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Everyday tasks that require executive functions, for example planning, goal-di-

rected behavior and directed attention, can be challenging for people with neuro-

developmental disorders, such as attention deficit hyperactivity disorder (ADHD). 

The symptomatic behavior of ADHD and underlying neural functions are difficult to 

measure objectively with conventional restricted tasks and subjective interviews. 

Recently, an open-ended virtual reality (VR) game EPELI (Executive Performance 

in Everyday LIving) was developed to quantify ADHD symptoms in everyday situa-

tions. Together with advances in naturalistic neuroscience in analyzing functional 

magnetic resonance imaging (fMRI), data acquired during EPELI game creates a 

novel approach to studying ADHD specific brain activity. 

In this thesis children (aged 9-13) with ADHD (n=14) and healthy controls (n=20) 

played EPELI during fMRI scanning. Brain activity during several behavioral states 

of the VR game were analyzed first with conventional general linear model (GLM), 

comparing listening to instructions and executing tasks, as well as tasks with and 

without irrelevant distractors. Next, activity during the same behavioral states was 

analyzed with voxel-based state space analysis recently developed for analysis of 

fMRI data of open-ended VR game play. 

Results of GLM analysis showed within-group effects in both groups, with both be-

havioral comparisons. Listening to the instructions is linked to auditory and speech 

areas in the temporal brain regions and the default-mode network, and task execu-

tion is linked to brain regions in dorsal attention network (DAN), as expected. The 

irrelevant distractors were linked to the auditory regions in both groups, as well as 

DAN in the control group, suggesting that the irrelevant distractors require extra 

effort from attention control systems. The performance of the voxel-based state 

space modeling was then compared to the results of the GLM. The brain state rep-

resentations of the voxel-based state space modeling mostly followed the GLM re-

sults. However, the presentations of the brain states were not optimal, and the re-

sults were only rough estimations. 

From the first simple models, the baseline provided by the GLM reflected the ex-

pected brain activity of the different phases of the VR game. In addition, the voxel-

based state space modeling offers still many possibilities for further development. 
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Tiivistelmä 

Jokapäiväiset arkielämän askareet, joissa on osallisena toiminnanohjaus, saattavat tuottaa 

ylimääräisiä haasteita henkilöille, joilla on aivotoiminnan kehityksellisiä häiriöitä, esimerkiksi 

aktiivisuuden ja tarkkaavuuden häiriö (attention deficit hyperactivity disorder, ADHD). Näitä 

tehtäviä ovat esimerkiksi toiminnan suunnittelu ja tarkkaavuuden kohdentaminen. ADHD:n 

oireita ja niitä vastaavaa aivotoimintaa on haastava mitata objektiivisesti tavanomaisilla yk-

sinkertaisilla testeillä tai subjektiivisilla haastatteluilla. Hiljattain, virtuaalitodellisuuspeli 

EPELI (Executive Performance in Everyday LIving) kehitettiin kvantifioimaan ADHD:n oi-

reita tosielämän tilanteissa. Kehitetty peli ja naturalistisen neurotieteen parissa viime ai-

koina kehittyneet menetelmät toiminnallisen magneettikuvantamisdatan analysoinnissa 

mahdollistavat uuden lähestymistavan ADHD:n poikkeavan aivotoiminnan tutkimiseen. 

Tässä diplomityössä analysoitiin toiminnallista magneettikuvantamisdataa, joka kerättiin 

neurotyypillisten lasten (ikä 9-13, n=20) sekä ADHD diagnoosin saaneiden lasten (ikä 9-13, 

n=14) pelatessa EPELI virtuaalitodellisuuspeliä. Aivotoimintaa eri pelin vaiheiden ajalta en-

sin tavanomaisella menetelmällä, yleisellä lineaarisella mallilla (general linear model, GLM). 

Analyysissa verrattiin aivotoimintaa ohjeiden kuuntelun ajalta aivotoimintaan tehtävien su-

orittamisen ajalta. Lisäksi epäolennaisten häiriöiden merkitystä aivotoimintaan tehtävien su-

orittamisen aikana tutkittiin. Tämän jälkeen, samoja toimintoja tutkittiin uudella menetelmä-

llä, voxel-based state space -mallilla. Tämä menetelmä on kehitetty hiljattain virtuaalitodel-

lisuuspelien aikaisen toiminnallisen magneettikuvantamisdatan analysointiin. 

GLM analyysit tuottivat odotettuja tuloksia eri pelin toiminnoille ryhmien sisällä. Näitä 

tuloksia voidaan käyttää vertailukohtana jatkossa arvioitaessa uusien menetelmien 

sopivuutta EPELI-pelin aikaisen aivotoiminnan analysointiin. 

Uutta voxel-based state space -mallia testattiin vertaamalla sitä GLM tuloksiin. Uuden 

menetelmän tulokset olivat pääosin GLM analyysin tuloksien mukaisia, lukuunottamatta 

joitain havaittuja eroja. Uuden mentelmän tulosten visualisointi ei myöskään ollut opti-

maalinen, joten tulokset olivat hieman epätarkkoja. 

Tästä huolimatta, näiden ensimmäisten yksinkertaisten mallien perusteella saatiin pelin 

toiminnallisia vaiheita kuvaava vertailukohta aivotoiminnalle GLM analyysista, jota voidaan 

hyödyntään jatkosaa analyysimenetelmien kehittämisessaä. Lisäksi uusi menetelmä 

vaikutti lupaavalta, mutta vaatii edelleen kehittämistä. 

Avainsanat  aktiivisuuden ja tarkkaavaisuuden häiriö, toiminnallinen 

magneettikuvaus, virtuaalitodellisuus,   
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1 Introduction 
 

 

Attention deficit hyperactivity disorder (ADHD) is a neurodevelopmental 

disorder, with core symptoms of inattention, hyperactivity, and impulsivity 

(American Psychiatric Association, 2013; World Health Organization, 2016; 

Käypä hoito -suositus, 2019). Challenges of ADHD manifest typically in com-

plex every-day situation, where executive functions, for instance planning, 

directed attention, working memory and goal-directed behavior, are re-

quired. Indeed, the abundance of information in our society poses high de-

mands on attention regulation abilities. The capability to voluntarily target 

attention on relevant information (‘top-down’), while ignoring irrelevant in-

coming stimuli (‘bottom-up’) is crucial for many demanding, yet necessary 

every-day tasks, such as studying and working (Vossel, Geng and Fink, 2014). 

Consequently, impairments in attention control and closely related cognitive 

skills, executive functions, cause distress in daily life of people with ADHD 

(Faraone et al., 2015, 2021; Salmi et al., 2018). These difficulties can have a 

major negative impact on quality of life. In fact, ADHD has been linked to 

several undesired results, including difficulties in social relationships, under-

performance in school, unemployment, and increased risk at substance 

abuse (Faraone et al., 2021). 

 

Understanding the brain-behavior relationship is essential for development 

of increasingly efficient diagnostics and sufficient treatment of ADHD. Func-

tional magnetic resonance imaging (fMRI) has revealed integral network dy-

namics of attention function in the brain, which relate to ADHD brain func-

tioning as well. Accordingly, large-scale networks were defined based on the 

intrinsic fluctuations of brain activity and its correlations during resting state 

fMRI (rs-fMRI) (Raichle et al., 2001; Fox et al., 2005). Abnormal interac-

tions within the networks, as well as between them, has been associated with 

several psychiatric disorders, including ADHD (Castellanos and Proal, 2011; 

Menon, 2011). However, the evident behavioral implications are lacking, as 

behavioral meaning for attention function cannot be retrieved from rs-fMRI 

(Salmi et al., 2018). In addition, recent meta-analyses of structural MRI, 

task-based fMRI and rs-MRI failed to converge to specific regions (Samea et 

al., 2019; Cortese et al., 2021; Pereira-Sanchez and Castellanos, 2021). Cur-

rently there are no reliable neural markers of ADHD (Cortese and Coghill, 

2018). The results in neuroimaging of ADHD could possibly reflect variation 

in methodologies (Pereira-Sanchez and Castellanos, 2021), heterogeneity of 

ADHD symptom manifestation (Faraone et al., 2015) or overly simplified 

tasks insufficient to elicit complex difficulties of ADHD (Faraone et al., 

2021). 
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In order to overcome these issues, advances in naturalistic neuroscience and 

virtual reality (VR) provide a more ecologically valid (i.e., more relevant to 

real-life) option (Reggente et al., 2018; Finn et al., 2022). In fact, recently a 

VR task simulating real-life environments and tasks was presented (Ryu et 

al., 2020) as a tool for diagnosing based on DSM-V criteria (American Psy-

chiatric Association, 2013). Indeed, compared to conventional, restricted 

neuroimaging paradigms, or even traditional passive videos or narratives in 

naturalistic neuroscience, VR tasks in neuroimaging move increasingly 

closer to real-life experiences. Additionally, novel methods employed for VR-

game fMRI data analysis has been recently published (Zhang et al., 2021). 

However, no studies with ADHD and VR-fMRI have yet been reported. 

 

Our research group has recently developed a VR-game task EPELI (Executive 

Performance of Everyday LIving) and demonstrated its success in quantify-

ing ADHD behavior in a strictly controlled yet naturalistic setting (Seesjärvi 

et al., 2021). Here, this VR-game task was adapted for fMRI research, with 

the aim to explore the brain activity behind the behavioral observations re-

ported in the recent study. The same behavioral effects were detected also 

during this fMRI study. The summary of the behavioral results is included in 

the appendix. With this open-ended VR-game, the brain activity of ADHD 

children can be examined during goal-directed behaviors in real-life situa-

tions where ADHD symptoms typically manifest. 

 

This thesis included an fMRI experiment with a novel EPELI VR-game task 

that was performed by children with ADHD and neurotypical controls. 

EPELI included tasks from children’s everyday life at home, which provided 

an opportunity to investigate brain activity in nearly real-life conditions. 

Such a novel, open-ended task produced rich data. To date, no specific anal-

ysis method has been established for such fMRI data. Consequently, two 

analysis methods with relatively simplified models were investigated in this 

thesis. First, a conventional analysis method, general linear model (GLM) 

(Friston et al., 1994) was selected. GLM analysis provided the first check-

point for not only the brain effects of the EPELI task on its own, but also the 

effects regarding ADHD. Second, a voxel-based state space modeling was 

performed, motivated by recent results in analysis of fMRI data from an 

open-ended game task (Zhang et al., 2021). 
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The goal of this thesis was to perform the first steps of analysis for rich EPELI 

fMRI data that has previously never been collected and evaluate the use of 

EPELI in fMRI. The research questions regarding the two analysis methods 

were: 

1) Is there an observable difference in brain activity between different 

phases of EPELI that are clearly different behaviorally? Are there any 

group differences between the ADHD and the control group? 

2) Is the voxel-based state space model suitable for analyzing EPELI-

fMRI data? Do the results differ from conventional methods? 

 

Based on the previous literature, the hypotheses for the first questions sus-

pected that comparing listening to the instruction to task execution phase, 

should reveal a significant effect in auditory brain regions, and possibly de-

fault-mode network (DMN) (Castellanos and Proal, 2011; Salmi et al., 2018). 

The opposite comparison should highlight dorsal attention network (DAN) 

involved in visuospatial search and top-down attention (Vossel, Geng and 

Fink, 2014; Macaluso and Ogawa, 2018). Final comparison, execution of 

tasks with distractors compared to tasks without distractors, can activate bot-

tom-up ventral attention network (VAN) and auditory or visual brain regions 

(Vossel, Geng and Fink, 2014; Salmi et al., 2018). No hypotheses for the 

group differences were made, since the sample size was limited. The second 

part of research questions was rather exploratory, due to the lack of previous 

literature on this novel method, the analysis was conducted with a novel 

voxel-based state space modeling. Therefore, no strict hypotheses were set, 

apart from expecting at least somewhat similar results with GLM.  

