e): Mean comparison of biomarker levels between patients with and without epilepsy 
using an unpaired two-sample t-test with Welch's correction that assumes unequal standard deviations. P-
values £  0.05 were significant. 
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5. Discussion 

 
For the 50 million people suffering from epilepsy globally, the development of viable 

biomarkers is crucial for both prediction and targeted treatment of seizures. The large 

heterogeneity in treatment effects among patients is a major obstacle for the correct 

prescription of anti-epileptic drugs (van Dijkman et al. 2017). Biomarkers could pave the way 

towards personalized therapy by basing treatment on a patient’s individual biomarker profile. 

A specific biomarker panel could also be developed for each epileptic condition (Kobylarek et 

al. 2019a). Particularly sensitive biomarkers could aid in early detection, therefore also 

prevention, of epilepsy, and shed light on the still rather elusive process of epileptogenesis 

(Kobylarek et al. 2019a,  Engel et al. 2013). Circulating biomarkers in the blood have emerged 

as prime candidates as they are less invasive than sampling CSF markers and offer the 

advantage of being cost and time efficient. They may also improve patient diagnosis and 

prognosis when used in tandem with CSF markers or imaging techniques such as EEG 

(Kobylarek et al. 2019a, O’Bryant et al. 2017).  

 

In this study, five prospective brain injury markers of epilepsy were studied in two different 

patient groups, namely epilepsy (+ post-stroke epilepsy) and single seizure patients. The results 

obtained from the machine learning models, while not exceptionally high, imply that there is 

some difference in biomarker values in patients with epilepsy and post-stroke epilepsy versus 

single seizure patients. Balancing the class distribution somewhat improved model 

performance, although not to a significant extent. S100B appears to be the most promising 

biomarker out of the five, presenting a high feature importance for the models and significant 

statistical difference between the patient groups. While NfL did not demonstrate a high feature 

importance score, it did show a statistical significance indicating a possible diagnostic role.  

 

5.1. S100B 

S100B has come to light as a potential marker of blood-brain barrier permeability, with an 

increase in serum S100B indicating BBB disruption (Washington et al. 2020). In addition, 

S100B meets all the clinical characteristics required of a suitable peripheral biomarker (Walker 

et al. 2016). Several studies have associated an increased serum level of S100B to adults and 

children with epilepsy, suggesting a possible diagnostic role for S100B (Calik et al. 2014, Maiti 

et al. 2018, Kaciñski et al. 2012). Our study also concluded that S100B serum concentration 
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varies largely in patients who developed epilepsy and those who only experienced a single 

seizure. The results from this study propose that S100B has the potential to be a predictive 

marker of epilepsy after a first seizure.  

 

However, it is still unclear to what extent S100B can be utilized as a diagnostic tool in epilepsy, 

as some studies have presented contrasting evidence. Freund et al. reported that plasma S100B 

is not capable of predicting the likelihood of seizure recurrence, similar to Nass et al. who 

concluded that the prognostic value of S100B after a single generalized tonic-clonic seizure 

was very limited (Freund et al. 2015, Nass et al. 2017). A study on patients admitted to the 

emergency after seizures found significantly lower serum levels of S100B compared to control 

groups; another study on pediatric patients with untreated epilepsy found no statistical 

difference between epilepsy and control groups (Sarı Doğan et al. 2013, Hamed et al. 2013). 

Interestingly, there seem to be many studies that implicate increased serum S100B in focal 

epilepsy patients, primarily for TLE, in both adults and children (Calik et al. 2013, Chang et 

al. 2012, Lu et al. 2010). One such study in intractable epilepsy even determined that S100B 

concentrations were significantly elevated in focal epilepsy patients as opposed to generalized 

epilepsy patients (Calik et al. 2014). Contrary to this result, the findings by Bai et al. instead 

showed a significantly higher serum level of S100B in generalized epilepsy patients, which 

they attribute to the more severe brain damage often found in generalized epilepsy (Bai et al. 

2018). These inconsistencies could be traced back to differences in sampling time, variations 

in inclusion criteria, as well as age group and ethnicity (Simani et al. 2020). The type of 

epileptic condition as well as seizure frequency can also play a role in how significant the 

variations are in S100B values between groups. Despite these differences, more studies support 

the view that elevated serum S100B is found in persons with epilepsy. A meta-analysis, that 

adjusted for the heterogeneity between the 18 studies reviewed, also surmised that serum 

S100B is increased in epilepsy (Liang et al. 2019).  

 

5.2. NSE 

NSE has been established as a reliable marker of neuronal damage in various neurologic 

disorders, and several studies have attempted to evaluate serum NSE levels after seizures (Mu 

et al. 2020). In this study, NSE did not present any significant differences between the groups 

indicating that it may not be a useful marker in early epilepsy. It was also the marker with the 

least influence on the models during training. Likewise, a study comparing persons with 
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epilepsy and psychogenic attacks did not report any significant differences (Willert et al. 2004). 

However, several studies have indicated increased serum NSE in seizures. Findings in critically 

ill patients with seizures showed that elevated serum concentrations of NSE corresponded to 

seizure severity (Shaik et al. 2019). Patients with status epilepticus were observed to have the 

highest levels of serum NSE; this comes in agreement with De Giorgio et al. who observed that 

major subtypes of SE were correlated to increased levels of serum NSE (Shaik et al. 2019, 

DeGiorgio et al. 1999). Complex partial and subclinical status epilepticus had the highest NSE 

levels which are the two subtypes associated with the poorest outcomes (DeGiorgio et al. 

1999). These findings seem to suggest that elevated serum NSE is associated with severer 

forms of seizures. Chang et al. also observed a link between seizure frequency and serum NSE 

although did not detect significant differences between individuals with TLE and controls 

(Chang et al. 2012). Based on these studies, and the findings in this report, serum NSE may 

not hold promise as a diagnostic marker for early epilepsy. However, since it has been 

implicated in seizure frequency and severity it could prove useful as a biomarker of seizure 

burden.  

