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Introduction 
 

 

Brain disorders are a major public health problem and despite decades of research, there is 

still a lack of validated diagnostic or prognostic tests. Not understanding pathophysiology is 

the core issue of this diagnosis/prognosis failure, which hinders both detection of disease in 

early stages and objective monitoring of disease progression. Furthermore, insufficient 

pathophysiological knowledge hampers the understanding of what to target with therapeutic 

interventions and monitoring whether these interventions modify biological processes in the 

desired direction. This is why biomarkers are urgently needed, as they objectively index 

physiological processes, disease progression, or response to therapy, in a precise and   

reproducible manner.  

In order to derive an accurate diagnosis and develop a rational treatment plan, it is 

important to go beyond disease symptoms towards biological mechanisms. Biomarkers 

provide this intermediate level of understanding by establishing relationships between brain 

activity and cognitive or behavioural levels of disease expression. Current biomarkers are 

insufficiently accurate, because individual biomarkers are unable to capture the 

heterogeneity and complexity of multifaceted brain disorders and, therefore, overlap 

between healthy subjects and patients. Heterogeneity is reflected in multiple etiologies, 

varied symptom profiles, diverse clinical course trajectories and different neurobiological 

mechanisms, particularly in disorders such as ADHD (Luo et al., 2019), insomnia 

(Benjamins et al., 2017), ASD (Masi et al., 2017) and major depressive disorder (Penninx 

et al., 2018). A wide range of structural and functional brain abnormalities as well as 

comorbidities further point to the contribution of multiple factors underlying the 

pathophysiology of these disorders. Importantly, substantial heterogeneity is also present in 

response to intervention, as illustrated in Figure 1. To resolve this, we need to unravel the 

heterogeneity and identify different disease subtypes, each with its own specific 

multivariate profile of characteristics. This is precisely the aim of precision medicine: 

tailoring medical treatment to the individual patient, by stratifying patients into subgroups 

with more homogenous pathophysiological profiles and treatment responses. 
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Figure 1. One size does not fit all: patients can respond differently to the same medicine. Shown are 

percentages of the patient population for which a particular drug in a class is ineffective (Spear et al., 

2001). Precision medicine aims to separate patients into different groups that respond differentially to 

treatment, thus determining optimal treatment for the individual patient. Figure created by the author. 

 

Neurodegenerative diseases such as Alzheimer’s disease (AD) are characterized by 

pathological changes at the synaptic level much before the first symptoms of dementia 

(Dubois et al., 2007; Sperling et al., 2014). It would be immensely valuable to detect the 

disease at an earlier stage, to identify subjects at risk of developing it and to potentially 

slow down the disease progression. Therefore, biomarkers are needed to detect the synaptic 

changes which precede the clinical symptoms. They could also play a role as outcome 

measures in clinical trials. Therapeutic strategies available for AD at the moment have a 

modest and only symptomatic effect, therefore new interventions are being developed and 

tested. However, there is a lack of objective, reliable and clinically relevant measures of 

treatment success. Outcome measures in clinical trials focus on cognitive performance and 

behavioural outcome (Berk & Sabbagh, 2013); however, these measures lack information 

on the mode of action of the pharmacological intervention. Biomarkers could help expand 

the limited existing knowledge and establish a relationship between the neuronal level 
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(where changes due to the intervention are assumed to occur) and the cognitive-functional 

level.  

Various neuroimaging modalities assess different brain properties and could serve 

as suitable biomarkers for AD (Hampel et al., 2011), with EEG being among the top 

candidates due to its broad availability, inexpensiveness, and patient friendliness. 

Importantly, EEG directly measures the brain’s electrical activity, taking into account its 

high-frequency dynamics, which is a hallmark property of neuronal communication 

(Selkoe, 2002). Eyes-closed resting-state EEG captures the ongoing neuronal oscillations 

and dynamical processes at the macroscopic scale. Large-scale organization of the 

synchronized brain activity is a meaningful brain characteristic and a possible candidate for 

evaluation of therapeutic intervention. Therefore, EEG has potential as a surrogate 

endpoint, additional to the cognitive ones, in clinical trials. EEG biomarkers may also prove 

useful for uncovering physiological heterogeneity underlying the large variation in clinical 

presentation and treatment response in disorders such as autism spectrum disorder (ASD). 

Quantitative EEG is sensitive to perturbations in E/I balance (Snijders et al., 2013; 

Chellappa et al., 2016; Legon et al., 2016), which is believed to be altered in ASD (Nelson 

& Valakh, 2015; Dickinson et al., 2016). Hence, EEG could help tap into underlying   

ASD-relevant biological processes, potentially leading to better understanding of disease 

heterogeneity as well as response to different medication. 

