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Abstract

Cognitive flexibility is characterized by the ability to adapt cognition and behav-

ior to an ever-changing environment. While much is known about the importance

of cognitive flexibility and disorders implicated with its dysfunction, its underlying

mechanisms remain vastly unrevealed. The goal of this thesis is to uncover a part

of the neural and behavioral mechanisms involved in the correct functioning of cog-

nitive flexibility in humans. This will be achieved using a novel multidimensional

rule-switching learning paradigm to analyze behavioral mechanisms and simulta-

neously recorded magnetoencephalographic data. Further, this thesis will aim to

investigate the relationship between selective attention markers and e�cient learn-

ing as well as validate neural and behavioral results by demonstrating correlations

with externally validated neuropsychological assessments.
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Chapter 1

Introduction

1.1 Cognitive Flexibility

Cognitive flexibility is essential to survival, as it permits adaptation of cognition

and behavior to an ever-changing environment. It can be characterized as a com-

plex contruct comprising multiple executive functions. These enable generation and

subsequent evaluation of concurrent concepts about the best course of action, as

well as shifting between concepts to carry out actions most likely yielding success

when confronted with continuously changing environments.

Benefits of its correct functioning have been associated with a multitude of dayly

life facets. These include better health, better quality of life (Brown & Landgraf,

2010; Davis, Marra, Najafzadeh, & Liu-Ambrose, 2010), better school (de Santana,

Roazzi, & Nobre, 2022; Engel de Abreu et al., 2014) and job outcomes (Bailey,

2007), better marital outcomes (Eakin et al., 2004), emotion regulation (Pruessner,

Barnow, Holt, Joormann, & Schulze, 2020), and an overall better response to stress

(Kruczek, Basińska, & Janicka, 2020; Borzyszkowska & Basińska, 2020). It is fur-

ther seen as an important feature of creativity (Preiss, 2022), understanding other

individuals’ emotions (Bock, Gallaway, & Hund, 2015), as well as contributing to

better mood and happiness (Hirt, Devers, & McCrea, 2008) and higher resilience

(Ram, Chandran, Sadar, & Gowdappa, 2019).

These qualities do not only benefit individuals but also society. By enforcing traits

such as resilience to stressful factors, benefiting flexible and e�cient learning, as well

as promoting creativity, emotional, and intelectual intelligence, cognitive flexibility
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enables an overall well-being. Together, these qualities allow for a better coexistence

in, and better contribution to society (Beddington et al., 2008).

Much as cognitive flexibility is pertinent to mental health and well-being, its

dysfunction has been repeatedly shown to a↵ect a range of neurological and psy-

chological disorders. These include schizophrenia (Manoach, 2017; Ravizza, Moua,

Long, & Carter, 2009), obsessive compulsive disorder (Gruner & Pittenger, 2016;

Chamberlain, Solly, Hook, Vaghi, & Robbins, 2021), anxiety (C. Wilson, Nus-

baum, Whitney, & Hinson, 2018; Park & Moghaddam, 2016), depression (Stange,

Alloy, & Fresco, 2017), attention deficit hyperactivity disorder (Diamond, 2005),

autism spectrum disorder (D’Cruz et al., 2013), eating disorders such as anorexia

nervosa (Brockmeyer et al., 2022) or obesity (Perpiñá, Segura, & Sanchez-Reales,

2017), addiction (Baler & Volkow, 2007), post-traumatic stess disorder (Ben-Zion

et al., 2018), amyotrophic lateral sclerosis (Evans et al., 2015), parkinson’s disease

(Dirnberger & Jahanshahi, 2013), mild cognitive impairment (Kirova, Bays, & La-

galwar, 2015) and alzheimer’s disease (Guarino et al., 2019). Cognitive flexibility

has also been show to behave dynamically across individuals’ life spans, developing

during childhood and adolescence (Davidson, Amso, Anderson, & Diamond, 2006;

Hsu & Jaeggi, 2013), and detering in aging individuals (Verhaeghen & Cerella, 2002;

Magnusson & Brim, 2014).

1.1.1 Definition

Cognitive flexibility is a broad construct. It can be defined as a product of recip-

rocal interactions of multiple intertwined executive functions. Executive functions

underlying correct functioning of cognitive flexibility include salience detection, at-

tention, working memory, and inhibition (Dajani & Uddin, 2015; Miyake et al.,

2000).