 

This thesis is organized according to following outline. Next, chapter 2 covers 

relevant background information related to the topics of this thesis, first 

ADHD, followed by neuroimaging of ADHD and finally naturalistic neurosci-

ence. Then, chapter 3 describes the materials and methods of this thesis, con-

tinuing to presentation of results in chapter 4. Chapter 5 provides discussion 

on effects of the results and limitations of the thesis and lastly, final conclu-

sions are compiled to chapter 6. 
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2 Theoretical background 
 

2.1 Attention deficit hyperactivity disorder 
 

Attention deficit hyperactivity disorder (ADHD) is a neurodevelopmental 

disorder characterized by inattention, hyperactivity and impulsivity. The 

manifestation of ADHD varies between individuals and over time within the 

same individual (Faraone et al., 2015). According to current diagnostic crite-

ria, ADHD symptoms and impairments are present already in childhood and 

result in behavior deviating from expected developmental level, negatively 

impacting several areas of life. The presentation of ADHD can be either pre-

dominantly inattentive or predominantly hyperactive-impulsive or com-

bined (World Health Organization, 2016; Käypä hoito -suositus, 2019). Typ-

ically, hyperactivity symptoms decrease from childhood into adulthood. Dif-

ferent presentations of ADHD are possible both in childhood and in adult-

hood (Faraone et al., 2021). Overall, ADHD is more common in children: The 

prevalence in children aged 6-18 is between 3.6 % and 7.2 % (Polanczyk et 

al., 2015; Thomas et al., 2015), compared to the prevalence between 2.5 % 

(aged 17 - 84)(Simon et al., 2009) and 3.5 % (aged 19-44) (Fayyad et al., 

2007) in adults. In fact, whether adults should be diagnosed with ADHD was 

previously questioned, however, the current consensus acknowledges that 

ADHD exits also in adults (Faraone et al., 2015, 2021). 

 

The cause of ADHD is attributed to several genetic and environmental risk 

factors affecting simultaneously. Although in rare cases a single gene defect 

may result in the disorder, typically multiple gene variants add to the risk for 

ADHD, each with a small effect (Faraone et al., 2015, 2021; Demontis et al., 

2019). Similarly, individual environmental risks are thought to increase min-

imally the risk for the disorder. Consequently, the interaction of environmen-

tal risk factors and risk genes are thought to impact the disorder onset (Far-

aone et al., 2021). Even though the genetic and environmental basis behind 

ADHD and other psychiatric disorders is partially shared, also some unique 

genetic variations associated with ADHD have been detected (Demontis et 

al., 2019). 

 

Furthermore, ADHD is a highly heterogenous disorder. Even within the three 

presentations of ADHD, the individual variability of symptom manifestation 

is significant. Impairments in several cognitive domains are observed in 

ADHD, typically a subset of the following rather than all in one person. 

ADHD is related to deficits of executive functions (e.g., visuospatial and ver-

bal working memory, inhibitory control, vigilance, planning and organiza-

tion), temporal information processing and motor control. In addition, peo-

ple with ADHD have presented abnormal processing speed and response 
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time variability, and tendency towards suboptimal decisions, due to prefer-

ence of instant rewards over slow profits (Faraone et al., 2015, 2021). As a 

result, ADHD has a negative impact on quality of life, worsening over the 

years compared to healthy controls (Lee et al., 2016).  

 

Consequently, the heterogeneity of ADHD sets a challenge to diagnostics. 

ADHD diagnosis requires relatively extensive resources (Gualtieri and John-

son, 2005), since available tests each measure only limited part of the com-

plex set of symptomatic behavior. Thus, multiple tests are needed in the di-

agnostic process. Another aspect of heterogeneity in ADHD is its common 

comorbidity with other psychiatric disorders. Nevertheless, a licensed clini-

cian is able to diagnose ADHD based on comprehensive interviews of the par-

ent or caregiver and possibly the patient. To support the assessment, rating 

scales, neuropsychological tests and computerized tasks are frequently ap-

plied. However, they are not sufficient to set up an ADHD diagnosis (Gual-

tieri and Johnson, 2005; Faraone et al., 2015, 2021). The developmental his-

tory of the patient is reviewed following the diagnostic criteria, which re-

quires onset already in childhood (American Psychiatric Association, 2013; 

World Health Organization, 2016). Furthermore, closely following the de-

fined diagnostic criteria is essential in diagnostics. Evaluating whether the 

criteria are sufficiently met is the main goal of diagnostic interviews (Faraone 

et al., 2021). With these efforts a reliable diagnosis is possible (Gualtieri and 

Johnson, 2005). 

 

Over the diagnostic process, clinician evaluates possible treatment options. 

Several effective and safe medications are available for ADHD, divided into 

stimulants and non-stimulants. Non-pharmacological treatment options are 

available as well, but typically they are less efficient in reducing ADHD symp-

toms than medication (Faraone et al., 2021). Nonetheless, they can provide 

tools for coping with challenges of ADHD, especially when medication alone 

is insufficient or unavailable (Faraone et al., 2015, 2021). For example, par-

ent training and adapting school environment to support desired perfor-

mance in addition to practicing regulatory abilities with game-like elements 

have helped the treatment of ADHD in children (Faraone et al., 2015).  

 

2.1.1 Neuroimaging of ADHD 

 

Numerous neuroimaging studies have been conducted, aiming to increase 

the understanding of ADHD. Despite the lack of neural markers for ADHD 

and failure to produce convergent results (Cortese and Coghill, 2018; Samea 

et al., 2019; Cortese et al., 2021), some differences between people with 

ADHD and neurotypical people have been discovered over the years with 

structural and functional brain imaging, mostly MRI (Pereira-Sanchez and 

Castellanos, 2021). 
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Recently, abnormalities in intracranial and subcortical gray-matter volume, 

as well as cortical thickness and surface area were found in people with 

ADHD compared to healthy controls. In an international open-science initi-

ative, The Enhancing NeuroImaging Genetics Through Meta-Analysis 

(ENIGMA), several teams are working with large-scale genetics and neu-

roimaging data (Hibar et al., 2015; Pereira-Sanchez and Castellanos, 2021). 

One of the targets in the ENIGMA project is ADHD, and as a result, findings 

from structural images of thousands of subjects have been reported. ADHD 

was related to smaller global intracranial volume, and smaller volumes of ac-

cumbens, amygdala, caudate, hippocampus, and putamen. However, the ef-

fects were minimal, and only present in children, not in adolescents or adults, 

with ADHD (Hoogman et al., 2017). Another study from the same initiative 

reported thinner cortex in the fusiform gyrus and temporal pole in children 

with ADHD compared to same aged healthy controls. Additionally, they 

found reduced surface area widely, particularly in the frontal, cingulate, and 

temporal cortex. No differences were found in adolescents or adults with 

ADHD (Hoogman et al., 2019). These minor differences separated ADHD 

group from other psychiatric disorders included in the ENIGMA. The find-

ings in brain structure had small effect size similar to findings in the genetics 

research of the initiative (Demontis et al., 2019). Furthermore, the reported 

results noted that ADHD seems to possess its unique patterns in brain struc-

ture, extending also to the population with symptoms below diagnosis 

threshold. Due to the linear nature between the observed structure and 

ADHD related behavior, these neuroimaging studies supported the theory of 

ADHD traits as a continuum in the population (Hoogman et al., 2019). 

 

In addition to structural MRI, functional MRI has been popular in neuroim-

aging of ADHD. The emergence of resting-state fMRI (rs-fMRI) brought de-

fault-mode network (DMN; internally driven attention) and other large-scale 

networks to the center of ADHD neuroimaging research (Castellanos and 

Proal, 2011; Menon, 2011). These large-scale networks were derived from 

correlating intrinsic fluctuations during rest with no apparent task or stimu-

lus (Raichle et al., 2001; Fox et al., 2005). However, definite organizations 

and naming of these functional networks are still under debate. Several net-

work taxonomies have been proposed with some degree of both variation and 

similarities (Uddin, Yeo and Nathan Spreng, 2019). Two examples are shown 

in Figure 1. The network theories suggested that abnormal interactions within 

and between large-scale networks reflected core symptoms of ADHD. In-

deed, the interplay of DMN and dorsal attentional network (DAN; voluntary 

directed attention, top-down) served as a candidate for an impairment in 

ADHD, since these two networks are normally anticorrelated, and insuffi-

cient decrease in DMN activity during cognitive control result in the loss of 

directed attention (Castellanos and Proal, 2011). Moreover, disruptions in 
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the connectivity within DMN during rest have been linked to numerous com-

mon psychiatric disorders in addition to ADHD (Menon, 2011). Other large-

scale networks include frontoparietal network (FPN); goal-directed executive 

processes) and ventral attentional network closely related to salience net-

work (VAN/SN; attending to salient external stimuli and internal states, bot-

tom-up). In addition, motor, somatomotor and several visual networks, as 

well as limbic network have been defined, and all of them have been sug-

gested to have a role in ADHD (Castellanos and Proal, 2011). Furthermore, a 

triple-network model, dynamic regulation between SN, DMN and DAN, has 

been proposed to control attention shifts (Menon, 2011). Therefore, aberrant 

interaction between proposed three networks has been requested to influ-

ence multiple psychiatric disorders, including ADHD. The triple network 

model states that SN modulates the dynamics between self-oriented mental 

processes of DMN and voluntarily oriented attention of DAN, and thus has 

an important role in saliency detection and dynamic cognitive control (Cas-

tellanos and Proal, 2011; Menon, 2011). These processes are considered to 

function abnormally in ADHD (Faraone et al., 2015). 

 

 
Figure 1: Two examples of functional networks in brain. A. Proposal of Uddin et. al., 

adapted from (Uddin, Yeo and Nathan Spreng, 2019). B. Proposal of Yeo et al., 

adapted from (Yeo et al., 2011). 

 

Despite these promising theories and numerous reported results, recent 

meta-analyses failed to converge spatially across sMRI, task-based fMRI and 
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rs-fMRI (Samea et al., 2019; Cortese et al., 2021; Pereira-Sanchez and Cas-

tellanos, 2021). Conversely, one previous meta-analysis (Cortese et al., 2012) 

reported positive results, however, their results were caused by liberal mul-

tiple corrections due to an error in the analysis program (Pereira-Sanchez 

and Castellanos, 2021). Moreover, two meta-analyses that selected a priori 

seeds for their analyses found positive results as well (Gao et al., 2019; 

Sutcubasi et al., 2020). The first study found abnormal interactions among 

their initial seed-nodes, SN, DMN and FPN, in people with ADHD compared 

to neurotypical controls (Gao et al., 2019), which supported the triple net-

work model (Menon, 2011) described above. The second study had selected 

DMN, SN, cognitive control and affective or motivational networks as their a 

priori seed-nodes. As a result, ADHD symptoms were related to disruptive 

connections and interactions within DMN and between other networks and 

DMN (Sutcubasi et al., 2020), following the DMN network hypothesis 

(Sonuga-Barke and Castellanos, 2007). These conflicting results may stem 

from variations in a priori selected seeds (i.e., none, three and four), a variety 

of methodologies in studies included in the meta-analyses or insufficient 

sample sizes (Pereira-Sanchez and Castellanos, 2021). Furthermore, varia-

tion in manifestation of ADHD among participants could affect the results, 

considering the heterogeneity of ADHD (Faraone et al., 2015). Moreover, 

simple tasks are insufficient to highlight the complexity of ADHD, as was 

noted above (Faraone et al., 2021). Nonetheless, the abnormal brain activity 

seems to originate in large-scale network disruptions. 

 

One emerging approach has been machine learning, which typically aims to 

predict clinical status of participant. Additionally, interpretation of the re-

sults is possible by exploring what parts of data had the greatest effect on the 

performance of the machine learning model. Accordingly, machine learning 

has been applied to predict clinical ADHD scores and suitable treatment (Ra-

shid and Calhoun, 2020). Recently, multimodal data, consisting of sMRI, dif-

fusion tensor imaging (DTI), fMRI and rs-fMRI, in addition to genetic, clini-

cal and neuropsychological data, were imbedded in a model predicting 

ADHD (Yoo et al., 2020). At its best, this model was able to separate children 

with ADHD from neurotypical controls with 85% accuracy, which was 

achieved with cortical thickness and volume data. These results are in line 

with the findings of sMRI research. In contrast, some of the data included in 

the machine learning model, for example genetics, had no effect on the accu-

racy of the model. As previously mentioned, the role of genetics in ADHD is 

complex, which may explain the results in machine learning. Similarly, other 

recent studies have reported promising classification results with machine 

learning applied to open rs-fMRI data of ADHD-200 dataset. However, they 

reported different regions as most significant for the accuracy of the model. 