 

5.3. GFAP 

GFAP has been implicated as a potential marker of epilepsy and possibly also seizure burden 

in various studies (Simani et al. 2018, Elhady et al. 2021). Although there were no significant 

findings related to GFAP in this study, our previous study on the absolute values of each marker 

presented a significant difference in serum GFAP between single seizures and PSE (Eriksson 

et al. 2021). Serum GFAP remained at increased levels long after patients experienced a stroke, 

which could allude to severer brain injury or a prolonged response, as suggested by the authors 

(Eriksson et al. 2021). Similar to NSE, GFAP may not be a marker in early epilepsy but could 

represent severer forms of epilepsy. These thoughts are reflected by the findings in children 

with generalized epilepsy and active seizures where serum GFAP significantly correlated to 

seizure severity (Elhady et al. 2021). Likewise, GFAP was elevated in children with new-onset 

epilepsy within 24 hours of a seizure episode; serum concentrations were notably higher in the 

epileptic spasm group (Zhu M et al. 2018b). GFAP also has the additional benefit of a longer 

half-life over other biomarkers, providing a more suitable time frame for sampling blood after 

a seizure (Simani et al. 2018).  
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5.4. NfL 

NfL has been acknowledged as a clinical marker of neurodegenerative diseases, however, there 

is a paucity of studies regarding its usage as a serum/plasma marker in epilepsy (Loeffler et al. 

2020). A small significance was detected between the patient groups in this study, reflected by 

our previous study (Eriksson et al. 2021). Our findings indicate a possible role for NfL as a 

marker of epilepsy, and perhaps also seizure burden. This is reflected by the findings of 

Ouédraogo et al. who detected significantly elevated levels of serum NfL in drug-resistant 

epilepsy compared to controls, especially among older individuals in the epilepsy group 

(Ouédraogo et al. 2021). Increased plasma NfL has been associated with cognitive decline; 

although NfL does tend to increase with age, studies have observed it to be unusually high in 

neuroinflammatory and neurodegenerative diseases (He L et al. 2021, Ouédraogo et al. 2021). 

There was no observable increase in serum NfL after febrile seizures, which again could reflect 

the conclusion that NfL is related to seizure severity as febrile seizures tend to be considered 

benign and therefore may not cause enough damage to account for pathological increases 

(Xixis et al. 2021).  

 

5.5. Tau 

Tau did not display any statistical significance in the epilepsy group but interestingly did score 

better than GFAP, NfL and NSE for feature importance. Although the reliability for this 

particular result is uncertain, it could still potentially hint at a role for serum tau in epilepsy.   

Tau studies related to epilepsy have primarily focused on CSF samples, which have produced 

controversial results (Monti et al. 2015, Palmio et al. 2009). The accumulation of 

hyperphosphorylated tau in the brain has been associated with seizures, as it was found in 

patients with refractory epilepsy (Tai et al. 2016). Although tau is principally implicated in 

other neurodegenerative diseases, notably Alzheimer’s disease, tau may still play a potential 

role in epilepsy as a marker, especially in severer forms of epilepsy such as status epilepticus 

(Monti et al. 2015). Further studies should therefore aim to clarify the relationship between 

serum and plasma tau in epilepsy.  

 

5.6. Limitations 

The present study is subjected to several limitations. Due to the pilot nature of the study, the 

dataset size was small which could account for the mediocre performance of the machine 

learning models. The dataset was split into a train and test set, meaning an already small dataset 
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is divided into even smaller sets. A larger training set would benefit the models when learning 

how to separate between the classes. Furthermore, the blood of the patients was also not 

sampled within a specific time frame after seizure which likely influenced the biomarker 

values, hence also the models. Clinicians occasionally discovered that a patient had 

experienced seizures before their first clinical evaluation, indicating that not all biomarker 

values in this study are representative of values after a first seizure. 

 

6. Conclusion & Future Outlooks 

 

The findings from this pilot study present S100B as the most promising biomarker out of the 

five investigated and indicate its potential as a predictive marker of early epilepsy. Although 

the results obtained for NSE, GFAP, NfL and tau were not as impressionable, various literature 

have proposed a connection to various epilepsy conditions. According to several studies, 

increased levels of GFAP and NSE likely reflect severer forms of epilepsy, which could 

indicate as to why their concentrations were not significant after a first seizure. This also 

denotes a prospective role for GFAP and NSE as markers of seizure burden. NfL and tau are 

largely implicated in brain injury for several neurodegenerative diseases, but still require 

extensive studies to fully elucidate their potential as blood markers of epilepsy. The next step 

in this research is already underway, as we look further into S100B as a potential biomarker in 

epilepsy. Based on the findings of this study, the minimum sample size requirement for S100B 

has been calculated and patient selection has begun.   

 

 

 

 

 

 

 

 

 

 

 



 33 

7. References 

 
Aguiar CCT, Almeida AB, Araújo PVP, de Abreu RNDC, Chaves EMC, do Vale OC, Macêdo DS, 

Woods DJ, Fonteles MM de F, Vasconcelos SMM. 2012. Oxidative stress and 
epilepsy: literature review. Oxidative medicine and cellular longevity 2012: 795259–
795259. 

Ali J, Khan R, Ahmad N, Maqsood I. 2012. Random Forests and Decision Trees. International 
Journal of Computer Science Issues(IJCSI) 9: 

Anwar H, Khan QU, Nadeem N, Pervaiz I, Ali M, Cheema FF. 2020. Epileptic seizures. 
Discoveries (Craiova, Romania) 8: e110–e110. 

Asadollahi M, Simani L. 2019. The diagnostic value of serum UCHL-1 and S100-B levels in 
differentiate epileptic seizures from psychogenic attacks. Brain Research 1704: 11–
15. 

Ashhab MU, Omran A, Kong H, Gan N, He F, Peng J, Yin F. 2013. Expressions of Tumor 
Necrosis Factor Alpha and MicroRNA-155 in Immature Rat Model of Status 
Epilepticus and Children with Mesial Temporal Lobe Epilepsy. Journal of Molecular 
Neuroscience 51: 950–958. 