Neuronal oscillations reflect a wide diversity of neuronal network functions, 

contributing both to basic cognitive computations as well as major cognitive processes, 

such as perception, memory and attention (Klimesch, 1999; Wang, 2010; Lopes da Silva, 

2013; Cannon et al., 2014). EEG, which provides a valuable window into these cortical 

rhythms, is information rich and can be parametrized in multiple biomarkers, quantifying 

its spectral, temporal or spatial component. Traditional EEG analyses typically focus only 

on one or two spectral biomarkers, but investigating the temporal and spatial domain as 

well allows for a more comprehensive insight into the brain dynamics (Linkenkaer-Hansen 

et al., 2001; Poil et al., 2008; Palva & Palva, 2012; van Diessen et al., 2015). Additionally, 

these biomarkers often carry complementary information about drug- or disease-induced 

changes in brain activity; therefore, these changes would be better captured by considering 

these biomarkers together in an integrated scheme (Poil et al., 2013). Machine learning 

provides a way to perform these novel analyses—combining information from a multitude 
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of biomarkers into a unifying diagnostic index—thus achieving a greater accuracy of 

characterizing EEG effects compared to considering only single biomarkers. This simplifies 

the assessment of brain activity and improves statistical power. The integrated index can be 

used for prognostic purposes, stratification of patients into different groups or 

quantification of drug effects. Surprisingly little has been done to test the potential gain of 

using machine learning and biomarker integration in EEG either in basic or preclinical 

research settings; likely due to a lack of access to a complete set of biomarker algorithms 

(and standardized implementations), methods to perform the integration, or large datasets.  

Therefore, the main aim of this thesis is to explore different EEG biomarker 

algorithms and machine learning techniques to provide some guidelines and facilitate future 

applications/implementations of this integrative approach into clinical settings. We 

demonstrate how it can be utilized for purposes such as stratification of patients according 

to EEG phenotypes and documenting effects of intervention, which are critical aims of 

clinical trials and precision medicine. Furthermore, we went beyond neurophysiological 

biomarkers to cognitive ones, investigating thoughts and feelings that arise during a resting-

state session. Rarely examined, these thoughts and feelings can contextualize the cognitive 

state of a participant during the resting-state session and even be an expression of disease. 

Using an established questionnaire—the Amsterdam Resting-State Questionnaire (ARSQ) 

(Diaz et al., 2013; Diaz et al., 2014)—we explored resting-state cognitive phenotypes and 

their relationship to disease. Ultimately, a future objective would be incorporating this 

cognitive aspect as an additional dimension into the integrative biomarker scheme. Finally, 

we have expanded our Neurophysiological Biomarker Toolbox (NBT)—a toolbox 

developed to provide scientists with a framework for biomarker research—to facilitate 

future use of biomarker discovery and integration and make the analysis more streamlined. 

 

 

Biomarkers in neuroscience 

“It is more important to know what sort of person has a disease,                        
than to know what sort of disease a person has” 

Hippocrates 
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Other medical fields, such as cardiology, endocrinology and oncology, have added 

biomarkers into their diagnostic toolkits (Nair et al., 2014; Baldassarre et al., 2018; Katus 

& Giannitsis, 2018). These include metabolic, inflammation, proteomic, genetic and 

imaging biomarkers, e.g. troponin for myocardial injury, glycated hemoglobin for diabetes, 

and BRCA1 and BRCA2 genes for breast cancer. Despite these advances in other fields of 

medicine, mental health diagnostics has remained “behavioural”, i.e. relying exclusively on 

symptoms reported by the patient or revealed by cognitive tests. As the heterogeneous 

nature of many mental disorders became more apparent, so did the need for adding more 

diagnostic tools alongside symptoms emerge, in order to yield more precise categories and 

targeted treatments for improved outcome.  

This was one of the incentives for the Research Domain Criteria (RDoC) initiative 

which promotes research and future implementation of precision medicine (Cuthbert, 

2015). RDoC aims to provide a framework for research and in the long term, to redefine the 

diagnostic system for health professionals and patients. Unlike the current diagnostic 

framework, in which the approach is binary: presence/absence of a disorder; the aim of 

precision medicine is incorporating biological measures that quantify the large spectrum of 

disease and deriving reliable tests that can provide these measures. In those terms, 

diagnosing mental disorders will mean identifying the precise biology and dysfunction 

specific to an individual patient, thus improving specificity and guiding targeted treatment. 

In order to achieve this improved classification of mental disorders, many more dimensions 

apart from behaviour need to be incorporated into the diagnostic toolkit, such as 

neurobiological measures, thought patterns and genetics.  