One highlighted the limbic network (Itani et al., 2019), whereas the other 

reported frontal lobe as the most significant (Riaz et al., 2020). Despite 



16 
 

promising results, the limitations of machine learning studies need to be con-

sidered. Recent review listed problematic issues in the current machine 

learning research of ADHD. Frequently reported limitations included circu-

lating same data for training and testing, and using no external data for vali-

dation (Pulini et al., 2019). Indeed, a careful consideration is required, since 

previously a team who excluded fMRI data from their machine learning 

model predicting ADHD diagnosis, outperformed others who based their 

models on fMRI data of the same open dataset (Brown et al., 2012). 

 

In conclusion, neuroimaging research has discovered relatively minor struc-

tural and functional ADHD specific abnormalities, however, these effects are 

still insufficient to provide benefits to clinical practice. Due to the heteroge-

neity of ADHD, overly simplified tasks in neuroimaging fail to engage people 

with ADHD in such circumstances where they normally face difficulties (Son-

kusare, Breakspear and Guo, 2019). 

 

2.2 Naturalistic neuroscience and fMRI 
 

Naturalistic neuroscience has taken a step from restricted laboratory condi-

tions towards dynamic, rich real-life scenarios. Even though conventional 

stimuli have provided specific targeted answers on human cognition, they are 

rarely experienced in such an isolation in every-day life, leading no conclu-

sions on complex human cognition (Sonkusare, Breakspear and Guo, 2019).  

 

Two pioneering studies (Bartels and Zeki, 2004; Hasson et al., 2004), inde-

pendently from each other, started the emerging field of naturalistic neuro-

science. Bartels and Zeki (2004) applied independent component analysis 

(ICA) method for defining functionally connected networks during natural-

istic stimuli. They started with investigating two formerly identified anatom-

ically connected regions, the language network and visual network. They cal-

culated the correlation between voxel time series from separate independent 

components (IC) within the networks. As a result, naturalistic stimuli en-

hanced the known connectivity, compared to connectivity presented at rest. 

When the correlation was calculated between voxel time series from ICs in 

different networks, the correlation decreased when the data acquired during 

naturalistic stimuli was compared to rest. Furthermore, Bartels and Zeki 

(2005) compared timeseries of ICA derived regions resulting from natural-

istic stimulus to ones from conventional block-model task. Consequently, 

naturalistic stimulus provided more distinguished networks characterized by 

reliable time-course patterns. In addition, patterns were highly shared be-

tween participants. Accordingly, ICA provided new opportunities for analysis 

of time-course patterns, contrary to restrictions of conventional block-model 

task. 
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The other pioneering research on naturalistic neuroscience was conducted by 

Hasson et al. (2004). In their study, five participants watched the same movie 

clip during fMRI scanning. The data were then analyzed by computing pair-

wise Pearson’s correlation for each pair between each timeseries per voxel. 

This inter-subject correlation (ISC) was highly shared among the partici-

pants. As ICA, ISC is a data-driven analysis method. While ISC does not nec-

essarily need any a priori assumptions of the stimulus, synchronizing the on-

set timing of the shared stimulus to the fMRI timeseries is crucial. In addi-

tion, information of the stimulus is required at some level for meaningful im-

plications of the results. However, comprehensive modeling of everything in 

complex naturalistic stimuli is virtually impossible (Lahnakoski, 2014). 

Nonetheless, ISC is an efficient method for fMRI data analysis. Previously, 

the method has been validated in experiments with manipulated stimuli. 

Consequently, ISC produced similar results as GLM in a simple experiment, 

without any prior information on stimulus (Pajula, Kauppi and Tohka, 2012).  

 

Currently, naturalistic neuroscience, including movie watching tasks, has be-

come increasingly popular in fMRI research (Finn et al., 2022). Indeed, 

movie watching is a powerful tool for studying varying aspects of human cog-

nition, in a variety of populations (Eickhoff, Milham and Vanderwal, 2020). 

For this reason, movies have been utilized in neuroimaging studies of several 

clinical populations including psychotic illness (Rikandi et al., 2017), autism 

spectrum disorder (Salmi et al., 2013), and ADHD (Salmi et al., 2020) as 

well. Nevertheless, the effects of different movies in different populations 

needs to be studied more closely.  

 

Furthermore, naturalistic stimuli and conditions increase ecological validity 

of fMRI studies, leading to more generalizable implications from research 

(Eickhoff, Milham and Vanderwal, 2020). Consequently, by avoiding limita-

tions of restricted laboratory environments, with more naturalistic stimulus 

and experimental environment increase the ecological validity of research 

(Shamay-Tsoory and Mendelsohn, 2019). In a recent review, which high-

lights the importance of closeness to real-life in experimental design, Sha-

may-Tsoory and Mendelsohn (2019) divided limitations of restricted experi-

mental settings into two categories: person-dependent and situation-de-

pendent. Especially two of the mechanisms behind the person-dependent 

limitations of laboratory environment should be considered, when working 

with ADHD children. First, decreased motivation to engage in the task might 

result from experience that the actions of the participant have no effect, pos-

sibly impacting the cognitive results of the task. Second, the cognitive perfor-

mance might be affected when the movements of the participant are re-

stricted during the MRI measurement. Furthermore, from the situation-de-

pendent limitations, missing context might alter the cognitive responses, 

such as body language in social cognition. 
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However, as any method, movie-fMRI has its own limitations. While movie 

watching, even in the research environment, is occasionally highly engaging 

experience (Hasson, Malach and Heeger, 2010), the passive viewing task 

does not control for performance or attention (Hasson, Malach and Heeger, 

2010; Eickhoff, Milham and Vanderwal, 2020).  Similar to rs-fMRI, there are 

also limited possibilities to monitor behavior or performance. MR-compati-

ble facial expression camera, eye-tracking system or monitoring physiologi-

cal signals regarding arousal are among a few options (Eickhoff, Milham and 

Vanderwal, 2020). Furthermore, MRI scanners are noisy and restricted en-

vironments, where participants are asked to remain completely still. These 

limitations are highly conflicting with proposals of Shamay-Tsoory and Men-

delsohn (2019), and influence the experience of the participant, however, the 

conditions remain the same for all fMRI research. 

 

Recently, as the popularity of naturalistic neuroscience has increased, further 

demand has emerged for moving from passive tasks to active naturalistic 

tasks. Indeed, if the studied cognitive domain, for example executive func-

tions, requires engaging actions from the participant, should the experiment 

allow interaction within the task (Sonkusare, Breakspear and Guo, 2019). As 

a result, virtual reality tasks have been implemented to fit fMRI experiments. 

The classical application for VR-fMRI, is spatial navigation research (Son-

kusare, Breakspear and Guo, 2019). Accordingly, VR-fMRI has led to find-

ings on cognitive maps, e.g., hippocampus and entorhinal cortex (EC) inter-

action with parahippocampal and retrosplenial cortices (Epstein et al., 2017). 

Additionally, highlighted discoveries include function of hippocampal place 

cells (Hassabis et al., 2009) and grid cell patterns in EC (Doeller, Barry and 

Burgess, 2010). Conversely, navigation with VR-fMRI poses few difficulties 

regarding horizontal position in the scanner, conflicting with virtual position. 

Furthermore, VR-fMRI has been implemented with a variety of equipment, 

leading to highly varying experiences of immersion and interaction in VR 

(Lenormand and Piolino, 2022). Nevertheless, when VR is sufficiently imple-

mented in the scanner environment, the ecological validity of neuroimaging 

increases (Reggente et al., 2018). 

 

2.2.1 EPELI, a VR-task for ADHD research 

 

Previously, no VR-fMRI study has been conducted where the focus would be 

on ADHD. Such an experiment requires a virtual reality task that provides a 

meaningful context for ADHD research and is able to provoke the challenges 

faced in daily life of people with ADHD. The VR-game task EPELI is a prom-

ising option as an engaging, interactive task for neuroimaging of ADHD. Suc-

cessful completion of the game requires planning the movement around vir-

tual surroundings, keeping the instructions in mind, monitoring the time, 
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and avoiding getting distracted by irrelevant objects or events, all of them 

typically challenging to people with ADHD (Faraone et al., 2015). The game 

was developed to quantify attentional and executive function deficits during 

common everyday tasks and validated recently in our research group by 

Seesjärvi et al. (2021). To date, EPELI has been used in two studies, which 

have shown promising results of the game’s ability to reveal the manifesta-

tion of ADHD symptoms (Seesjärvi et al., 2021; Merzon et al., 2022). The 

neurotypical control groups included in these studies completed more tasks 

successfully, performed the tasks more efficiently as well as navigated in the 

VR-game more efficiently compared to the ADHD groups. The hyperactivity 

and impulsivity of the ADHD groups were also quantified by the controller 

movements and total number of interactions in the game. These symptoms 

were observed in a tightly controlled environment and quantified objectively, 

while the experience of the participants stayed relatively natural. Adapting 

the game for fMRI scanning creates the opportunity to explore the ADHD 

specific brain functions during real-life scenarios. 
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3 Material and methods 
 

In this chapter, the materials and methods of this thesis research are de-

scribed in more detail. First, information about the participants included in 

this thesis is provided. Then, the following section describes the experiment 

procedure and the VR game EPELI performance. After this the MRI data ac-

quisition and the preprocessing pipeline are introduced. Finally, the last part 

presents the data analyses methods adapted for analyzing VR game fMRI 

data, first a conventional GLM, and then a novel voxel-based state space anal-

ysis. 

 

3.1 Participants 
 

Sixteen children with ADHD diagnosis (age 9-13, mean 11; 6 girls) and 23 

neurotypical controls (age 9-13, mean 11; 9 girls; 1 left-handed) participated 

in this fMRI study in the scope of this thesis. The recruitment of the partici-

pants and the measurements were started in December 2021 and are still on-

going, as the final target sample size for the study is 35 participants for both 

groups. The recruitment process faced unexpected delays due to the Covid-

19 pandemic. The timeline for this thesis required to include only data col-

lected before mid-May 2022, which resulted in the current limited sample 

size.  

 

All participants were recruited from participants of two previous studies 

(Seesjärvi et al., 2021; Merzon et al., 2022), where they had played EPELI 

with VR goggles. Therefore, all participants had experience with the game. 

Additionally, inclusion and exclusion criteria were derived based on these 

studies. The inclusion criteria for children with ADHD were ADHD diagnosis 

(F90) set by a licensed physician following the ICD-10 criteria (World Health 

Organization, 2016), age between 9 and 13 years and native language Finn-

ish. The exclusion criteria were any diseases of the nervous system (G00–

G99, in ICD-10) and any mental and behavioral disorders (F00–F99) except 

ADHD (F90) or F93 (Emotional disorder with onset specific to childhood) 

and F98 (Unspecified behavioral and emotional disorder) as secondary diag-

noses. These two diagnoses are common comorbidities of ADHD, and thus 

accepted. The criteria for the control group were otherwise the same, except 

all mental or behavioral disorders (F00–F99) were excluded. 

 

Clinical group was asked to leave out possible medication during the day of 

the measurement. However, one participant had taken Medikinet CR (20 

mg) at 7 am and was measured at 5 pm same day. Participants had normal or 

corrected to normal vision. All participants and one of each participant’s par-

ents or a caregiver gave a written informed consent prior to participation. 
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Two participants from the control group, and one participant from the ADHD 

group dropped out before the game play measurement in the scanner was 

finished.  After preprocessing one ADHD participant was left out from the 

analysis due to excessive movement during the game play. In addition to the 

participants reported in this thesis, several participants initially wanted to 

participate, however quit during the preparations. All participants who vis-

ited the laboratory with the intention to participate in the study were offered 

two movie tickets as compensation, regardless of whether they were able to 

complete the measurement or not. Finally, 14 children (age 9-13, mean 11; 6 

girls) were included in the ADHD group and 20 children (age 9-13, mean 12; 

9 girls; 1 left-handed) in the control group. Summary of the background var-

iables is presented in Table 1.Figure 1 

 
Table 1: Background variables of participant groups. For age and ADHD rating scale 

(ADHD-rs) mean and standard deviation (in parentheses) are reported, as well as 

p-value of t-statistics. 