Bai M, Cai X, Li Z, Huang L, Gu C, Li Y, Gu J, Han Y, Jia Z. 2018. Clinical value of serum S 100 B 
in children with epilepsy.  

Balosso S, Ravizza T, Perego C, Peschon J, Campbell IL, De Simoni MG, Vezzani A. 2005. 
Tumor necrosis factor-α inhibits seizures in mice via p75 receptors. Annals of 
Neurology 57: 804–812. 

Bar-Klein G, Lublinsky S, Kamintsky L, Noyman I, Veksler R, Dalipaj H, Senatorov VV Jr, Swissa 
E, Rosenbach D, Elazary N, Milikovsky DZ, Milk N, Kassirer M, Rosman Y, Serlin Y, 
Eisenkraft A, Chassidim Y, Parmet Y, Kaufer D, Friedman A. 2017. Imaging blood–
brain barrier dysfunction as a biomarker for epileptogenesis. Brain 140: 1692–1705. 

Basnyat P, Pesu M, Söderqvist M, Grönholm A, Liimatainen S, Peltola M, Raitanen J, Peltola 
J. 2020. Chronically reduced IL-10 plasma levels are associated with hippocampal 
sclerosis in temporal lobe epilepsy patients. BMC Neurology 20: 241. 

Batista G, Bazzan A, Monard M-C. 2003. Balancing Training Data for Automated Annotation 
of Keywords: a Case Study. the Proc Of Workshop on Bioinformatics 18. 

Bittl JA, He Y. 2017. Bayesian Analysis: A Practical Approach to Interpret Clinical Trials and 
Create Clinical Practice Guidelines. Circulation Cardiovascular quality and outcomes 
10: e003563. 

Blagus R, Lusa L. 2013. SMOTE for high-dimensional class-imbalanced data. BMC 
Bioinformatics 14: 106. 



 34 

Büttner T, Lack B, Jäger M, Wünsche W, Kuhn W, Müller T, Przuntek H, Postert T. 1999a. 
Serum levels of neuron-specific enolase and s-100 protein  after single tonic-clonic 
seizures. Journal of Neurology 246: 459–461. 

Büttner T, Lack B, Jäger M, Wünsche W, Kuhn W, Müller T, Przuntek H, Postert T. 1999b. 
Serum levels of neuron-specific enolase and s-100 protein  after single tonic-clonic 
seizures. Journal of Neurology 246: 459–461. 

Cacheaux LP, Ivens S, David Y, Lakhter AJ, Bar-Klein G, Shapira M, Heinemann U, Friedman A, 
Kaufer D. 2009. Transcriptome Profiling Reveals TGF-β Signaling Involvement in 
Epileptogenesis. The Journal of Neuroscience 29: 8927. 

Calik M, Abuhandan M, Kandemir H, Güzel B, Solmaz A, Celik H, Taskin A, Iscan A. 2014. 
Interictal serum S-100B protein levels in intractable epilepsy: A case-control study. 
Neuroscience Letters 558: 58–61. 

Calik M, Abuhandan M, Sonmezler A, Kandemır H, Oz I, Taskin A, Selek S, Iscan A. 2013. 
Elevated serum S-100B levels in children with temporal lobe epilepsy. Seizure 22: 
99–102. 

Cava C, Manna I, Gambardella A, Bertoli G, Castiglioni I. 2018. Potential Role of miRNAs as 
Theranostic Biomarkers of Epilepsy. Molecular therapy Nucleic acids 13: 275–290. 

Chang C-C, Lui C-C, Lee C-C, Chen S-D, Chang W-N, Lu C-H, Chen N-C, Chang AYW, Chan SHH, 
Chuang Y-C. 2012. Clinical significance of serological biomarkers and 
neuropsychological performances in patients with temporal lobe epilepsy. BMC 
Neurology 12: 15. 

Chaves ML, Camozzato AL, Ferreira ED, Piazenski I, Kochhann R, Dall’Igna O, Mazzini GS, 
Souza DO, Portela LV. 2010. Serum levels of S100B and NSE proteins in Alzheimer’s 
disease patients. Journal of neuroinflammation 7: 6–6. 

Chiavegato A, Zurolo E, Losi G, Aronica E, Carmignoto G. 2014. The inflammatory molecules 
IL-1β and HMGB1 can rapidly enhance focal seizure generation in a brain slice model 
of temporal lobe epilepsy. Frontiers in Cellular Neuroscience 8: 155. 

Choi RY, Coyner AS, Kalpathy-Cramer J, Chiang MF, Campbell JP. 2020. Introduction to 
Machine Learning, Neural Networks, and Deep Learning. Translational vision science 
& technology 9: 14–14. 

Cudna A, Jopowicz A, Mierzejewski P, Kurkowska-Jastrzębska I. 2017. Serum 
metalloproteinase 9 levels increase after generalized tonic-clonic seizures. Epilepsy 
Research 129: 33–36. 

de Wolf F, Ghanbari M, Licher S, McRae-McKee K, Gras L, Weverling GJ, Wermeling P, 
Sedaghat S, Ikram MK, Waziry R, Koudstaal W, Klap J, Kostense S, Hofman A, 
Anderson R, Goudsmit J, Ikram MA. 2020. Plasma tau, neurofilament light chain and 
amyloid-β levels and risk of dementia; a population-based cohort study. Brain : a 
journal of neurology 143: 1220–1232. 



 35 

DeGiorgio CM, Heck CN, Rabinowicz AL, Gott PS, Smith T, Correale J. 1999. Serum neuron-
specific enolase in the major subtypes of status epilepticus. Neurology 52: 746. 

Dixit AB, Tripathi M, Chandra PS, Banerjee J. 2016. Molecular biomarkers in drug-resistant 
epilepsy: Facts & possibilities. Epilepsy surgery for pharmacoresistant epilepsy 36: 
483–491. 