In recent years, psychiatry is warming up to precision medicine, with the paradigm 

shift having coined its own term “precision psychiatry” (Fernandes et al., 2017). There are 

many initiatives and suggestions on how to propel this field forward and urging to review 

the current taxonomies (Wium-Andersen et al., 2017). Due to high heritability of 

neuropsychiatric disorders in general—estimated around 46% (Polderman et al., 2015)—

many are focusing on genetic testing and how psychiatry could benefit from it (Blom, 

2017). Concepts for bringing genetic testing to clinical practice are presented, along with 

challenges, guidelines and precautions (Preskorn, 2016). For major depressive disorder, a 

pharmacogenetics test algorithm was proposed to aid the selection of antidepressants 

(Nassan et al., 2016). 
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In the field of neurodegenerative diseases, there are also efforts to move precision 

medicine from bench to the bedside (Strafella et al., 2018); however, with a lower emphasis 

on genetics, due to its role being less clear in neurodegenerative diseases than in psychiatry. 

Genetic dissection of neurodegenerative disorders is hampered mostly by pleiotropy (Pang 

et al., 2017)—mutations in the same gene giving rise to diverse phenotypes—and low 

overall heritability, only very modestly explained by GWAS-identified genetic risk loci 

(Singleton & Hardy, 2016). In cancer research, genome-based predictors for early diagnosis 

and prediction of therapeutic response are developing rapidly and increasingly being 

integrated in precision cancer medicine clinical trials (Roper et al., 2015; Mosley et al., 

2018), rather than in other major disorders including neurodegenerative diseases 

(Kyrochristos et al., 2018). 

Biomarkers are of increasing importance in precision medicine as they are 

valuable for prognosis, diagnosis, patient stratification, etc., to “provide the right treatment 

to the right patient, at the right dose at the right time” (Landeck et al., 2016). A biomarker is 

an objective measure of normal biological processes, pathogenic processes or 

pharmacological response, that is quantifiable, precise and reproducible (Biomarkers 

Definitions Working, 2001). There are various biomarker classifications, one of them based 

on their role in drug development. Pharmacokinetic and pharmacodynamic (PK/PD) 

biomarkers are involved in early pre-clinical to phase I studies, where the drug is tested on 

healthy volunteers for safety, and biochemical, metabolic and physiologic effects of the 

drug are investigated via PK/PD biomarkers. In the later clinical phases of pharmacological 

trials (phase II and III), biomarkers can aid prognosis or play a role as a surrogate endpoint 

(Buyse et al., 2011), i.e. the biomarker substitutes or compliments a clinical outcome such 

as how a patient feels or functions (Fleming & Powers, 2012; Bikdeli et al., 2017; 

Medeiros, 2017). The pressing need for biomarkers is reflected in a several-fold increase in 

the number of publications with biomarker as a search term compared to the total number 

of publications (Cohen, 2014). Since 2005 interest in biomarkers has increased dramatically 

with a particularly striking peak in the past few years (Aronson & Ferner, 2017). This 

growth, both in absolute and relative terms, is illustrated in Figure 2. 

 

 



Introduction 

 

11 

 

 
 

Figure 2. Biomarker research has witnessed exponential growth over the past decades, highlighting 

the interest in the field. The growth trend is present not only in terms of the absolute number of 

publications (left) but also in the proportion of articles in life sciences & biomedical publications that 

concern the development or use of biomarkers, which has reached a remarkable 5% (right). We based 

the histograms on a PubMed search (June 2019) with keywords “biomarker” and “article”. Figure 

created by the author. 

 

Despite this immense and long-standing interest, there is a lack of validated and 

clinically useful biomarkers, as well as a small fraction of successful patents and market 

applications (Drucker & Krapfenbauer, 2013). An important issue here is sensitivity and 

specificity. Sensitivity is the true positive rate, i.e. the proportion of positives that are 

correctly identified as such (e.g., the proportion of ill people correctly identified as having 

the disease). Specificity is the true negative rate, i.e. the proportion of negatives that are 

correctly identified as such (e.g., the proportion of healthy people correctly identified as not 

having the disease). In order to be considered useful for clinical purposes, a biomarker 

needs to have both high sensitivity and specificity, which is usually—depending on the 

population—at least 90% (Brower, 2011; Humpel, 2011). A clinical biomarker must 

comply with specific criteria relevant for clinical trials and undergo a strict selection 

procedure (de Visser et al., 2003). Identifying biomarkers that have high accuracy and 

robustness has proven to be difficult in general (Diamandis, 2012; Wang et al., 2017). 

There are many pitfalls in the translation from biomarker discovery to clinical utility in 
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precision medicine, including lack of biomarker validation strategies and robustness of 

analysis techniques used in clinical trials (Drucker & Krapfenbauer, 2013). The most 

common failures in biomarker identification are flaws in study design (e.g., small sample 

size) as well as study execution (lack in standard operating procedures) and budget 

shortages (technological and personnel), while the biomarker validation pitfalls are mostly 

low sensitivity, specificity, etc. One of the most recent endeavours to tackle this unmet 

clinical need for biomarkers is by the Test Evaluation Working Group of the European 

Federation of Clinical Chemistry and Laboratory Medicine, which has produced a practical 

guide with a checklist to assist the discovery or implementation of new biomarkers and 

testing strategies (Monaghan et al., 2018). In this regard, the Test Evaluation Working 

Group encourages pilot testing of the new interactive tool and checklist as well as reporting 

user experience feedback. 