Variable  ADHD group control group p-value 

Age years 11.4 (1.1) 11.8 (1.1) 0.336 

Handedness right/left 14/0 19/1  

Gender boy/girl 8/6 11/9  

ADHD-rs  25.8 (11.6) 5.9 (3.9) <0.001 

 

3.2 Experimental design 
 

Conducting this work required solving several challenges along the way. 

Working with fMRI and children, especially with clinical group, in addition 

to a novel task paradigm, were somewhat demanding. Therefore, in addition 

to the commonly reported details, a few practical solutions are included as 

well. 

 

In this experiment, participants had three tasks during fMRI scan: game 

play, video viewing and resting state. Additionally, an anatomical image was 

acquired. During the MRI scan, one parent of the participant filled back-

ground information questionnaires. After the scan the participant answered 

questions and completed tasks outside the scanner. 

 

In the beginning of the measurement, the laboratory environment, equip-

ment and upcoming tasks were introduced to the participants in order to pre-

vent excessive nervousness. Participants played the introduction part of the 

game outside the MRI scanner room with computer screen and MR-compat-

ible mouse, to practice mouse controls of the game and sound adjustment. 

 

Next, participants were prepared for the scanning session. During this prep-

aration several participants felt too nervous to continue the experiment. In 
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these situations, depending on the mood of the child, the MR scanner and 

magnetic field were introduced in more detail to ensure a positive experience 

related to research work for the child. For example, the child was able to ob-

serve the magnetic field themselves by holding a surgical mask with metal. 

 

Then, participants performed three tasks during the MRI measurement 

which included acquisition of sMRI as well. First, in the game play task par-

ticipants played VR-game EPELI. In the next task, they viewed four videos of 

other’s EPELI game performance and answered short questions concerning 

following the videos. After this, the anatomical image was acquired while a 

cartoon was playing. Finally, resting state fMRI was acquired with eyes open 

and gaze fixed to a black square on grey screen. The quality of anatomical 

image was evaluated visually during the final task and the image was ac-

quired again subsequently when needed. This thesis focuses on data from 

game play task. For this reason, only EPELI is introduced in more detail in 

the next section. 

 

After the MRI session participants answered questions and completed tasks 

outside the scanner. This session was performed in a separate room without 

the presence of parents to prevent children answering in a way they thought 

their parents wanted. The questionnaires included questions concerning the 

VR game experience during the experiment and the overall gaming back-

ground of the participants. In addition, the participants were shown pictures 

from EPELI, and they were asked to rate how fun they found some objects in 

the game. They also performed a sentence repetition task, where they re-

peated oral instructions similar to the ones heard in EPELI. Lastly, they com-

pleted a Continuous Performance Task (CPT) (Rosvold et al., 1956) on a com-

puter. During CPT the participants were shown images in varying intervals. 

Their task was to press a button as fast as possible after a cartoon animal but 

omit the button-press after a cartoon girl. For more details, see (Merzon et 

al., 2022). Altogether, the duration of this after scan session was approxi-

mately 25 minutes. 

 

3.2.1 Virtual reality task EPELI  

 

In the game play task, participants played an open-ended VR-game EPELI 

(Executive Performance in Everyday LIving), implemented by the Peili Vi-

sion Company (http://www.peilivision.fi). The game consisted of task sce-

narios with several subtasks, instructed orally prior to the execution of each 

scenario.  

 

The participants played the game with a screen and a trackball mouse, devi-

ating from their previous experience of the game with VR-goggles, head-

mounted display, and hand controller. The participants were able to interact 
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with the environment via the mouse. Scrolling the ball of the mouse con-

trolled the view, which allowed the participants to move the view around. In-

teraction with the objects in the virtual environment was possible by adjust-

ing the view, aiming the circle at the center of the field view to the target ob-

ject and then clicking the left mouse button. Navigation was conducted sim-

ilarly, the target object in this case was a waypoint on the floor. Clicking the 

waypoint caused the point of view, and thus the experienced position of the 

player, was teleported to the location of that waypoint. Consequently, the 

navigation in the environment was restricted to predefined waypoints, con-

trary to the free orientation of the field of view. However, the waypoints were 

placed efficiently over the environment, ensuring the free exploration of the 

VR environment. The environment of EPELI simulated a typical apartment 

with a child’s room, living room with open space to kitchen and adults’ bed-

room, utility room and bathroom. 

 

In the beginning of the game task, the participants adjusted the volume level 

themselves, similarly as they had practiced earlier, except that the MRI scan-

ner was on to account for the noise level. After the adjustment the game 

started with a practice period, which was guided by a talking dragon charac-

ter. The dragon instructed how to navigate in the apartment and how to in-

teract with objects, as was described above. Additionally, the dragon ex-

plained how to make a clock visible in order to monitor time. After the prac-

tice session, the actual task scenarios of the game started. In this experiment, 

EPELI included ten task scenarios, total duration of the whole game task 

ranging between 20-30 minutes depending on the performance of the partic-

ipants. 

 

Prior to each task scenario, the dragon appeared to provide oral instructions 

how to complete the upcoming scenario. The dragon defined a general topic 

for the scenario, for example going to bed or leaving for school, and listed the 

subtasks simulating everyday chores, for example place the dishes in the sink 

or make your bed. Each of the scenarios included four to six subtasks, mostly 

related to the topic of the scenario with a few exceptions. Moreover, some of 

the subtasks, event-based tasks, needed to be completed after a certain audi-

tory cue such as ringing phone or doorbell. In addition, some of the subtasks, 

time-based tasks, required monitoring of the time as they needed to be com-

pleted at a certain time. During the instruction period the participants were 

able scroll and orient the view, but they were not able to interact with any 

objects, including navigation waypoints. After the dragon finished the in-

structions, the character disappeared, and the participant was able to start 

the execution phase. 

 

During the task execution phase, the participants were able to invent their 

own tactics to perform well in the scenario and explore the virtual apartment. 
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Each task execution lasted maximum 90 seconds or until all subtasks were 

successfully completed, followed by the dragon character appearing again to 

tell that the scenario ended. Consequently, the durations of the task execu-

tion varied depending on the performance of the participants. Whenever the 

participants successfully completed a subtask, golden stars appeared as a 

sign. Event-based tasks were counted as successfully completed only if they 

were completed within 10 seconds after the cue. Similarly, time-based tasks 

were accepted 10 seconds before or after the expected time. All other subtasks 

were accepted at any time. 

 

Furthermore, five task scenarios were imbedded with irrelevant distractors 

of varying nature. These distractor task scenarios included of numerous ob-

jects scattered around the apartment that were irrelevant for the given sub-

tasks. In addition, auditory distractors, such as dog barking or ambulance 

sirens in distance, or audiovisual distractor, buzzing fly, appeared occasion-

ally, independent of the actions of the participants during these distractor 

scenarios. Additionally, some distractor task scenarios started with distract-

ing features already running, for example tv, radio, or tap water, which par-

ticipants were able to turn off themselves. All participants performed the sce-

narios in the same order, every other scenario with distractors, starting with 

a task scenario without additional distractors. 

 

Finally, the previous studies have reported five main EPELI measures that 

are able to differentiate between control and clinical groups (Seesjärvi et al., 

2021; Merzon et al., 2022). These measures were: Total score defined as the 

percentage of subtasks completed successfully during the game indicating to-

tal score; Task efficacy defined as the percentage of relevant actions, i.e., the 

actions that were necessary to perform to complete the subtask out of all ac-

tions excluding clicks on teleport waypoints; Navigation efficacy defined as 

the total score divided by the distance covered by moving around the apart-

ment and the distance to an object at the moment of interaction; Controller 

Motion defined as the sum of controller angular movements, however, the 

controller was distinct from the trackball mouse; and Total Actions defined 

as the total number of controller clicks during task instruction and execution. 

 

3.3 MRI data acquisition 
 

The measurements were performed in Advanced Magnetic Imaging Centre, 

Aalto University. Structural MRI data and three runs of functional MRI data 

were acquired with a 3 T MAGNETOM Skyra whole-body scanner (Siemens 

Healthcare, Erlangen, Germany), using a 30-channel head coil. Functional 

whole brain data for game play, video viewing and resting state were collected 

with simultaneous multi-slice (SMS) echo-planar imaging (EPI) sequence 

with following imaging parameters: TR 0.594s, TE 16ms, flip angle 5o°, slice 
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thickness 3mm, 44 slices, phase encoding direction anterior to posterior, in-

plane resolution 3 x 3 mm2, field of view in phase encoding direction (FO-

Vphase) 100%, phase resolution 100%. Data was collected in one session, 

each task in separate runs. The length of game play and video viewing task 

depended on the performance of the participants, therefore the number of 

volumes collected during game play varied from 2139 to 2772, and during 

video viewing from 757 to 1510. The length of resting state task was fixed to 

808 volumes, matching the total duration of videos in video viewing task. 

 

Anatomical image for the first 10 participants was acquired with T1-weighted 

MPRAGE sequence with Generalized Autocalibrating Partially Parallel Ac-

quisition (GRAPPA) parallel imaging, with acceleration factor 2. Parallel im-

aging technique achieves shorter scan duration or greater spatial resolution 

by undersampling k-space. The missing information is filled by combining 

the signal of several coil arrays. With GRAPPA, the final image with full field 

of view (FOV) is reconstructed from the Fourier plane of images from the 

frequency signals of each coil (Griswold et al., 2002). Imaging parameters of 

this sequence were: TR 2.5 s, voxel matrix 256 × 256, slice thickness 1 mm. 

The duration of this sequence, approximately 6 minutes, was challenging for 

children, especially the ADHD group. In order to minimize the risk of move-

ment artefacts, the anatomical image for the rest of the participants was ac-

quired with shorter MPRAGE sequence with acceleration factor 3, which 

maintained the spatial resolution with shorter acquisition time. The imaging 

parameters for this sequence were: TR 1.9 s, voxel matrix 256 × 256, slice 

thickness 1mm. The duration was only approximately 2.5 minutes, which re-

duced movement during scan. 

 

In addition to MRI, respiration rate (RR), heart rate (HR) and eye move-

ments were collected during game play and video viewing. RR was collected 

with a respiratory-effort TSD201 transducer, placed around midriff, HR with 

photoplethysmography (PPG) transducer TSD200-MRI (BIOPAC systems 

inc., Golata, CA, USA) around index finger of the non-dominant hand, and 

eye movements with Eye-Link1000 eye tracking system (SR Research Ltd., 

Mississauga, Ontario Canada). The MR-compatible Trackball 2 mouse (CUR-

RENT DESIGNS Inc., Philadelphia, PA, USA) for game controls was placed 

under the dominant hand. Prior to the video viewing task this mouse was 

replaced with 5-button response device (VPixx Technologies Inc., Saint-

Bruno, QC Canada), where thumb button was not used, leaving four options. 

The stimulus was projected to a screen behind the head of the participant, 

and a mirror was placed above the eyes. The sounds of the game and the game 

play videos were played with Sensimetrics S14 earphones (Sensimetrics, 

Malden, MA, USA). 
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From approximately tenth participant onwards, the parent and the child 

were asked whether they thought a weighted blanket would calm the child 

and help with staying still in the scanner. Especially within ADHD group, 

children seemed to have previous positive experiences with weighted blan-

kets. Accordingly, based on the visual observation of the children during the 

measurement, they seemed to move less compared to the first participants 

who were scanned without the option to have a blanket. Additionally, to re-

duce head movement, a tape was attached over the head coil and onto the 

forehead of participants, when possible, in order to provide instant feedback 

from movements. Participants were also instructed to try their best in keep-

ing still and the importance of it was highlighted, and later repeatedly re-

minded with every instruction. Still, if movement was necessary for the par-

ticipant, they were asked to move between scans and not during the tasks. 