Elhady M, Youness ER, AbuShady MM, Nassar MS, Elaziz AA, Masoud MM, Foudaa FK, 
Elhamed WAA. 2021. Circulating glial fibrillary acidic protein and ubiquitin carboxy-
terminal hydrolase-L1 as markers of neuronal damage in children with epileptic 
seizures. Child’s Nervous System 37: 879–884. 

Engel J Jr, Pitkänen A, Loeb JA, Dudek FE, Bertram EH 3rd, Cole AJ, Moshé SL, Wiebe S, 
Jensen FE, Mody I, Nehlig A, Vezzani A. 2013. Epilepsy biomarkers. Epilepsia 54 Suppl 
4: 61–69. 

Eriksson H, Banote RK, Larsson D, Blennow K, Zetterberg H, Zelano J. 2021. Brain injury 
markers in new-onset seizures in adults: A pilot study. Seizure. 62–67. 

Evers KS, Hügli M, Fouzas S, Kasser S, Pohl C, Stoecklin B, Bernasconi L, Kuhle J, Wellmann S. 
2020. Serum Neurofilament Levels in Children With Febrile Seizures and in Controls. 
Frontiers in Neuroscience 14: 1024. 

Fei B. 2020. Chapter 3.6 - Hyperspectral imaging in medical applications. In: Amigo JM (ed.). 
Data Handling in Science and Technology, pp. 523–565. Elsevier,  

Fisher RS, Acevedo C, Arzimanoglou A, Bogacz A, Cross JH, Elger CE, Engel Jr J, Forsgren L, 
French JA, Glynn M, Hesdorffer DC, Lee BI, Mathern GW, Moshé SL, Perucca E, 
Scheffer IE, Tomson T, Watanabe M, Wiebe S. 2014. ILAE Official Report: A practical 
clinical definition of epilepsy. Epilepsia 55: 475–482. 

Freitas RM, Sousa FCF, Vasconcelos SMM, Viana GSB, Fonteles MMF. 2004. Pilocarpine-
induced status epilepticus in rats: lipid peroxidation level, nitrite formation, 
GABAergic and glutamatergic receptor alterations in the hippocampus, striatum and 
frontal cortex. Pharmacology Biochemistry and Behavior 78: 327–332. 

Freund Y, Bloom B, Bokobza J, Baarir N, Laribi S, Harris T, Navarro V, Bernard M, Pearse R, 
Riou B, Hausfater P, the BISTRO investigators. 2015. Predictive Value of S100-B and 
Copeptin for Outcomes following Seizure: The BISTRO International Cohort Study. 
PLOS ONE 10: e0122405. 

Fyfe I. 2019. Neurofilament light chain — new potential for prediction and prognosis. Nature 
Reviews Neurology 15: 557–557. 

Griffin WS, Yeralan O, Sheng JG, Boop FA, Mrak RE, Rovnaghi CR, Burnett BA, Feoktistova A, 
Van Eldik LJ. 1995. Overexpression of the neurotrophic cytokine S100 beta in human 
temporal lobe epilepsy. Journal of neurochemistry 65: 228–233. 



 36 

Gudivada VN, Irfan MT, Fathi E, Rao DL. 2016. Chapter 5 - Cognitive Analytics: Going Beyond 
Big Data Analytics and Machine Learning. In: Gudivada VN, Raghavan VV, 
Govindaraju V, Rao CR (ed.). Handbook of Statistics, pp. 169–205. Elsevier,  

Haiqiong Lv, Zhichao Zhou. 2020. The role of increased mir-21 in promoting neuronal 
apoptosis and inducing the inflammatory response in epileptic rats. Int J Clin Exp 
Med 13: 4677–4685. 

Hamed SA, Eltayeb AA, Mohamad HO, Moussa EMM. 2013. Brain function in children with 
untreated epilepsy: Relationship to biomarkers of brain damage. Journal of pediatric 
epilepsy 2: 115–124. 

He F, Liu B, Meng Q, Sun Y, Wang W, Wang C. 2016. Modulation of miR-146a/complement 
factor H-mediated inflammatory responses in a rat model of temporal lobe epilepsy. 
Bioscience reports 36: e00433. 

He L, Morley JE, Aggarwal G, Nguyen AD, Vellas B, de Souto Barreto P, ..., Coley N. 2021. 
Plasma neurofilament light chain is associated with cognitive decline in non-
dementia older adults. Scientific Reports 11: 13394. 

Hu K, Xie Y-Y, Zhang C, Ouyang D-S, Long H-Y, Sun D-N, Long L-L, Feng L, Li Y, Xiao B. 2012. 
MicroRNA expression profile of the hippocampus in a rat model of temporal lobe 
epilepsy and miR-34a-targeted neuroprotection against hippocampal neurone cell 
apoptosis post-status epilepticus. BMC neuroscience 13: 115–115. 

Hussain T, Tan B, Yin Y, Blachier F, Tossou MCB, Rahu N. 2016. Oxidative Stress and 
Inflammation: What Polyphenols Can Do for Us? Oxidative Medicine and Cellular 
Longevity 2016: 7432797. 

Isgrò MA, Bottoni P, Scatena R. 2015. Neuron-Specific Enolase as a Biomarker: Biochemical 
and Clinical Aspects. In: Scatena R (ed.). Advances in Cancer Biomarkers: From 
biochemistry to clinic for a critical revision, pp. 125–143. Springer Netherlands, 
Dordrecht. 

Ivens S, Kaufer D, Flores LP, Bechmann I, Zumsteg D, Tomkins O, Seiffert E, Heinemann U, 
Friedman A. 2007. TGF-β receptor-mediated albumin uptake into astrocytes is 
involved in neocortical epileptogenesis. Brain 130: 535–547. 

Kaciñski M, Budziszewska B, Lasoñ W, Zając A, Skowronek-Bała B, Leśkiewicz M, Kubik A, 
Basta-Kaim A. 2012. Level of S100B protein, neuron specific enolase, orexin A, 
adiponectin and insulin-like growth factor in serum of pediatric patients suffering 
from sleep disorders with or without epilepsy. Pharmacological Reports 64: 1427–
1433. 