Biomarkers are of particular importance in drug development and are widely used 

in pharmaceutical research, with neurodegenerative diseases such as AD being one of the 

most prominent areas (Zhao et al., 2015). The biggest limitation in neurodegenerative 

research is the lack of appropriate biomarkers (Gotovac et al., 2014), despite this being an 

important goal. None have been sufficiently validated to be established as surrogate 

endpoints (Broich et al., 2011), which are needed particularly in early disease stages 

(presymptomatic) when classical clinical outcome measures might be too insensitive to 

change (Broich et al., 2011). In psychiatry, no biomarkers have proven sufficiently robust 

to enter clinical practice either (Kapur et al., 2012; Boksa, 2013). Recently, neuroimaging 

emerged as a potential solution for this, in neurodegenerative diseases (Jeromin & Bowser, 

2017) and psychiatry (Leyton & Kennedy, 2017). 

 

 

The potential of EEG biomarkers 

The use of human EEG in psychiatric and pharmaco-EEG research has been advocated 

already decades ago, describing the use of EEG for predicting pharmacological response 

and disease states (Itil & Itil, 1986; Itil et al., 1991; Itil & Itil, 1995). After being somewhat 

overlooked during the rise in alternative neuroimaging techniques such as MRI, fMRI and 

PET, EEG has regained interest and popularity again. The potential of EEG as a source of 

surrogate biomarkers has emerged in recent years, when it started being integrated by 
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pharmaceutical companies in preclinical and clinical programs of developing treatments for 

brain disorders such as depression, attention-deficit/hyperactivity disorder (ADHD), AD, 

schizophrenia, or pain (Leiser et al., 2011). A wealth of information can be derived from 

analyzing patterns of spontaneous and stimulus-evoked EEG activity, with considerable 

congruence between species, thus making for a translatable biomarker candidate in drug 

discovery. With its high temporal resolution, corresponding to the time scale at which 

neuronal activity takes place, EEG can provide a sensitive and immediate physiological 

marker of drug response.  

EEG-based signatures represent promising preclinical screens to quickly            

determine central nervous system (CNS) penetration, pharmacokinetic/pharmacodynamic 

profile, evidence of efficacy, CNS toxicity and drug-target engagement. Compound classes 

or families have been shown to exhibit unique electrophysiological signatures, in humans as 

well as animals (Leuchter et al., 2009; Drinkenburg et al., 2015). EEG offers the promise of 

predicting the likelihood of efficacy for novel therapies and compounds early in preclinical 

development. EEG-derived physiological endpoints may therefore facilitate drug discovery, 

candidate compound selection, patient stratification and decision-making in clinical trials. 

Wide availability, cost-effectiveness and non-invasiveness facilitate the implementation of 

EEG into clinical practice. All these characteristics vouch for EEG fulfilling the criteria for 

a biomarker. Another important aspect of a good biomarker is high test-retest reliability, 

where EEG is favourable with some biomarkers not being dependent on the measuring 

equipment as well as the high heritability of EEG, which represents a lower bound on the 

individual test-retest reliability. High heritability has been established for EEG oscillatory 

activity, both in terms of spectral and temporal content, as well as event-related potential 

(ERP) measures (van Beijsterveldt & van Baal, 2002; Smit et al., 2005; Smit et al., 2006; 

Linkenkaer-Hansen et al., 2007; Smit et al., 2018). 

Today, a large body of literature exists documenting the sensitivity of EEG 

biomarkers to virtually all brain disorders, including a range of psychiatric disorders such 

as depression, ADHD, ASD, addiction, bipolar disorder, anxiety, panic disorder, post-

traumatic stress disorder (PTSD), obsessive compulsive disorder (OCD) and schizophrenia  