 

3.4 Data preprocessing 
 

FMRI data from each task and sMRI were in separate files, as they were col-

lected in separate runs. For one participant game play fMRI data was in two 

parts, because the participant had halted the scan, however, still wanted to 

continue. Similarly, for one participant resting state fMRI data was in two 

parts, due to tired participant who kept eyes closed in the first half and was 

instructed again to keep eyes open. For some participants, sMRI was ac-

quired twice due to excessive movement during the first trial that was ob-

served already onsite. Only the better anatomical image was used from these 

participants. 

 

As the first step in preprocessing, data was converted from DICOM to BIDS 

format with dcm2niix (v1.0.20171215)(Li et al., 2016). Next steps were per-

formed with fMRIPrep 20.2.3 (Esteban et al., 2018, 2019), which is based on 

Nipype 1.6.1 (Gorgolewski et al., 2011, 2018). The preprocessing pipeline of 

FMRIPrep started with anatomical image preprocessing. First, the T1-

weighted (T1w) image was corrected for intensity non-uniformity (INU) with 

N4BiasFieldCorrection (Tustison et al., 2010), included in Advanced Nor-

malization Tools (ANTs) 2.3.3 (Avants et al., 2008). The resulting T1w image 

was later used as T1w-reference during preprocessing. Next, this reference 

was skull-stripped to OASIS30ANTs target template with the antsBrainEx-

traction.sh workflow from ANTs, implemented in Nipype. Different tissues, 

cerebrospinal fluid (CSF), white-matter (WM), and gray-matter (GM), were 

segmented with FSL 5.0.9 (Smith et al., 2004) FMRIB's Automated Segmen-

tation Tool (FAST) (Zhang, Brady and Smith, 2001) from the extracted T1w 

reference brain. Final step of anatomical image preprocessing was executed 

with antsRegistration (ANTs 2.3.3) using two templates, ICBM 152 Nonlin-

ear Asymmetrical template version 2009c (MNI152NLin2009cAsym) 
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(Fonov et al., 2009), FSL’s MNI ICBM 152 non-linear 6th Generation Asym-

metric Average Brain Stereotaxic Registration Model (MNI152NLin6Asym) 

(Evans et al., 2012). The brain-extracted T1w reference, through nonlinear 

registration, was based on volume spatially normalized to two standard 

spaces (MNI152NLin2009cAsym, MNI152NLin6Asym). 

 

Next with fMRIPrep, the BOLD fMRI data from each three tasks was prepro-

cessed. First steps were forming a reference volume and then creating its 

skull-stripped version following the methodology of fMRIPrep. Next, co-reg-

istration of the BOLD reference to the T1w reference was computed with FSL 

5.0.9, FMRIB's Linear Image Registration Tool (FLIRT) (Jenkinson and 

Smith, 2001) and the boundary-based registration (Greve and Fischl, 2009)  

cost-function. In order to resolve remaining distortions in the BOLD refer-

ence, co-registration was configured with nine degrees of freedom. Head mo-

tion parameters were then estimated relative to BOLD reference with FSL 

5.0.9 motion correction FLIRT (MCFLIRT) (Jenkinson et al., 2002). The 

head motion parameters included transformation matrices, and six corre-

sponding rotation and translation parameters. Slice-time correction was next 

applied to the BOLD data with 3dTshift from Analysis of Functional Neu-

roImages (AFNI) 20160207 (Cox and Hyde, 1997), which aligned all slices in 

time to the middle of each TR. The transformation matrices created to correct 

head-motion were applied to the slice-timing corrected BOLD timeseries and 

resampled to their native space. The BOLD time-series were also resampled 

into standard, MNI152NLin2009cAsym space. 

 

Based on the preprocessed BOLD time-series in native space several con-

founding time-series were calculated and saved by fMRIPrep, including the 

mean global signal (GS), mean tissue class signal from CSF and WM, FD, de-

rivative of root-mean-square variance over voxels (DVARS), temporal and 

anatomical component-based noise correction (t/aCompCor) (Behzadi et al., 

2007), 6 motion parameters from head motion correction, and spike regres-

sors marking motion outliers. FD was computed following two approaches: 

absolute sum of relative motions (Power et al., 2014) and relative root mean 

square displacement between affines (Jenkinson et al., 2002). The principal 

components of CompCor method were estimated after high-pass filtering the 

preprocessed BOLD time-series with a discrete cosine filter with 128s cut-off. 

Only the anatomical CompCor variant was used further in this preprocessing. 

The implementation of three probabilistic masks, CSF, WM and combined, 

generated in anatomical space, differs from the original mask extraction by 

Behzadi et al. (2007). From the three masks separately, largest components 

explaining the first 50% of variance in each mask are included in the con-

founding time-series table. The confounding time-series describing head-

motion and three mean global signals were expanded by temporal derivatives 

and quadratic terms for each time-series (Satterthwaite et al., 2013). Spike 
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regressors defining motion outliers were formed from volumes exceeding a 

threshold of 0.5 mm FD or 1.5 standardized DVARS. Additionally, the pre-

processed BOLD time-series in standard space was smoothed with Gaussian 

kernel of 6 mm full-width half-maximum (FWHM) prior to applying auto-

matic removal of motion artifacts using independent component analysis 

(ICA-AROMA) (Pruim et al., 2015). However, this denoising strategy was ex-

cluded later, as it had problems with the SMS EPI sequence. 

 

After the initial preprocessing performed with fMRIPrep, denoising strategy 

to select confounds was decided for further processing. Four set of confounds 

were tested with two participants from both clinical and control groups, one 

with high head motion and one with low head motion. The strategies tested 

included the following combinations: '24 head-movement parameters 

(HMP) consisting of 6 movement parameters, their derivatives and  both 

their quadratic terms, 8 physiological signals (Phys) consisting of CSF and 

WM, and again their derivatives, as well as their quadratic terms; 24 HMP, 8 

Phys, and 4 GS regressors consisting of the GS, its derivative and their quad-

ratic terms; 12 HMP with 6 movement parameters and their derivatives, first 

5 aCompCor components from both CSF and WM; and 12 HMP, aCompCor, 

and 4 GSR. From these strategies 12 HMP, aCompCor was selected as the 

optimal strategy, based on enough noise removed without excessively remov-

ing the signal. All the steps described above were performed for BOLD fMRI 

data from all three tasks, however, the following analysis included in the 

scope of this thesis considers only the EPELI game play task. 

 

In addition to confounds produced by fMRIPrep, the timeseries of HR and 

RR were included when data quality permitted. PPG and respiration data 

were processed with DRIFTER algorithm (Särkkä et al., 2012), which esti-

mated the frequency trajectories of the physiological signals with the inter-

acting multiple models (IMM) filter algorithm. As a result, DRIFTER pro-

duced confounding time-series of HR and RR with sampling interval match-

ing TR. DRIFTER was unable to estimate HR and RR for four participants 

due to poor PPG and respiration data quality, leading to exclusion of HR and 

RR from confounds in four cases.  

 

Denoised files were created with clean_img function from Python toolbox 

Nilearn (Abraham et al., 2014), which is based on toolbox Scikit-learn 

(Pedregosa et al., 2011). Denoising included steps detrending, low-pass filter 

0.008 Hz and high-pass filter 0.08 Hz, removing confounds according to se-

lected strategy, and standardization, in this order. Confounds removal in 

Nilearn was based on a projection on the orthogonal of the signal space (Fris-

ton et al., 1994). Orthogonalization between temporal filters and confound 

removal was computed according to suggestions of Lindquist et al. (2019). 

 



29 
 

 

 

 

3.5 Data analysis 
 

The data analysis included in this thesis consisted of two main analyses of the 

fMRI data: 

1) Analysis with general linear model (GLM) in SPM12 software package 

(https://www.fil.ion.ucl.ac.uk/spm/). GLM was selected as the first 

analysis method, as it is conventional, widely used in fMRI data anal-

ysis and therefore sets the first reference for future analyses. 

2) The voxel-based state space modeling introduced by Zhang et al. 

(2021), utilizing Python code they provided. The voxel-based state 

space modeling is a novel approach to analyze whole-brain fMRI data 

from complex, open-ended VR tasks, similar to the task used in this 

thesis.  

Next, the analysis pipelines of both methods are described in more detail. 

  

3.5.1 General linear model 

 

The GLM analysis was mainly computed with SPM12 software package. The 

first step, however, was to convert the output files of fMRIPrep into a format 

suitable for SPM12. The minimally preprocessed BOLD fMRI data in stand-

ard space was split from single 4D files to separate 3D files with FSL’s fslsplit 

following the input requirements of SPM12. Next, these 3D volumes were 

smoothed with Gaussian kernel of 6 mm FWHM in SPM12. 

 

Design matrix for the first level GLM analysis was constructed for each par-

ticipant. The timing information of the game play was retrieved from the 

game play log information, and only volumes after the practice part were 

modelled in the GLM. Each model included three conditions from the game 

task that were convolved with canonical hemodynamic response function at 

later stage: instructions, task without distractors, and tasks with irrelevant 

distractors. All models started with instructions, followed by task, and con-

tinued taking turns until the end of the last task. Every other task was without 

distractors and the rest with distractors, starting from a task scenario without 

the distractors. All participants, except three, had ten instruction blocks, and 

five blocks of both task conditions. Two participants from clinical group 

stopped the scan before finishing the game, thus the final instruction block 

was missing for one of them, and the task with distractors block was missing 

for both. Additionally, one participant, also from the clinical group, stopped 

the scan midway and therefore the data was in two sessions that were both 

included in the same model, the first five instructions and tasks in the first 

session and the rest in the second session. The durations of the instruction 
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blocks were consistent between participants, contrary to the durations of the 

task blocks, which were dependent on the individual game play success. The 

regressors explaining signal variance not stemming from the BOLD effect 

were constructed from confounds described in the preprocessing section 

above. The default high-pass filtering of 128s included in SPM12 model de-

sign was applied to remove slow signal drifts produced by the scanner. Signal 

drifts with a period longer than the selected threshold were thus removed. 

 

After the construction of the design matrix, the GLM parameters for each 

model were estimated with classical method in SPM12. This estimation 

method produced model parameters and regression coefficients using Re-

stricted Maximum Likelihood (ReML). Next, several contrasts were defined, 

and their t-statistics calculated for each first level model. The six contrasts 

included in this analysis were:  

• instruction > unmodelled baseline 

• both tasks > unmodelled baseline 

• task with distractors > unmodelled baseline  

• instruction > both tasks 

• both tasks > instruction  

• task with distractor > task without distractors.  

The p-value threshold for statistical significance was set to p>0.005 without 

corrections for multiple comparisons problem. 

 

The second level analyses were conducted to examine within-group effects 

and differences between clinical and control groups. The six separate t-con-

trasts from the first level analysis were used to construct models for the sec-

ond level analysis. Six models were formed from each contrasts defined pre-

viously for both groups separately and combined. The model parameters 

were estimated with the same classical method using ReML. For the within-

group effects one-sample t-tests were conducted to examine statistical signif-

icance. For the group differences two-sample t-tests were conducted and 

both contrasts, clinical > control, and the opposite control > clinical were ex-

amined. The same uncorrected p-value threshold of p>0.005 was selected. 

 

3.5.2 Voxel-based state space modeling 

 

The novel approach to model large-scale network effects during complex, 

open-ended VR tasks, voxel-based state space analysis was conducted follow-

ing the work by Zhang et al. (2021) Their freely provided Python code (avail-

able at: https://github.com/gallantlab/state-space) was used as the basis of 

the analysis, with some modifications. 

 

This analysis method assumes, based on previous results (Harvey, Coen and 

Tank, 2012; Mante et al., 2013; Zhang et al., 2021), that different task related 
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behavioral states consisting of stimuli features and endogenous brain activ-

ity, are represented in dimensionally reduced subspaces of the whole brain 

activity space. This low-dimensional space of brain activity represents the 

brain states related to the behavior. 