Karaaslan Z, Tüzün E. 2019. Inflammatory biomarkers in epilepsy. Neurological Sciences and 
Neurophysiology 36: 129–135. 



 37 

Kobylarek D, Iwanowski P, Lewandowska Z, Limphaibool N, Szafranek S, Labrzycka A, 
Kozubski W. 2019a. Advances in the Potential Biomarkers of Epilepsy. Frontiers in 
Neurology 10: 685. 

Kobylarek D, Iwanowski P, Lewandowska Z, Limphaibool N, Szafranek S, Labrzycka A, 
Kozubski W. 2019b. Advances in the Potential Biomarkers of Epilepsy. Frontiers in 
Neurology 10: 685. 

Konopka A, Grajkowska W, Ziemiańska K, Roszkowski M, Daszkiewicz P, Rysz A, Marchel A, 
Koperski Ł, Wilczyński GM, Dzwonek J. 2013. Matrix metalloproteinase-9 (MMP-9) in 
human intractable epilepsy caused by focal cortical dysplasia. Epilepsy Research 104: 
45–58. 

Korotkov A, Broekaart DWM, Banchaewa L, Pustjens B, van Scheppingen J, Anink JJ, Baayen 
JC, Idema S, Gorter JA, van Vliet EA, Aronica E. 2020. microRNA-132 is overexpressed 
in glia in temporal lobe epilepsy and reduces the expression of pro-epileptogenic 
factors in human cultured astrocytes. Glia 68: 60–75. 

Kulkarni A, Chong D, Batarseh FA. 2020. 5 - Foundations of data imbalance and solutions for 
a data democracy. In: Batarseh FA, Yang R (ed.). Data Democracy, pp. 83–106. 
Academic Press,  

Kurtis Pykes. 2020. Oversampling and Undersampling. online September 10, 2020: 
https://towardsdatascience.com/oversampling-and-undersampling-5e2bbaf56dcf. 
Accessed July 27, 2021. 

Lee S-Y, Choi Y-C, Kim J-H, Kim W-J. 2010. Serum neuron-specific enolase level as a 
biomarker in differential diagnosis of seizure and syncope. Journal of Neurology 257: 
1708–1712. 

Lehtimäki KA, Keränen T, Huhtala H, Hurme M, Ollikainen J, Honkaniemi J, Palmio J, Peltola 
J. 2004. Regulation of IL-6 system in cerebrospinal fluid and serum compartments by 
seizures: the effect of seizure type and duration. Journal of Neuroimmunology 152: 
121–125. 

Lever J, Krzywinski M, Altman N. 2017. Principal component analysis. Nature Methods 14: 
641–642. 

Li G, Bauer S, Nowak M, Norwood B, Tackenberg B, Rosenow F, Knake S, Oertel WH, Hamer 
HM. 2011. Cytokines and epilepsy. Seizure 20: 249–256. 

Li T-R, Jia Y-J, Ma C, Qiu W-Y, Wang Q, Shao X-Q, Lv R-J. 2018. The role of the microRNA-
146a/complement factor H/interleukin-1β-mediated inflammatory loop circuit in the 
perpetuate inflammation of chronic temporal lobe epilepsy. Disease models & 
mechanisms 11: dmm031708. 

Liang K-G, Mu R-Z, Liu Y, Jiang D, Jia T-T, Huang Y-J. 2019. Increased Serum S100B Levels in 
Patients With Epilepsy: A Systematic Review and Meta-Analysis Study. Frontiers in 
neuroscience 13: 456–456. 



 38 

Lillicrap TP, Santoro A, Marris L, Akerman CJ, Hinton G. 2020. Backpropagation and the 
brain. Nature Reviews Neuroscience 21: 335–346. 

Lin B, Lin G, Liu X, Ma J, Wang X, Lin F, Hu L. 2015. Application of back-propagation artificial 
neural network and curve estimation in pharmacokinetics of losartan in rabbit. 
International journal of clinical and experimental medicine 8: 22352–22358. 

Liu A-H, Wu Y-T, Wang Y-P. 2017. MicroRNA-129-5p inhibits the development of 
autoimmune encephalomyelitis-related epilepsy by targeting HMGB1 through the 
TLR4/NF-kB signaling pathway. Brain Research Bulletin 132: 139–149. 

Liu G, Slater N, Perkins A. 2017. Epilepsy: Treatment Options. Am Fam Physician 92: 87–96. 

Loeffler T, Schilcher I, Flunkert S, Hutter-Paier B. 2020. Neurofilament-Light Chain as 
Biomarker of Neurodegenerative and Rare Diseases With High Translational Value. 
Frontiers in neuroscience 14: 579–579. 

Lu C, Li J, Sun W, Feng L, Li L, Liu A, Li J, Mao W, Wei H, Gao L, Zhang X, Huang Z, Meng X, 
Wang Y. 2010. Elevated plasma S100B concentration is associated with mesial 
temporal lobe epilepsy in Han Chinese: A case–control study. Neuroscience Letters 
484: 139–142. 

Maiti R, Mishra BR, Jena M, Mishra A, Nath S, Srinivasan A. 2018. Effect of anti-seizure drugs 
on serum S100B in patients with focal seizure: a randomized controlled trial. Journal 
of Neurology 265: 2594–2601. 

Matsumori K, Koike Y, Matsumoto K. 2018. A Biased Bayesian Inference for Decision-Making 
and Cognitive Control. Frontiers in Neuroscience 12: 734. 

McElroy PB, Liang L-P, Day BJ, Patel M. 2017. Scavenging reactive oxygen species inhibits 
status epilepticus-induced neuroinflammation. Experimental neurology 298: 13–22. 