(Newson & Thiagarajan, 2018; Lavoie et al., 2019) as well as neurodegenerative disorders 

such as AD, Parkinson’s disease, multiple sclerosis etc. (Nimmrich et al., 2015; McMackin 

et al., 2019). 
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EEG can be regarded as a useful biomarker for AD, with well-established EEG 

changes in the course of the disease, including slowing of the EEG oscillations and decline 

in optimal functional network organization (Jeong, 2004; van Straaten et al., 2014; Cassani 

et al., 2018). In the emerging field of computational neurology, EEG holds promise in 

performing differential diagnosis of the most common neurocognitive disorders, with 

several particularly promising indices of synaptic neurotransmission as potential 

biomarkers (Horvath et al., 2018). Both qualitative and quantitative EEG analysis have 

proven valuable in differentiating between AD and dementia with Lewy bodies (Dauwan et 

al., 2016; van der Zande et al., 2018). In nondemented, amyloid positive subjects, EEG 

oscillatory activity is shown to be related to clinical progression (Gouw et al., 2017). Using 

machine learning, EEG can increase the detection of AD pathology in pre-dementia stages, 

improve its differential diagnosis and even outperform structural imaging, cognition and 

cerebrospinal fluid biomarkers in some of these analyses (Ferreira et al., 2016). Despite its 

inexpensiveness, non-invasiveness and the ability to detect early synaptic dysfunction as 

well as tracking the course of the disease, EEG is still not part of the standard of care in 

clinical practice in dementia. However, it has potential for early diagnosis of AD and a 

better understanding of the pathophysiological mechanisms of disease; therefore, its 

validation against current cerebrospinal fluid, PET and MRI biomarkers is needed (Maestu 

et al., 2019). In other neurodegenerative diseases, EEG has also been reported as a clinical 

correlate, predictor of disease progression and potentially for early diagnosis, e.g. in 

Parkinson’s disease (Geraedts et al., 2018). 

Many EEG indicators have the capability to distinguish between neuropsychiatric 

conditions and predict clinical improvement in affective disorders (Kesebir & Yosmaoglu, 

2018). EEG is not commonly used to plan treatment in psychiatry; however, the benefits of 

doing this in the future are becoming more evident. EEG abnormalities such as isolated 

epileptiform discharges are prevalent in psychiatric patients, particularly those diagnosed 

with ASD (Boutros, 2009). Thus, the integration of EEG into psychiatric practice could be a 

step towards precision medicine (Swatzyna et al., 2017). The hope is that EEG can provide 

individualized understanding of pharmacotherapy failures and potentially improve      

treatment selection in ASD, ADHD, anxiety and mood disorders (Swatzyna et al., 2015).    

Several neurophysiological subtypes have been identified in ADHD and depression based 

on EEG biomarkers, suggested as being predictive of response to stimulants and                
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antidepressants as well as treatment resistance (Arns & Olbrich, 2014; Arns et al., 2018). 

Future clinical trials could benefit from incorporating these endophenotypes for            

investigating efficacy of new treatments. There are many more potential EEG biomarkers 

that might help identify favourable treatment outcome in ADHD and depression, paving the 

way to an electrophysiological biomarker-based precision medicine (Olbrich et al., 2015).  

The first EEG biomarker to obtain FDA approval for diagnostic utility in a mental 

health condition was theta:beta power ratio for ADHD (Snyder et al., 2015). It is meant to 

help determine whether a patient with ADHD symptoms is likely to have a mimicking 

disorder rather than ADHD itself, with a higher theta:beta ratio supporting ADHD diagnosis 

and a relatively lower ratio indicating an increased likelihood of another disorder. 

Theta:beta ratio is intended to be integrated with a clinician’s evaluation, and it illustrates 

how the use of EEG technologies could elevate non-specialist expertise to approximate that 

of specialists. Although other studies and analyses have not been so conclusive on the 

legitimacy of this metric for diagnosis (Arns et al., 2013; Saad et al., 2018), the FDA 

validation study showcased a reduction in over-diagnosis of ADHD using theta:beta ratio. 

The expectation is that physiology measured via EEG reflects the mechanisms of the 

disorder more directly than the clinical interview and that in the future EEG can better 

guide therapy in an individual patient than a physical examination (Ewen, 2016). 

There are many efforts to follow suit with EEG biomarkers in clinical applications, 

with a particular focus on pharmaco-EEG and its potential in precision medicine (Jobert & 

Arns, 2015). The International Pharmaco-EEG Society (IPEG) has recently published 

guidelines, which were produced by a global panel of EEG experts, with the objective of 

standardizing human pharmaco-EEG studies to enable data compatibility across 

laboratories (Jobert & Wilson, 2015). Pharmaco-EEG in animal studies could optimize its 

translational validity and applications by adhering to such guidelines (Drinkenburg et al., 

2015). In another initiative, to counteract the low success rates in CNS clinical trials, a 

framework has been put forward for the use of pharmaco-EEG and biomarker techniques in 

early decision-making in drug development along with routes to put it into practice (Wilson 

& Danjou, 2015). Applying such methodological standardizations of experimental 

conditions and data processing approaches to pharmaco-EEG research can enable data-

pooling and large-scale meta-analyses, thus making a step forward in validation of novel 

analytical algorithms and the detection of EEG-based biomarkers. 
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Beyond single biomarkers: integration 