 

The tasks modelled for the first time from the whole complex EPELI task, 

were the same conditions modelled with GLM, divided to two parts. The first 

analysis was run with two defined task variables: listening to instruction and 

executing the task. In the second analysis three task variables were defined: 

listening to instructions, executing tasks without distractors, and executing 

tasks with distractors, similar to GLM analysis. The denoised files specified 

in the preprocessing section, were used as data for this analysis, excluding 

the participant with data in two parts. The same timing information from the 

game play tasks was used as in GLM analysis. The denoised 4D BOLD fMRI 

data were transformed to 2D timeseries and masked with MNI152 brain tem-

plate provided with Nilearn package. Two sets of timeseries of different task 

variables were created per participant, one for both analyses, starting from 

the onset of first instruction block, similar to GLM. Conversely, the time in-

tervals between the task variables were also excluded. These intervals were 

excluded from the brain activity timeseries to match the task variables.  

 

Following the methodology of Zhang et al. (2021), brain activity was modeled 

as a linear combination of the task variables. The brain activity timeseries 

were regressed against all task variable timeseries with ordinary least squares 

(OLS) regression. This step produced a set of weights, size (task variables × 

voxels), that link task variables to brain activity. Each row forms a vector that 

represent the brain activity pattern related to the specific task variable. How-

ever, especially with the simple model only loosely categorizing the different 

states of the complex VR game, these weights most likely capture activity pat-

terns that describe variance dependent on other effects than the broad task 

variables used. Next, QR-decomposition of the transpose of weights was 

computed to create an orthonormal basis for the task-related state space, as 

the weights were not surely orthogonal. The first columns of the resulting 

matrix Q, two for the first and three for the second analysis, represented the 

dimensions of the task-related state space. Now, this state space revealed 

how brain expresses each of the defined task variables. Each task variable 

was represented by one of the dimensions. Then, the brain activity data of 

each timepoint was projected to a point in the constructed state space. The 

point represented the state of the brain at that timepoint. 

 

Next, the performance of the state space model was evaluated to assess its 

suitability for analyzing brain effects of the complex VR task. The metric de-

scribed by Zhang et al. (2021), cluster separation index (CSI) was calculated 

to analyze whether the selected task variables were significantly separated. 
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The CSI was calculated between clusters of points in task-related state space, 

grouped according to the ongoing task during the brain activity projected to 

each point. Zhang et al. (2021) defined CSI as average of all inter-cluster pair-

wise Jensen-Shannon divergences (JSD) (Lin, 1991). JSD describes the dif-

ference between two distributions by averaging their Kullback-Leibler diver-

gences (KLD) (Kullback and Leibler, 1951) between the individual distribu-

tions and their average distribution. In order to calculate CSI, a multivariate 

normal distribution was fitted to each cluster. Then, all pairwise JSD was cal-

culated and averaged to generate CSI. Ranging from 0 to 1, CSI of 0 indicates 

completely overlapping clusters, and opposite CSI of 1 indicates complete 

separation of clusters. The CSIs of different state spaces, one with two dimen-

sions (i.e., instruction and task execution), and the other with three dimen-

sions (i.e., instruction and task execution divided to tasks without and with 

distractors), were compared between ADHD and control group. In addition, 

the CSIs of these two spaces were compared to each other within both groups.  

 

Finally, in order to understand the brain states of each task variable, the or-

thogonalized weights representing these states were visualized in standard 

MNI152 space. Similar to the GLM analysis, the representations of instruc-

tion phase, the task execution phases combined and the execution phase of 

tasks with distractors were examined in order to find the voxels that contrib-

ute to each brain state related to each corresponding task variable. Statistical 

significance was evaluated with one-sample t-test in SciPy 1.8.1 (Virtanen et 

al., 2020), with null hypotheses of mean zero and alternative hypothesis of 

mean greater than zero. Next, the orthogonalized weights of these brain state 

representations were compared to each other, similar to the contrasts in-

cluded in GLM. Accordingly, representative weights of instruction phase 

were compared to the task execution phase, and contrarily task execution was 

compared to instruction phase. In addition, representative weights of task 

execution with distractors were compared to tasks without distractors. These 

effects were examined within both the control and the ADHD group, with 

independent two-sample t-test in SciPy. Furthermore, the orthogonalized 

weights of the brain state representations were compared between the two 

groups with two-sample t-test. The comparison was computed in both direc-

tions (i.e., the control group > the ADHD group and the ADHD group > the 

control group). All statistical tests were thresholded with uncorrected p-value 

< 0.005, corresponding with the GLM results. 
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4 Results 
 

This chapter presents the results of this thesis, starting with the results of 

GLM, and followed by the results of voxel-based state space modeling. 

 

4.1 GLM 
 

The first analysis method, GLM, was easily adapted to simple analysis of 

brain activations during EPELI performance, which was motivated by the 

clear division into blocks of different behavioral states. In the GLM analysis, 

the data was divided into instruction phase and two separate task execution 

phases, one with distractors and the other without. Both within-group and 

between-group second level analyses revealed successfully effects of these 

different states, within-group for all contrasts selected, and between-group 

for two contrasts. Next section presents the within-group effects, prior to sec-

tion with differences between control and ADHD groups. 

 

4.1.1 Within-group effects 

 

Most contrasts showed clear effects for both groups, with some variation. All 

these results are presented in this section. 

 

Instruction vs. baseline: The resulting within-group effects of instruction 

phase compared to baseline, shown in Figure 2: The t-score maps of the GLM 

analysis showing the effects of instruction phase compared to unmodelled baseline. 

Above, the within-group effects of control group, and below the within-group effects 

of ADHD group, both with a threshold of uncorrected p-value < 0.005.Figure 2, 

differ between the control group and the ADHD group. For the control group, 

the instruction phase yielded significant activation in bilateral brain regions 

including the posterior cingulate cortex (pCC), temporal lobe, posterior 

insula (PI), inferior parietal lobule (IPL), medial prefrontal cortex (mPFC), 

ventrolateral prefrontal cortex (vlPFC), superior frontal gyrus (SFG) in the 

lateral prefrontal cortex (lPFC) and paracentral lobule (PCL). The same 

contrast in the ADHD group covered fewer regions in the results of ADHD 

group, but the observed effects were in the regions that were also activated in 

the control group, namely the temporal pole (TP) and vlPFC (Figure 1). 

 

Task execution vs. baseline: The within group effects of both task execution 

phases together compared to unmodelled baseline resulted in more similar 

activation maps (Figure 3) than the within-group effects of instruction phase. 

Indeed, both the control and the ADHD group showed activation in the in-

traparietal sulcus (IPS), superior parietal lobule (SPL), middle temporal vis-

ual area (MT+) and frontal eye field (FEF). However, the activation in the 

MT+ covered smaller area in the ADHD group compared to the control 
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group. In addition, within-group effect included a region of lPFC, for both 

groups, yet in somewhat opposite parts. Whereas the control group showed 

activation in the ventrolateral PFC, in the ADHD group there was activation 

in the dorsolateral PFC. Furthermore, activation was also observed in the in-

ferior frontal junction (IFJ) in the ADHD group, and in the left motor areas 

in the control group.  

 

Distractor task vs. baseline: In the comparison between distractor task exe-

cution vs. baseline the ADHD group and the control group had virtually no 

overlapping activations (Figure 4). Activation in the control group was mainly 

located in the posterior superior temporal gyrus (pSTG) or temporoparietal 

junction (TPJ), PI and IPL bilaterally, in addition to the left lingual gyrus. 

Moreover, several minor parts of the PFC and PCL were activated as well. 

Conversely, in the ADHD group the effects were observed in the SPL, FEF 

and fusiform gyrus (FFG) bilaterally, as well as in the right IPS and left IFJ. 

However, the activation in the lingual gyrus was observed in both groups. 

 

 

 

 
Figure 2: The t-score maps of the GLM analysis showing the effects of instruction 

phase compared to unmodelled baseline. Above, the within-group effects of control 

group, and below the within-group effects of ADHD group, both with a threshold of 

uncorrected p-value < 0.005. 
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Figure 3: The t-score maps of the GLM analysis showing the effects of task execu-

tion phase compared to unmodelled baseline. Above, the within-group effects of 

control group, and below the within-group effects of ADHD group, both with a thresh-

old of uncorrected p-value < 0.005. 

 

 

 
Figure 4: The t-score maps of the GLM analysis showing the effects of task execu-

tion phase with distractors compared to unmodelled baseline. Above, the within-

group effects of control group, and below the within-group effects of ADHD group, 

both with a threshold of uncorrected p-value < 0.005. 

 

Instruction vs. task execution: As shown in Figure 5 the comparison between 

the instruction phase vs. both task execution phases together revealed over-

lapping activations in both groups in the left temporal lobe, mainly in the 

STG and TP, as well as in the left entorhinal cortex (EC). In addition, similar 

within-group effects in control and ADHD groups were observed in the left 
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PCC and angular gyrus of IPL, also in the left hemisphere. The effects in the 

control group extended into the left SPL and supramarginal gyrus (SMG) of 

IPL, and included additional areas in the dlPFC, posterior medial frontal cor-

tex (FC) and orbitofrontal cortex (OFC), all in the left hemisphere, as well as 

the TP and occipital pole (OP) in the right hemisphere. Additionally in the 

ADHD group, activations were observed further in the right hemisphere, in 

the STG, TP, PCC and angular gyrus. The effect in the STG was extending 

further into posterior parts of STG. The effects were also present in the left 

dorsomedial PFC and bilaterally in the vlPFC in the ADHD group. 

 

Task execution vs. instruction: The results of the opposite contrast are pre-

sented in Figure 6. These within-group effects were largely shared between 

the two groups. Results in both groups included the FEF, SPL, IPS, MT+ and 

lingual gyrus bilaterally, in addition to the IFJ, somatomotor area of hand, 

posterior inferior temporal gyrus (ITG), pmFC and FFG in the left hemi-

sphere. Furthermore, cortical areas in the vicinity of the inferior frontal sul-

cus (IFS) and lateral OFC were activated for the control group, but not for the 

ADHD group. Instead, in the ADHD group brain activations were observed 

also in the right IFJ, FFG, pmFC and anterior dlPFC, in addition to anterior 

insula (AI), retrosplenial cortex (RSC) and parahippocampal cortex (PHC) 

bilaterally. 

 

Distractor vs. non-distractor: Differences between distractor vs. non-dis-

tractor conditions (Figure 7), were observed in both groups. The results of the 

control group were nearly identical to the previous contrast, task execution 

compared to instruction phase (Figure 6), except for one additional area in 

the right hemisphere, the pmFC. The areas similar to previous contrasts were 

the FEF, SPL, IPS, M+ and lingual gyrus bilaterally, in addition to hand so-

matomotor area, posterior ITG, IFS, IFJ and lateral OFC in the left hemi-

sphere. In the ADHD group, differences between distractor vs. non-distrac-

tor conditions were observed only in the STG bilaterally, and the right TP and 

inferior occipital cortex. 
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Figure 5: The t-score maps of the GLM analysis showing the effects of instruction 

phase compared to task execution phase. Above, the within-group effects of control 

group, and below the within-group effects of ADHD group, both with a threshold of 

uncorrected p-value < 0.005. 

 

 
Figure 6: The t-score maps of the GLM analysis showing the effects of task execu-

tion phase compared to instruction phase. Above, the within-group effects of control 

group, and below the within-group effects of ADHD group, both with a threshold of 

uncorrected p-value < 0.005. 
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Figure 7: The t-score maps of the GLM analysis showing the effects of task execu-

tion phase with distractors compared to task execution phase without distractors. 

Above, the within-group effects of control group, and below the within-group effects 

of ADHD group, both with a threshold of uncorrected p-value < 0.005. 