Medina-Ceja L, Pardo-Peña K, Morales-Villagrán A. 2020. Chapter 8 - Oxidative stress 
markers in seizures and epilepsy: Methods and applications to models. In: Martin CR, 
Preedy VR (ed.). Oxidative Stress and Dietary Antioxidants in Neurological Diseases, 
pp. 109–122. Academic Press,  

Meguid NA, Samir H, Bjørklund G, Anwar M, Hashish A, Koura F, Chirumbolo S, Hashem S, El-
Bana MA, Hashem HS. 2018. Altered S100 Calcium-Binding Protein B and Matrix 
Metallopeptidase 9 as Biomarkers of Mesial Temporal Lobe Epilepsy with 
Hippocampus Sclerosis. Journal of Molecular Neuroscience 66: 482–491. 

Menon B, Ramalingam K, Kumar RV. 2012. Oxidative stress in patients with epilepsy is 
independent of antiepileptic drugs. Seizure 21: 780–784. 

Misra S, Li H. 2020. Chapter 9 - Noninvasive fracture characterization based on the 
classification of sonic wave travel times. In: Misra S, Li H, He J (ed.). Machine 
Learning for Subsurface Characterization, pp. 243–287. Gulf Professional Publishing,  



 39 

Molnar, Christoph. 2019. Section 8.5: Permutation Feature Importance. Interpretable 
Machine Learning: A Guide for Making Black Box Models Explainable  

Mondello S, Palmio J, Streeter J, Hayes R, Peltola J, Jeromin A. 2012. Ubiquitin Carboxy-
Terminal Hydrolase L1 (UCH-L1) is increased in cerebrospinal fluid and plasma of 
patients after epileptic seizure. BMC neurology 12: 85. 

Monti G, Tondelli M, Giovannini G, Bedin R, Nichelli P, Trenti T, Meletti S, Chiari A. 2015. 
Cerebrospinal fluid tau proteins in status epilepticus. Epilepsy & behavior : E&B, doi 
10.1016/j.yebeh.2015.04.030. 

Mu R-Z, Liu S, Liang K-G, Jiang D, Huang Y-J. 2020. A Meta-Analysis of Neuron-Specific 
Enolase Levels in Cerebrospinal Fluid and Serum in Children With Epilepsy. Frontiers 
in Molecular Neuroscience 13: 24. 

Nass RD, Sassen R, Elger CE, Surges R. 2017. The role of postictal laboratory blood analyses 
in the diagnosis and prognosis of seizures. Seizure 47: 51–65. 

Natekin A, Knoll A. 2013. Gradient Boosting Machines, A Tutorial. Frontiers in neurorobotics 
7: 21. 

Netoff TI. 2019. Chapter 14 - The Ability to Predict Seizure Onset. In: Iaizzo PA (ed.). 
Engineering in Medicine, pp. 365–378. Academic Press,  

O’Bryant SE, Mielke MM, Rissman RA, Lista S, Vanderstichele H, Zetterberg H, Lewczuk P, 
Posner H, Hall J, Johnson L, Fong Y-L, Luthman J, Jeromin A, Batrla-Utermann R, 
Villarreal A, Britton G, Snyder PJ, Henriksen K, Grammas P, Gupta V, Martins R, 
Hampel H, Biofluid Based Biomarker Professional Interest Area. 2017. Blood-based 
biomarkers in Alzheimer disease: Current state of the science and a novel 
collaborative paradigm for advancing from discovery to clinic. Alzheimer’s & 
dementia : the journal of the Alzheimer’s Association 13: 45–58. 

Oeckl P, Halbgebauer S, Anderl-Straub S, Steinacker P, Huss AM, Neugebauer H, von Arnim 
CAF, Diehl-Schmid J, Grimmer T, Kornhuber J, Lewczuk P, Danek A, Ludolph AC, Otto 
M, Consortium for Frontotemporal Lobar Degeneration German. 2019. Glial Fibrillary 
Acidic Protein in Serum is Increased in Alzheimer’s Disease and Correlates with 
Cognitive Impairment. Journal of Alzheimer’s disease 67: 481–488. 

Ouédraogo O, Rébillard R-M, Jamann H, Mamane VH, Clénet M-L, Daigneault A, Lahav B, 
Uphaus T, Steffen F, Bittner S, Zipp F, Bérubé A, Lapalme-Remis S, Cossette P, 
Nguyen DK, Arbour N, Keezer MR, Larochelle C. 2021. Increased frequency of 
proinflammatory CD4 T cells and pathological levels of serum neurofilament light 
chain in adult drug-resistant epilepsy. Epilepsia 62: 176–189. 

Palmio J, Suhonen J, Keränen T, Hulkkonen J, Peltola J, Pirttilä T. 2009. Cerebrospinal fluid 
tau as a marker of neuronal damage after epileptic seizure. Seizure 18: 474–477. 



 40 

Paudel YN, Semple BD, Jones NC, Othman I, Shaikh MohdF. 2019. High mobility group box 1 
(HMGB1) as a novel frontier in epileptogenesis: from pathogenesis to therapeutic 
approaches. Journal of Neurochemistry 151: 542–557. 

Pitkänen A, Löscher W, Vezzani A, Becker AJ, Simonato M, Lukasiuk K, Gröhn O, Bankstahl 
JP, Friedman A, Aronica E, Gorter JA, Ravizza T, Sisodiya SM, Kokaia M, Beck H. 2016. 
Advances in the development of biomarkers for epilepsy. The Lancet Neurology 15: 
843–856. 

Raden A, Andhika V. 2021. Imbalanced Classification in Python: SMOTE-Tomek Links 
Method. online April 18, 2021: https://towardsdatascience.com/imbalanced-
classification-in-python-smote-tomek-links-method-6e48dfe69bbc. Accessed July 27, 
2021. 

Ravizza T, Gagliardi B, Noé F, Boer K, Aronica E, Vezzani A. 2008. Innate and adaptive 
immunity during epileptogenesis and spontaneous seizures: Evidence from 
experimental models and human temporal lobe epilepsy. Neurobiology of Disease 
29: 142–160. 