Despite the importance of identifying good clinical biomarkers and an ever-growing body 

of research literature, we are still lacking biomarkers that fulfil (all of) the criteria. One of 

the most challenging requirements is high sensitivity and specificity, because in practice a 

highly sensitive biomarker is usually not very specific and vice versa. That is, for any 

individual measure, there is always a large overlap between the healthy population and 

patients. This problem is prevalent across various medical fields, but is particularly 

pronounced for brain disorders due to their heterogeneity and complexity. There are many 

symptoms overlapping between disorders as well as considerable variability within 

disorders, which also holds true for biomarkers (Newson & Thiagarajan, 2018; Lavoie et 

al., 2019). This usually renders the search for universal (neuropsychiatric) biomarkers 

fruitless, regardless of the technique being used: neuroimaging, genomics, proteomics, etc.  

Conceptually, a more viable approach seems to be a combined analysis of several 

biomarkers to define a specific signature of disease (progression) or response to therapy. 

This solution has increasingly been put forward in the recent years (Drucker & 

Krapfenbauer, 2013; Gotovac et al., 2014) and investigated. Using the combinatorial power 

of a number of different biomarkers can potentially yield biomarkers with “ideal” 

sensitivity and specificity, even if each of the biomarkers alone does not offer satisfactory 

sensitivity and specificity. I.e., even if there is a large overlap between controls and patients 

in the best individual biomarkers, by combining them in higher dimensions, it is 

theoretically possible to achieve perfect separation, as illustrated in Figure 3.  

This biomarker integration can be performed with machine learning—the scientific 

study of algorithms and statistical methods that derive accurate predictive models from 

datasets. Machine learning algorithms build a mathematical model based on sample data, 

known as the “training dataset”, in order to make predictions or decisions. These algorithms 

are used in a wide variety of applications, from email spam and malware filtering, image 

and speech recognition, to healthcare and life sciences. Propelled forward by technological 

advances and an unprecedented wealth of data overall, machine learning has found its way 

into virtually all medical fields: radiology (Choy et al., 2018), diabetes (Kavakiotis et al., 

2017), cardiovascular (Shameer et al., 2018) and cancer research (Kourou et al., 2015), to 

name a few. 
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Figure 3. Integration of multiple biomarkers can improve discriminative power. In this simulated 

example, the blue and red groups (e.g., controls and patients) are largely overlapping if we only 

consider the single biomarkers. However, with the two biomarkers combined, there is an almost 

perfect separation of the two groups, represented by the black dashed line. This separation boundary 

can be identified using machine learning algorithms. Figure created by the author. 

 

Importantly for precision medicine and clinical trials, it is also used for drug 

discovery (Lavecchia, 2015) and biomarker identification (Carreiro et al., 2015; Jagga & 

Gupta, 2015). The recent emergence of deep learning has accelerated and opened up new 

avenues for application, e.g. in medical image analysis, gene expression analysis (Cao et 

al., 2018), speech recognition, and controlling a neuroprosthesis (Faust et al., 2018). The 

future surely holds many more applications for machine learning in medicine, which will 

hopefully aid modelling diagnostic information and reveal hidden dependencies between 

symptoms and illnesses. Currently, improving accuracy and efficiency of health outcome 

identification from electronic health records is an active research area (Wong et al., 2018), 

which—if proven successful—could cause a paradigm shift. 
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This biomarker integration approach is particularly suitable for applications in 

EEG research. The EEG signal is complex and information rich, consisting of different 

oscillatory components (categorized into frequency bands), and can be parametrized by 

different biomarker algorithms. Therefore, taking the synergistic information from different 

biomarkers can provide a more comprehensive characterization of the brain signals and 

enhance classification performance. Indeed, machine learning in EEG has shown promise 

for various purposes and different neuropsychiatric disorders. In the diagnostic realm, it has 

been used to classify a disorder or support diagnosis (Lehmann et al., 2007; Trambaiolli et 

al., 2011; Tenev et al., 2014; Cassani et al., 2018), for differential diagnosis (Garn et al., 

2017) and early detection of a disorder (Bosl et al., 2018). In the domain of prediction and 

prognosis, it has been used for disease progression (Poil et al., 2013; Cassani et al., 2018), 

predicting treatment response (Khodayari-Rostamabad et al., 2010; Khodayari-Rostamabad 

et al., 2013), and prediction of seizure (Cao et al., 2018; Craik et al., 2019) or psychosis 

(Ramyead et al., 2016). Furthermore, EEG classification has been successfully applied for 

many other tasks, including sleep-stage scoring and emotion recognition (Craik et al., 2019) 

as well as motor imagery classification, EEG decoding and BCI (Faust et al., 2018). Using 

machine learning on EEG it is possible even to predict age—with an accuracy comparable 

to the one obtained with MRI (Vandenbosch et al., 2019), and gender (van Putten et al., 

2018). 