 

4.1.2 Between-group effects 

 

 All the contrasts analyzed in the previous section were initially considered 

for the between-group analysis as well. However, significant results were ob-

tained only for two contrasts. Accordingly, the results presented in this sec-

tion consist of the instruction phase compared to the baseline condition, and 

the instruction phase compared to both task execution phases together. In 

both cases, group differences were inspected when the control group was 

compared to the ADHD group (Figure 8). More specifically, when the instruc-

tion phase was compared to the unmodelled baseline, significant effects were 

observed in the right precuneus and SPL bilaterally. In addition, comparison 

between the instruction phase and both task execution phases together, re-

sulted in significant effects in the SPL bilaterally, in addition to the FEF, IFJ, 

anterior dlPFC and IPS in the right hemisphere, as well as the posterior vPFC. 
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Figure 8: The t-score maps of the GLM analysis showing the between-group effects 

of control group compared to ADHD group. Above, the effects of instruction phase 

compared to unmodelled baseline, and below the effects of instruction phase com-

pared to task execution phase, both with a threshold of uncorrected p-value < 0.005. 

 

4.2 Voxel-based state space modeling 
 

4.2.1 Cluster separation 

 

The performance of voxel-based state space modeling was first evaluated 

with CSI. As a result, CSI for two state spaces in both groups were almost 

equal, all approximately 0.3. Thus, all clusters of brain states during separate 

phases of the game were only somewhat separated and majorly overlapping.  

The results are summarized in Table 2. Furthermore, the minor variation in 

CSI between the two state spaces with different number of dimensions (with 

two and three dimensions; 2D and 3D) within the control group and ADHD 

group was not statistically significant. Likewise, the minor variation in CSI of 

both state space conditions between the control and ADHD groups was not 

statistically significant either. Results of the statistical tests are shown in Ta-

ble 3. In the following two sections, the brain states represented by the state 

space dimensions are examined in the standard brain space. 
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Table 2: CSI for both groups and both sets of tasks. 

 2D: instruction/task 3D: instruction/ 
distractor/without 

mean SD min max mean SD min max 

Control 0.299 0.078 0.140 0.430 0.297 0.057 0.196 0.395 

ADHD 0.319 0.065 0.188 0.424 0.302 0.042 0.230 0.372 

 

 
Table 3: Statistical tests of CSI differences. Two-sample t-tests were conducted be-

tween CSI pairs, where compared pairs were constructed within groups between 

two state spaces, as well as within state spaces between groups. Null hypothesis of 

equal mean was accepted in all cases. 

CSI pair t-score p-value 

Control, 2D vs. 3D 0.077 0.939 

ADHD, 2D vs. 3D -0.754 0.458 

2D, Control vs. ADHD 0.738 0.466 

3D, Control vs. ADHD 0.243 0.810 

 

 

4.2.2 Brain state representations 

 

The t-statistics of orthogonal weights in each voxel, computed within both 

groups for three dimensions, instruction phase and task execution phase 

from 2D model, as well as execution of tasks with distractors from the 3D 

model, are presented in this section. These represent the brain states corre-

sponding to each of these behavioral states defined by each task variable. 

 

Instruction: The representation of the instruction phase from 2D model (Fig-

ure 9) included voxels in the superior temporal regions and pCC bilaterally in 

both groups. Additionally, in the control group voxels in the medial and ven-

tral prefrontal regions, PCL and pCC bilaterally were included in this repre-

sentation. 

 

Task execution: The task execution phase of 2D model (Figure 10) was repre-

sented by activation in large parts of the parietal and frontal regions in both 

groups, including the parieto-occipital (PO), posterior inferior temporal and 

posterior parietal regions, SPL and FEF bilaterally, in addition to the left 

hand somatomotor area. In addition, activity in large parts of the prefrontal 

regions were included in the brain state representation in the ADHD group. 

 

Distractor task: The results of the execution phase of tasks with distractors 

from 3D model (Figure 11), were similar between the control and ADHD 
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groups. The significant voxels were located in the pCC, medial prefrontal re-

gions, PI, as well as in the superior and middle temporal regions. 

 

 
Figure 9: The t-score maps of a one-sample t-test showing the effects of the instruc-

tion phase. Above, the within-group effects of the control group, and below the 

within-group effects of the ADHD group, both with a threshold of uncorrected p-

value < 0.005. 

 

 
Figure 10: The t-score maps of a one-sample t-test showing the effects of the task 

execution phase. Above, the within-group effects of the control group, and below 
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the within-group effects of the ADHD group, both with a threshold of uncorrected p-

value <0.005. 

 

 
Figure 11: The t-score maps of a one-sample t-test showing the effects of the task 

execution phase with distractors. Above, the within-group effects of the control 

group, and below the within-group effects of the ADHD group, both with a threshold 

of uncorrected p-value < 0.005. 

 

Furthermore, three comparisons were computed between the brain states de-

rived with voxel-based state space modeling. The task variables represented 

by these dimensions were equivalent to the conditions used in GLM, as were 

the comparisons as well.  

 

Instruction vs. task execution: The orthogonal weights of instruction phase 

in the 2D model were compared to the task execution of the same model. As 

a result, significantly higher weights were located in the superior and middle 

temporal lobe, pCC and aCC, as well as in the ventrolateral prefrontal regions 

bilaterally in both groups (Figure 12). In addition, in the control group the 

weights of the voxels in the PCL, OP, medial prefrontal regions and precu-

neus were detected as significantly greater in the instruction phase vs. the 

task execution phase. 

 

Task execution vs. instruction: The opposite comparison was calculated be-

tween the task variables from the 2D model (Figure 13). For both groups, the 

voxels in the bilateral occipitoparietal regions, SPL, FEF and MT+ were con-

sidered to include significantly greater weights in the task execution phase 
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vs. the instruction phase. Additionally, results included the inferior and mid-

dle prefrontal regions in the right hemisphere in the control group, and bi-

laterally in the ADHD group, as well as the left hand somatomotor area in 

both groups. 

 

Distractor vs. non-distractor: Differences between execution phases of the 

distractor tasks vs. non-distractor tasks from the 3D model (Figure 14) were 

similar in both groups. The weights of the voxels in the IPL, PCC, precuneus, 

SMG, superior and middle temporal regions, as well as in the medial prefron-

tal regions were greater in the distractor tasks vs. non-distractor tasks. How-

ever, only few voxels in the prefrontal regions were included in the results of 

the ADHD group.  

 

 
Figure 12: The t-score maps of a two-sample t-test showing the effects of the in-

struction phase compared to the task execution phase. Above, the within-group ef-

fects of the control group, and below the within-group effects of the ADHD group, 

both with a threshold of uncorrected p-value < 0.005. 
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Figure 13: The t-score maps of a two-sample t-test showing the effects of the task 

execution phase compared to the instruction phase. Above, the within-group effects 

of the control group, and below the within-group effects of the ADHD group, both 

with a threshold of uncorrected p-value < 0.005. 

 

 
Figure 14: The t-score maps of a two-sample t-test showing the effects of the task 

execution phase with distractors compared to task execution phase without distrac-

tors. Above, the within-group effects of the control group, and below the within-group 

effects of the ADHD group, both with a threshold of uncorrected p-value < 0.005. 
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Between-group effects: The group differences of the brain states represent-

ing task variables were investigated between the ADHD and control groups. 

However, only one somewhat meaningful result was obtained. This differ-

ence was observed between the weights of the instruction phase of the 2D 

model from the control group to the weights of the same condition from the 

ADHD group (Figure 15). As a result, the voxels in precuneus, IPL, PCL, FEF, 

AI and aCC bilaterally had greater weights. However, the results were rela-

tively scattered. 

 

 

 
Figure 15: The t-score maps of a two-sample t-test showing the between-group ef-

fects of the control group compared to the ADHD group. In this figure, the effects of 

the instruction phase compared to the task execution phase, with a threshold of 

uncorrected p-value < 0.005. 
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5 Discussion 
 

In this thesis, two analysis methods were applied to evaluate brain activity of 

ADHD children and healthy controls during virtual reality game EPELI. Ex-

amining of brain activity behind ADHD-related behavior was possible with 

open-ended VR-game developed specifically simulating real-life tasks that 

challenge ADHD children. Indeed, the difference between ADHD and control 

groups was observed not only in the gaming performance (Appendix), but 

also in the brain activity examined with simple models. However, the incom-

plete dataset and relatively liberal threshold for statistical significance need 

consideration, when interpreting the results. 

 

It was found that GLM was a powerful tool for the analysis of brain activity 

related to the different phases of the EPELI game. The GLM results followed 

the expected results in the control group, except for the contrast between the 

task execution with and without distractors. Conversely, in the ADHD group, 

all three contrasts between the different behavioral blocks in EPELI pro-

duced expected results. Consequently, based on within-group analysis, 

ADHD and control groups seemed to present differences in their brain activ-

ity. However, only two statistically significant between-group effects were ob-

served. Nevertheless, the conventional analysis method, GLM, successfully 

produced a reasonable baseline for the evaluation of novel analysis methods 

for EPELI-fMRI data. 

 

Furthermore, the suitability of a novel voxel-based state space modeling 

(Zhang et al., 2021) was explored. The model was implemented with the 

same behavioral states of EPELI as in GLM analysis. The performance of the 

model was evaluated with cluster separation index (CSI) and comparing the 

brain representation results to GLM results. 

 

As a result, the CSIs were relatively low, however, consistent between the two 

groups and multiple models with different number of dimensions. Exploring 

the same behavioral states of EPELI that were included in GLM with a novel 

voxel-based state-space produced mainly similar results as GLM, although 

some differences were also observed. Major difference was observed in be-

tween-group analysis, in addition to somewhat differing presentation of the 

task execution with distractors in the within-group analysis. 

 

To conclude, two different modeling methods were tested successfully in VR-

fMRI data analysis. With the conventional method, a reliable baseline for fu-

ture development was produced and interesting results were already ob-

served with this method. Additionally, a novel method was investigated and 

compared to the baseline results. Consequently, seemingly promising results 
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were again detected, however, possibilities for further research with the pre-

sent method remains. In the next sections, the implications of individual re-

sults and limitations of this thesis are discussed in more detail. 

 

5.1 GLM 
 

Applying GLM as the first analysis method was relatively straightforward. 

Conventionally, tasks analyzed with GLM have been modelled as boxcar-

functions. The basic structure of EPELI was fitting, as the game proceeds in 

behaviorally varying instruction and task execution phases taking turns. 

Moreover, for the first trial exploring VR-fMRI data of EPELI, selecting con-

ventional, widely exploited and validated method was reasonable (Son-

kusare, Breakspear and Guo, 2019). As a result, GLM, produced mainly pow-

erful results for the within-group effects, in expected brain networks. 

 

Instruction vs. baseline: When participants were unable to change their lo-

cation or interact with the environment and were listening to the instruc-

tions, the DMN and primary auditory areas were active in the control group, 

as expected (Figure 2: The t-score maps of the GLM analysis showing the effects of 

instruction phase compared to unmodelled baseline. Above, the within-group ef-

fects of control group, and below the within-group effects of ADHD group, both with 

a threshold of uncorrected p-value < 0.005.Figure 2). Additionally, the face area 

of the motor cortex seemed to be active. Before the fMRI scanning, the re-

search assistant had given the instruction to keep the head still during the 

gameplay, possibly causing the participants relax and move their face during 

the instruction phase. The ADHD group had only minor effects in the pri-

mary visual cortex, on the right auditory area and the temporal poles. The 

minor within-group effects in the ADHD group may be a result of incon-

sistent behavior during more restricted, and possibly boring, phase of the 

game where maintaining directed attention could be challenging. 

 

Task execution vs. baseline: As seen in Figure 3, both groups seemed to have 

the DAN active (Figure 1)(Yeo et al., 2011), in addition to the right-hand mo-

tor cortex in the left hemisphere of the control group. The activation of the 

DAN was expected due to its role in top-down control of directed attention 

(Vossel, Geng and Fink, 2014). Additionally, visuospatial search was essen-

tial for task execution in EPELI, also a task of the DAN (Macaluso and Ogawa, 

2018). Since all except one participant were right-handed, and the game is 

controlled with a mouse in the dominant hand, the activity in the right-hand 

motor area was reasonable. During the task execution, the bilateral AI was 

activated in the control group, and the left lPFC, more specifically the MFG, 

was activated in the ADHD group. The AI is part of the SN, or VAN, whereas 

the MFG is part of the FPN (Figure 1).  
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Distractor task vs. baseline: The VAN was active in the control group, in ad-

dition to the auditory areas (Figure 4). Even though in the distractor condition 

both visual and auditory distractors were present, the auditory areas and not 

visual areas were affected. Possible reasons explaining this finding include 

for example that most of the visual distractors were static, and the auditory 

system is more sensitive to distractors than the visual system (Salmi et al., 

2007). In the ADHD group, the DAN was active, similar to the results from a 

condition with additional distractors in (Salmi et al., 2018). 