Rohith Gandhi. 2018. Support Vector Machine — Introduction to Machine Learning 
Algorithms. online June 7, 2018: https://towardsdatascience.com/support-vector-
machine-introduction-to-machine-learning-algorithms-934a444fca47. . 

Rojas A, Jiang J, Ganesh T, Yang M-S, Lelutiu N, Gueorguieva P, Dingledine R. 2014. 
Cyclooxygenase-2 in epilepsy. Epilepsia 55: 17–25. 

Sano T, Reynolds JP, Jimenez-Mateos EM, Matsushima S, Taki W, Henshall DC. 2012. 
MicroRNA-34a upregulation during seizure-induced neuronal death. Cell death & 
disease 3: e287–e287. 

Sarı Doğan F, DENIZBASI A, Onur O, Guneysel O, Akoglu H. 2013. S100B protein levels in 
patients admitted to an emergency service due to seizures. Marmara Medical 
Journal, doi 10.5472/MMJ.2013.02515.1. 

Sarmast ST, Abdullahi AM, Jahan N. 2020. Current Classification of Seizures and Epilepsies: 
Scope, Limitations and Recommendations for Future Action. Cureus 12: e10549–
e10549. 

Scheffer IE, Berkovic S, Capovilla G, Connolly MB, French J, Guilhoto L, Hirsch E, Jain S, 
Mathern GW, Moshé SL, Nordli DR, Perucca E, Tomson T, Wiebe S, Zhang Y-H, Zuberi 
SM. 2017. ILAE classification of the epilepsies: Position paper of the ILAE Commission 
for Classification and Terminology. Epilepsia 58: 512–521. 

Schraen-Maschke S, Sergeant N, Dhaenens C-M, Bombois S, Deramecourt V, Caillet-Boudin 
M-L, Pasquier F, Maurage C-A, Sablonnière B, Vanmechelen E, Buée L. 2008. Tau as a 
biomarker of neurodegenerative diseases. Biomarkers in medicine 2: 363–384. 

Schulz S, Zondervan-Zwijnenburg M, Nelemans SA, Veen D, Oldehinkel AJ, Branje S, Meeus 
W. 2021. Systematically Defined Informative Priors in Bayesian Estimation: An 



 41 

Empirical Application on the Transmission of Internalizing Symptoms Through 
Mother-Adolescent Interaction Behavior. Frontiers in Psychology 12: 799. 

Semple BD, O’Brien TJ, Gimlin K, Wright DK, Kim SE, Casillas-Espinosa PM, Webster KM, 
Petrou S, Noble-Haeusslein LJ. 2017. Interleukin-1 Receptor in Seizure Susceptibility 
after Traumatic Injury to the Pediatric Brain. The Journal of neuroscience : the 
official journal of the Society for Neuroscience 37: 7864–7877. 

Shaik AJ, Reddy K, Mohammed N, Tandra SR, Rukmini mridula kandadai, Baba KSS S. 2019. 
Neuron specific enolase as a marker of seizure related neuronal injury. 
Neurochemistry International 131: 104509. 

Shimada T, Takemiya T, Sugiura H, Yamagata K. 2014. Role of Inflammatory Mediators in the 
Pathogenesis of Epilepsy. Mediators of Inflammation 2014: 901902. 

Shrivastava D, Sanyal S, Maji AK, Kandar D. 2020. Chapter 17 - Bone cancer detection using 
machine learning techniques. In: Paul S, Bhatia D (ed.). Smart Healthcare for Disease 
Diagnosis and Prevention, pp. 175–183. Academic Press,  

Simani L, Elmi M, Asadollahi M. 2018. Serum GFAP level: A novel adjunctive diagnostic test 
in differentiate epileptic seizures from psychogenic attacks. Seizure 61: 41–44. 

Simani L, Sadeghi M, Ryan F, Dehghani M, Niknazar S. 2020. Elevated Blood-Based Brain 
Biomarker Levels in Patients with Epileptic Seizures: A Systematic Review and Meta-
analysis. ACS Chemical Neuroscience 11: 4048–4059. 

Stafstrom CE, Carmant L. 2015. Seizures and epilepsy: an overview for neuroscientists. Cold 
Spring Harbor perspectives in medicine 5: a022426. 

Suenaga N, Ichiyama T, Kubota M, Isumi H, Tohyama J, Furukawa S. 2008. Roles of matrix 
metalloproteinase-9 and tissue inhibitors of metalloproteinases 1 in acute 
encephalopathy following prolonged febrile seizures. Special Section: Parkinson’s 
Disease Revisted 266: 126–130. 

Tai XY, Koepp M, Duncan JS, Fox N, Thompson P, Baxendale S, Liu JYW, Reeves C, Michalak 
Z, Thom M. 2016. Hyperphosphorylated tau in patients with refractory epilepsy 
correlates with cognitive decline: a study of temporal lobe resections. Brain : a 
journal of neurology 139: 2441–2455. 

van de Schoot R, Kaplan D, Denissen J, Asendorpf JB, Neyer FJ, van Aken MAG. 2014. A 
gentle introduction to bayesian analysis: applications to developmental research. 
Child development 85: 842–860. 

van Dijkman SC, Voskuyl RA, de Lange EC. 2017. Biomarkers in epilepsy–A modelling 
perspective. Special issue in honour of Professor Meindert Danhof 109: S47–S52. 

Vezzani A, Conti M, De Luigi A, Ravizza T, Moneta D, Marchesi F, De Simoni MG. 1999. 
Interleukin-1beta immunoreactivity and microglia are enhanced in the rat 
hippocampus by focal kainate application: functional evidence for enhancement of 



 42 

electrographic seizures. The Journal of neuroscience : the official journal of the 
Society for Neuroscience 19: 5054–5065. 

Vezzani A, French J, Bartfai T, Baram TZ. 2011. The role of inflammation in epilepsy. Nature 
reviews Neurology 7: 31–40. 