Although we have outlined some advantages of EEG and focused on its machine 

learning applications in this thesis, it is essential to incorporate other techniques to obtain a 

comprehensive perspective of pathophysiology. Combining complementary sources can 

result in the discovery or validation of composite biomarkers and more powerful predictive 

models. Other sources in this context are, for instance, various neuroimaging modalities, 

with which machine learning has also proven useful in classifying major neurological and 

psychiatric disorders (Wolfers et al., 2015; Bratic et al., 2018; Sakai & Yamada, 2019). 

Similarly, different –omics as well as behavioural data can provide more dimensions of 

valuable information and, ultimately, should also be included into an all-encompassing 

integrative biomarker scheme. 

 

 

 



Introduction 

 

19 

 

The resting-state paradigm: neurophysiology and cognition  

The resting-state paradigm, which is considered throughout this thesis, is a frequently 

employed condition in clinical neurophysiology and neuroimaging. Interest in 

characterizing the brain “at rest” has been growing in recent years, as this is believed to 

reflect the intrinsic activity of the brain. These task-independent neuronal fluctuations have 

been linked to diseases, cognitive decline, and disturbances in consciousness (van Diessen 

et al., 2015), as investigated with the resting-state paradigm. Irrespective of the subjects or 

patients receiving instructions not to think of anything in particular, thoughts and feelings 

relentlessly go on during the resting-state session. Interruption of focus by task-unrelated 

thoughts is a frequent phenomenon even during tasks which require attention, so it will 

inevitably also take place when no restrictions for the focus of thoughts are given. The state 

in which attention drifts away from the task at hand towards inner mentation is called mind 

wandering or stimulus-independent thought. Mind wandering is a natural property of the 

human mind, which everyone is familiar with and, most likely, has experienced while 

reading this thesis. Moreover, mind wandering during reading is so common that it even 

received its own term—mindless reading, which is a subject of research (Reichle et al., 

2010). It has been estimated that mind-wandering activity occupies up to half of the waking 

day (Killingsworth & Gilbert, 2010). Unique to humans, this ability has been linked with 

both costs and benefits. While it can be useful for learning, reasoning, reflecting and 

planning, it may also have a destructive emotional impact and has been linked to negative 

mood, rumination and depression (Hamilton et al., 2011; Hamilton et al., 2015) as well as 

anxiety and ADHD (Christoff et al., 2016). This corroborates the importance of 

investigating mind wandering and its role in health and disease. 

The wakeful rest condition—with the unconstrained nature of thoughts occurring 

in the absence of a task—bears many similarities with the mind-wandering state and can be 

used to stimulate mind wandering. Therefore, the “resting state” has come forth as a model 

system to study stimulus-independent thoughts and feelings and can be considered a proxy 

for mind wandering (Stoffers et al., 2015). The Amsterdam Resting-State Questionnaire 

(ARSQ) offers an effective way to measure the content and quality of thoughts and feelings 

during rest (Diaz et al., 2013; Diaz et al., 2014). It quantifies subjective psychological 

domains of resting, spanning from higher-order cognition to sensory experiences and bodily 
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sensations. In spite of the narrow timeframe probed by ARSQ—typically the thoughts and 

feelings experienced during just 5 minutes—many of the factors show a strong correlation 

with classical (psychometric) scales of general mental well-being, measuring anxiety, 

depression, or sleep quality (Diaz et al., 2013; Diaz et al., 2014). Some of the ARSQ 

dimensions are associated with personality traits, which might partially explain the high 

test-retest reliability of ARSQ across long periods of time (Diaz et al., 2014). Multiple 

dimensions of ARSQ are related to resting-state fMRI connectivity (Marchetti et al., 2015; 

Stoffers et al., 2015) and EEG biomarkers or microstates (Diaz et al., 2013; Diaz et al., 

2016; Pipinis et al., 2017), and can thus help understand the functional significance of 

variations in brain activity during rest. Wake resting-state mentation, as measured with 

ARSQ, is affected by experimental manipulation, such as meditation in healthy participants 

(Irrmischer et al., 2018) and also disease, such as insomnia (Palagini et al., 2016).  

ARSQ measures were also found to be predictive of sleep-onset latency and 

success of falling asleep in healthy participants (Diaz et al., 2016). Furthermore, the factor 

Sleepiness correlates with clinically relevant EEG biomarkers and may partially explain a 

resting-state EEG profile that has previously been linked to Alzheimer’s disease (Diaz et 

al., 2013). Namely, activity in the lower EEG frequency bands can be increased due to both 

neurological disease (such as AD) and states of drowsiness, therefore the Sleepiness score 

may be used to discover potential confounders or adjust the interpretation of results in cases 

where low levels of vigilance are suspected. Sleepiness ARSQ score is also associated with 

specific patterns of functional connectivity in fMRI (Stoffers et al., 2015). These findings 

are particularly relevant for the resting-state recording condition, where longer durations of 

the eyes-closed state might be associated with more sleepiness, thereby affecting the 

neurophysiological or neuroimaging results. The role of arousal has not been considered 

much in resting-state fMRI research, although the arousal level is a source of significant 

intra-subject variability. Future studies may wish to include measures of vigilance during 

the participant’s recording session so that these can serve as a covariate in the analysis. 