 

Instruction vs. task execution: The effects seen in Figure 5 were partially fol-

lowing the hypotheses. The DMN was active in the ADHD group, which was 

expected. Likewise, the auditory areas were active for both groups, as ex-

pected, although only in the left hemisphere for the control group. Further-

more, the control group had parts of the DMN activated. However, virtually 

only the left hemisphere showed significant activations. In addition to the 

DMN, the posterior parietal regions of the DAN and the PFC of the FPN (Fig-

ure 1) were also significantly active. These additional findings suggest that the 

control group was already oriented towards successful performance and pos-

sibly started to plan the upcoming task during the instructions. Such a be-

havior is needed for successful EPELI performance. 

 

Task execution vs. instruction: In both groups, the expected activation in the 

DAN was clear (Figure 6), as well as the activation of the right-hand motor 

area. In addition, activation in the bilateral AI and IFJ, included in the SN or 

VAN (Figure 1) was observed in the ADHD group. While in the control group, 

part of the FPN, the left MFG was activated. 

 

Distractor vs. non-distractor: Against the hypothesis, the DAN was clearly 

active in the control group instead of the VAN (Figure 7). The left MFG in-

cluded in the FPN was again active as well. Despite the unexpected result, 

these findings are reasonable. They possibly imply that the participants in 

the control group had to work more in order to maintain their goal-directed 

behavior and attention in the presence of irrelevant distractors. Similar sug-

gestions were made by Salmi et al. (2018) for their ADHD group. Here, the 

ADHD group showed significant activity only in the auditory regions. Based 

on the similar results between the task and the distractor task compared to 

baseline, the difference in auditory regions could be caused by the aforemen-

tioned sensitivity towards auditory distractors (Salmi et al., 2007). 

 

Between group effects: The only between-group effects obtained in the sec-

ond level analysis were instruction compared to baseline, and instruction 

compared to task execution, both with the control group compared to the 

ADHD group. The former resulted in activity in the DMN, more specifically 

in the IPL. The latter resulted in the activity of the IPS and FEF of the DAN 



49 
 

and the IFJ and MFG of the SN and FPN. These findings support the sup-

posed active behavior of the ADHD group compared to the more focused con-

trol group. 

 

 

5.2 Voxel-based state space modeling 
 

One measure for evaluating the performance of voxel-based state space mod-

eling was CSI. It provided information on how well separated different states 

were in each model. All calculated CSIs were approximately 0.3, indicating 

great overlap with moderate separation. Consequently, as compared with the 

values reported by Zhang et al. (2021), 0.53-0.74, these numbers were clearly 

lower. However, Zhang et al. (2021) had more states that were selected with 

clear separation based on the performance of the player. Although, in the 

models included in this thesis work, the behavioral states were clearly dis-

tinct (e.g., separate task/ instruction phases; were movement and interac-

tions restricted/free), they included highly overlapping visual stimuli, and 

ability to orient point-of-view. Furthermore, the states were predefined re-

gardless of the performance of the participant, excluding successful comple-

tion of task, or running out of time, both resulting in moving to the next in-

struction. Therefore, if the participant forgot what to do, for example, they 

had no ongoing task. All these circumstances might contribute to the low 

CSIs, which were consistent throughout the analysis. In conclusion, solely 

based on CSI index, this novel method should not be discarded without fur-

ther exploring. 

 

The brain state representations were used to evaluate the performance of the 

voxel-based state space modeling. The GLM results provided a baseline 

where to compare the results of other methods. In conclusion, the brain state 

representations of voxel-based state space modeling were highly similar to 

the GLM results based on visual inspection of the brain plots. Some differ-

ences were observed as well. The visualization and thresholding were not op-

timal for this method, as the significant individual voxels were widely scat-

tered. Therefore, the analysis based on the brain plots gives only the approx-

imate evaluation. 

 

The effects of the instruction phase in the temporal lobes were reproduced 

with the brain state representations (Figure 9) following the results of the 

GLM (Figure 2). The effects in the frontal regions were observed in the control 

group, while the results of the ADHD group were more limited. The dorsal 

attention system related to task execution phase was similarly detected with 

both methods in both groups (Figure 10). The effects in the frontal regions 

were not as delicately separated as in GLM (Figure 3). Similar to the task ex-

ecution, the effects of the tasks with distractors in the temporal regions were 
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again the same between the two methods, but only in the control group (Fig-

ure 11, Figure 4). Conversely, the effects in the ADHD group were highly dif-

ferent between the two groups. 

 

The comparison of two different brain states or conditions yielded differ-

ences between the results from the two methods in instruction vs. task exe-

cution and distractor vs. non-distractor comparisons. The results of the first 

comparison were otherwise similar, excluding the bilaterality of the brain 

state representation (Figure 12) compared to the left-laterality of the GLM re-

sults (Figure 5) in the control group. The effects of the other comparison were 

completely different in the control group yet highly similar in the ADHD 

group (Figure 14, Figure 7). Furthermore, the analysis of the task execution vs. 

instruction resulted in clear effects in the dorsal attention system, including 

the right-hand motor area with both methods (Figure 13, Figure 6). 

  

The between-group effects explored with voxel-based state space modeling 

suffered from the scattered individual voxels (Figure 15). Despite the poor vis-

ualization, the results were somewhat similar between the two methods (Fig-

ure 8). These findings, along with the others described above, are promising 

but not yet optimal. However, the voxel-based state space model could be 

developed further to obtain more precise results. 

 

5.3 Limitations 
 

This thesis had some limitations. First, the number of participants included 

in this thesis was only a subset of the final dataset collected for the initial 

study. Hence, the sample size is relatively small, and the data collection is 

still ongoing outside the scope of this thesis. Consequently, the variation of 

all relevant background variables between the ADHD and the control group 

are not evaluated, partly due to the restricted amount of available data. In 

addition, the control group included more participants than the ADHD 

group. 

 

Data preprocessing involved some inconsistencies and limitations. One par-

ticipant had stopped EPELI fMRI scan in the middle of the game, however, 

wanted to continue after a break. As a result, the data were in two parts, and 

therefore preprocessing was run accordingly. Consequently, design matrix 

for GLM included two sessions. This participant was completely excluded 

from the voxel-based state space modeling, as the possible effects were un-

known. Moreover, two additional participants had stopped the EPELI scan 

during the beginning of the last instruction, resulting in fewer tasks com-

pleted. These participants were included normally in the analyses, excluding 

behavioral data analysis. Furthermore, the brain template included in the 



51 
 

preprocessing with fMRIPrep (Esteban et al., 2018, 2019) was the default op-

tion, and adult sized MNI152NLin2009cAsym. To further improve this work, 

a pediatric brain template corresponding to the age-range of the participants 

should be considered. The data collected for modeling cardiac and respira-

tion related artifacts in fMRI data were also somewhat inconsistent. For a few 

participants data for this purpose was missing, either due to the participant 

refusing to wear the transducers, or such poor data quality that DRIFTER 

(Särkkä et al., 2012) was unable to preprocess it. All data that was properly 

acquired and preprocessed was included as confound regressors, to enhance 

the fMRI data quality as much as possible. 

 

Furthermore, the statistical analysis of brain data had liberal thresholds and 

no correction for multiple comparison, which should be considered when in-

terpreting the results. Low statistical power was expected, as the sample size 

was relatively small. Consequently, the threshold adjusted to rather liberal 

level, in order to produce preliminary results from all within-group condi-

tions. All thresholds were set to the same level, to maintain straightforward 

comparability between conditions and the two modeling methods applied. 

Thus, the threshold was not optimal for all analyses, e.g., brain plots of few 

voxel-based state space model analyses. 

 

Additionally, several aspects of the voxel-based state space method could 

have been tested. In this thesis, all conditions that included instruction 

phase, were derived from the 2D model. As a consequence, the presentation 

of the instruction phase in the 3D model remained unexplored, even though 

conclusions were formed based on the other two conditions in the 3D model. 

The possible differences between the instruction phases of separate models 

were thus undetected. Similarly, a 2D model consisting only of the two sepa-

rate task execution phases was not evaluated, although remains a possibly 

interesting option. The predictive ability of the models should be investi-

gated, as the current metric CSI was relatively low. 

 

Finally, both models, GLM and voxel-based state space model, would be in-

teresting targets of further development. Indeed, as the individual behavioral 

EPELI measures seem to capture ADHD specific functions, more defined 

brain-behavior relationship behind each of them seem fascinating. Possible 

approaches could be modeling relevant/irrelevant actions and navigating 

through the apartment as they are both related to EPELI measures. 
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6 Conclusions 
 

In this thesis, fMRI data acquired during a novel VR-game task EPELI was 

analyzed with two different methods, with a conventional GLM approach, as 

well as with a novel voxel-based state space modeling. Such a VR-task has 

never been used before in neuroimaging of ADHD. This experimental design 

provides an opportunity to observe brain activity in a controlled yet natural-

istic real-life situations. Eventually, the collected data set is used to explore 

the ADHD related brain activity in more detail. 

 

The data set included in this thesis was incomplete, and the interpretations 

of the brain activity thus limited.  The analyses aimed to evaluate the appli-

cation of the VR-task in fMRI experiment, as well as the suitability of the 

novel voxel-based state space modeling. As a result of the GLM, the separate 

behavioral phases of the game were linked to the activation of brain regions 

previously connected to the behavior in question. These conventional GLM 

results provided a baseline for the evaluation of other analysis methods. 

 

Accordingly, the performance of voxel-based state space modeling was eval-

uated. This method that was recently developed for the analysis of VR-game 

fMRI data. CSI was used as a measure of performance reflecting the separa-

bility of the brain states of different behavioral phases. The performance was 

also evaluated by comparing the brain state representations to the results of 

GLM. As a result, the CSI was relatively low, 0.3. Nonetheless, this result re-

flected the simplified models used in the analysis. The behavioral phases de-

fined for this analysis were far more complex than the model expected. Fur-

thermore, the brain state representations were mostly similar to the GLM re-

sults, with a few exceptions. The brain state representations seemed reason-

able. However, only approximate evaluation was possible since the represen-

tation of the voxel-based state space results was not optimal. 

 

In conclusion, the first steps of analysis for EPELI VR-fMRI data were con-

ducted, and the conventional GLM provided consistent and reasonable re-

sults. Additionally, the voxel-based state space model seemed promising, but 

not yet optimal. Still, possibilities for further development of the analysis 

models remain. 
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A. Appendix 
 

Behavioral EPELI results with distractor effects 

 

These results were made by Liya Merzon. For more details of these measures, 

see (Seesjärvi et al., 2021). 

 

No multiple comparisons correction applied in these results. Two partici-

pants were excluded due to incomplete EPELI data. 
 

TOTAL SCORE 

Group   Distractor Total Score (mean) 

clinical        0 0.7871795 

control        0 0.8531469 

clinical        1 0.6822222 

control        1 0. 727273 
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TASK EFFICACY 

Group   Distractor Task Efficacy (mean) 

clinical        0 0.2406596 

control        0 0.2873443 

clinical        1 0.1832074 

control        1 0.2361815 
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NAVIGATION EFFICACY 

Group   Distractor Navigation Efficacy (mean) 

clinical        0 0.06063829 

control        0 0.07251988 

clinical        1 0.05089921 

control        1 0.06141573 
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CONTROLLER MOTION 

Group   Distractor Controller Motion (mean) 

clinical        0 9889.230 

control        0 8055.437 

clinical        1 12065.326 

control        1 10008.034 
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TOTAL ACTIONS 

Group   Distractor Total Actions (mean) 

clinical        0 149.8000 

control        0 126.8636 

clinical        1 178.4000 

control        1 155.0455 

 

 

 

 

 

 

 