Vezzani A, Moneta D, Richichi C, Aliprandi M, Burrows SJ, Ravizza T, Perego C, De Simoni 
MG. 2002. Functional Role of Inflammatory Cytokines and Antiinflammatory 
Molecules in Seizures and Epileptogenesis. Epilepsia 43: 30–35. 

Walker LE, Janigro D, Heinemann U, Riikonen R, Bernard C, Patel M. 2016. WONOEP 
appraisal: Molecular and cellular biomarkers for epilepsy. Epilepsia 57: 1354–1362. 

Wang J, Zhao J. 2021. MicroRNA Dysregulation in Epilepsy: From Pathogenetic Involvement 
to Diagnostic Biomarker and Therapeutic Agent Development. Frontiers in Molecular 
Neuroscience 14: 35. 

Wang Y, Wang D, Guo D. 2015. Interictal cytokine levels were correlated to seizure severity 
of epileptic patients: a retrospective study on 1218 epileptic patients. Journal of 
Translational Medicine 13: 378. 

Washington J, Murcko RM, Janigro D. 2020. Chapter 4 - Peripheral markers of TBI and 
blood−brain barrier disruption. In: Wu AHB, Peacock WF (ed.). Biomarkers for 
Traumatic Brain Injury, pp. 43–54. Academic Press,  

Wen X, Han X-R, Wang Y-J, Wang S, Shen M, Zhang Z-F, Fan S-H, Shan Q, Wang L, Li M-Q, Hu 
B, Sun C-H, Wu D-M, Lu J, Zheng Y-L. 2018. MicroRNA-421 suppresses the apoptosis 
and autophagy of hippocampal neurons in epilepsy mice model by inhibition of the 
TLR/MYD88 pathway. Journal of Cellular Physiology 233: 7022–7034. 

Wikberg J, Eklund M, Willighagen E, Spjuth O, Lapins M, Engkvist O, Alvarsson J. 2011. 
Introduction to Pharmaceutical Bioinformatics J. Wikberg, M. Eklund, E. Willighagen, 
O. Spjuth, M. Lapins, O. Engkvist, J. Alvarsson.  

Will Koehrsen. 2018. An Implementation and Explanation of the Random Forest in Python. 
online August 30, 2018: https://towardsdatascience.com/an-implementation-and-
explanation-of-the-random-forest-in-python-77bf308a9b76. Accessed July 15, 2021. 

Willert C, Spitzer C, Kusserow S, Runge U. 2004. Serum neuron-specific enolase, prolactin, 
and creatine kinase after epileptic and psychogenic non-epileptic seizures. Acta 
Neurologica Scandinavica 109: 318–323. 

World Health Organization, International Programme on Chemical Safety. 1993. Biomarkers 
and risk assessment : concepts and principles / published under the joint 
sponsorship of the United Nations environment Programme, the International 
Labour Organisation, and the World Health Organization.  

Xixis KL, Debopam S, Keenaghan M. 2021. Febrile Seizure. Treasure Island (FL): StatPearls 
Publishing  



 43 

Yang W, Li J, Shang Y, Zhao L, Wang M, Shi J, Li S. 2017. HMGB1-TLR4 Axis Plays a Regulatory 
Role in the Pathogenesis of Mesial Temporal Lobe Epilepsy in Immature Rat Model 
and Children via the p38MAPK Signaling Pathway. Neurochemical Research 42: 
1179–1190. 

Yasak I, Yılmaz M, Gonen M, Atescelik M, Gürger M, Ilhan N, Goktekin M. 2020. Evaluation 
of ubiquitin C-terminal hydrolase-L1 enzyme levels in patients with epilepsy. 
Arquivos de Neuro-Psiquiatria 78: 424–429. 

Youn Y, Sung IK, Lee IG. 2013. The role of cytokines in seizures: interleukin (IL)-1β, IL-1Ra, IL-
8, and IL-10. Korean J Pediatr 56: 271–274. 

Youn YA, Kim SJ, Sung IK, Chung SY, Kim YH, Lee IG. 2012a. Serial Examination of Serum IL-8, 
IL-10 and IL-1Ra Levels is Significant in Neonatal Seizures Induced by Hypoxic–
Ischaemic Encephalopathy1. Scandinavian Journal of Immunology 76: 286–293. 

Youn YA, Kim SJ, Sung IK, Chung SY, Kim YH, Lee IG. 2012b. Serial Examination of Serum IL-8, 
IL-10 and IL-1Ra Levels is Significant in Neonatal Seizures Induced by Hypoxic–
Ischaemic Encephalopathy1. Scandinavian Journal of Immunology 76: 286–293. 

Yu N, Di Q, Hu Y, Zhang Y, Su L, Liu X, Li L. 2012. A meta-analysis of pro-inflammatory 
cytokines in the plasma of epileptic patients with recent seizure. Neuroscience 
Letters 514: 110–115. 

Yuhas Y, Weizman A, Ashkenazi S. 2003. Bidirectional concentration-dependent effects of 
tumor necrosis factor alpha in Shigella dysenteriae-related seizures. Infection and 
immunity 71: 2288–2291. 

Zhu M, Chen J, Guo H, Ding L, Zhang Y, Xu Y. 2018a. High Mobility Group Protein B1 
(HMGB1) and Interleukin-1β as Prognostic Biomarkers of Epilepsy in Children. 
Journal of Child Neurology 33: 909–917. 

Zhu M, Chen J, Guo H, Ding L, Zhang Y, Xu Y. 2018b. High Mobility Group Protein B1 
(HMGB1) and Interleukin-1β as Prognostic Biomarkers of Epilepsy in Children. 
Journal of Child Neurology 33: 909–917. 

Zhu X, Zhang A, Dong J, Yao Y, Zhu M, Xu K, Al Hamda MH. 2019. MicroRNA-23a contributes 
to hippocampal neuronal injuries and spatial memory impairment in an experimental 
model of temporal lobe epilepsy. Brain Research Bulletin 152: 175–183. 

 
 

 

 

 

 