All this illustrates that mental content experienced by the patient or participant 

during the resting session is likely to be an important expression of disease and that it may 

also influence the recording (EEG/fMRI), thereby potentially biasing interpretation of 

results. Surprisingly, behavioural variables, which would account for these underlying 

spontaneous thoughts and feelings during the subject’s recording session, are usually not     
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inquired in this condition. Using questionnaires such as the ARSQ can help disentangle the 

(intra-subject) variability of resting-state EEG parameters and elucidate possible 

confounders such as the subjects’ mood or vigilance. ARSQ may also help unravel how the 

variation in EEG parameters relates to variation in sensory and non-sensory experiences. 

This may help bridge the gap in understanding the relationship between neurophysiological 

activity and the internal, subjective states experienced during rest. 

 

 

Thesis outline 

The main aim of this thesis was developing and integrating biomarkers to enhance 

sensitivity to disease or drug intervention and gain deeper insight into disease heterogeneity 

for better patient stratification. To achieve this, we developed statistical tools and software 

for accurate monitoring of neuro-cognitive changes caused by disease or therapeutic 

intervention, which could benefit future clinical trials and precision medicine. 

In Chapter 1, we integrated multiple biomarkers to derive an EEG signature of 

disease or drug intervention, to enhance the accuracy of identifying these in clinical trials. 

Using machine learning on EEG recordings from healthy subjects receiving scopolamine—

a muscarinic acetylcholine receptor (mAChR) antagonist—which induces temporary 

cognitive impairment mimicking Alzheimer’s disease, we obtained an integrated index. Our 

mAChR index fulfilled key clinical biomarker criteria: high sensitivity and specificity, high 

test-retest reliability, generalizability, and reflecting pathophysiological processes in the 

brain. This highlights the potential of quantitative EEG as a source of surrogate endpoints 

in experimental pharmacology and early-phase studies. 

In Chapter 2, we aimed to establish a method to monitor neurophysiological 

effects of modulating the nicotinic cholinergic system, to be used for proving pharmacology 

of nicotinic agonists being developed for Alzheimer’s disease and other cognitive disorders. 

Applying machine learning to EEGs of healthy subjects receiving mecamylamine—a 

nicotinic acetylcholine receptor (nAChR) antagonist—we developed a nAChR index 

sensitive to mecamylamine, for monitoring nicotinic cholinergic effects. Using the nAChR 

index, we demonstrate reversal of mecamylamine-induced EEG disturbances with 

established cognitive enhancers: nicotine and galantamine. The nAChR index, as a measure 
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of the nicotinic EEG profile, jointly with the mecamylamine challenge model, could aid 

future proof-of-pharmacology studies to demonstrate the effects of nicotinic cholinergic 

compounds. 

In Chapter 3, we introduced a novel biomarker algorithm to estimate a functional 

form of excitation/inhibition ratio from neuronal network signals (fE/I), and to investigate 

fE/I in autism spectrum disorder (ASD)—one of the brain disorders thought to be 

characterized by disruptions of E/I balance. Applying the fE/I measure and scoring the EEG 

for visual abnormalities in unmedicated children with ASD, we found different types of 

EEG abnormalities to be strongly associated with E/I imbalances. These identified 

electrophysiological phenotypes may aid in guiding treatment selection and monitoring 

treatment effects in neurodevelopmental disorders. 

In Chapter 4, we investigated the quantitative nature of thoughts and feelings 

during mind wandering in insomniacs and healthy controls and their relationship with 

sleep-related parameters. We used eyes-closed wakeful rest as an experimental model 

condition of mind wandering and quantified the subjective experiences with the Amsterdam 

Resting-State Questionnaire (ARSQ). We found insomniacs to have strikingly different 

scores on most dimensions of the ARSQ as well as these aberrant cognitive scores being 

related to unhelpful beliefs and insomnia severity. 

In Chapter 5, we characterized the subjective, internally oriented experiences 

during the eyes-closed rest condition—which we used to stimulate mind wandering—with 

ARSQ, in adults with ASD and controls. Thoughts and feelings experienced during rest 

were remarkably different in the ASD group, with some indication of this being related to 

ASD symptomatology. Using these differences in resting-state cognition, it was possible to 

distinguish adults with ASD from controls with machine learning. 

 

 

 

 

 

 

 

 