Salience detection is understood as the ability to notice potentially behaviorally

relevant stimuli in order to allocate neural resources such as attention (Menon &

Uddin, 2010). Attention is the ability to filter out the most goal-relevant stimuli

by actively enhancing their perception (Parr & Friston, 2019). It can be divided

into two entities, top-down and bottom-up attention. Top-down attention refers to

intrinsic, goal-driven attention, while bottom-up attention is specified as extrinsic,

stimulus-driven attention (Katsuki & Constantinidis, 2013). Working memory in-
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vokes representing and manipulating information ”no longer perceptually present”

relevant to action planning (Diamond, 2020). Lastly, inhibition allows for previ-

ously correct responses to be inhibited, permitting updated responses to be carried

out. These funcitons allow flexibly and e↵ectively switching between behavioral

responses according to context (Aron, Robbins, & Poldrack, 2014).

1.1.2 Implicated Brain Regions

Traditionally, the prefrontal cortex has been fundamentally implicated as a core

brain region underlying cognitive flexibility (Milner, 1963; Alvarez & Emory, 2006;

Jones & Gra↵-Radford, 2021). Research has further identified a range of brain re-

gions specifically involved in correct functioning of executive functions indispensable

to cognitive flexibility.

A salience network (also referred to as the midcingulo-insular network) based in

the dorsal anterior cingulate cortex and the anterior insula (Uddin, 2014; Seeley

et al., 2007; Uddin, Yeo, & Spreng, 2019) has been shown to influence large-scale

networks allocating attention (Menon & Uddin, 2010), thus implementing saliency

detection. Top-down and bottom-up attention rely on di↵erent, but functionally

intertwined networks. Top-down attention is based on the dorsal attention network,

primarily comprising the intraparietal sulcus and the frontal eye field. The middle

temporal complex, and the inferior frontal junction have further been associated to

it (Vossel, Geng, & Fink, 2013; Majerus, Peters, Bou�er, Cowan, & Phillips, 2017;

Uddin et al., 2019). The ventral attention network is made up of the ventrolateral

prefrontal cortex and the right temporoparietal junction (Corbetta & Shulman,

2002; Uddin et al., 2019). The executive control network (also referred to as the

lateral frontoparietal network) has been liked to working memory (Uddin et al., 2019;

Uddin, 2021). It consists of the ventrolateral and dorsolateral prefrontal cortices,

as well as the anterior inferior parietal cortex and the premotor cortex (Thomason

et al., 2008; Dajani & Uddin, 2015). Inhibition is closely linked to the right inferior

frontal cortex (Aron et al., 2014). Figure 1.1 gives orientation points to localize key

regions to these networks.
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(a)
Midcingulo-

insular

network for

salience pro-

cessing, axial

(b) Dorsal

attention

network for

top-down

attention,

axial

(c) Ventral

attention

network for

bottom-up

attention,

axial

(d) lateral

frontoparietal

network for

executive

control and

working mem-

ory

(e) Right

inferior cortex

(red) involved

in inhibition,

axial

(f) 1.1a in

sagittal, insula

(light red) and

cingulate cor-

tex (dark red)

comprising

the anterior

cingulate

cortex

(g) 1.1b

in sagittal,

superior

frontal gyrus

(light green)

with FEF

in posterior

part, superior

parietal gyrus

(dark green)

with IPS in

caudal part

(h) 1.1c

in sagittal,

vlPFC (pur-

ple) and right

TPJ (pink)

(i) 1.1d

in sagit-

tal, vlPFC

(green),

dlPFC (dor-

sal parts

of middle

frontal gyrus

in turquoise),

anterior infe-

rior parietal

cortex (teal)

and premotor

cortex (blue)

(j) 1.1e in

sagittel, right

inferior frontal

cortex

Figure 1.1: Key regions of networks involved in cognitive processes: Figures 1.1a and 1.1f show

key regions of the midcingulo-insular network, involved in salience detection. Figures 1.1b, 1.1g,

1.1c, and 1.1h show key regions of respectively, the dorsal and ventral attention networks. Figures

1.1d and 1.1i show key regions of the lateral frontoparietal network, also referred to as the executive

control network, involved in working memory. The right inferior cortex mainly involved in inhibition

is shown in figures 1.1e and 1.1j. BrainNet Viewer (Xia et al., 2013) was used in Matlab 2022b

to plot regions of interest. The automated anatomical labelling atlas version 3 (Rolls et al., 2019)

was used as mapping file for all plots except for 1.1a and 1.1f, where version 2 was used (Rolls

et al., 2015). ICBM152 (JC et al., 2001) was used as surface file. (FEF: frontal eye field; IPS:

intraparietal sulcus; vlPFC: ventrolateral prefrontal cortex; dlPFC: dorsolateral prefrontal cortex;

TPJ: temporoparietal junction)
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As cognitive flexibility is a broad concept, the task of defining brain regions func-

tionally relevant to it seems more logical in defining these independently per un-

derlying executive functions. Of course, both executive functions and brain regions

described above functionally overlap and dynamically interact to produce cognitive

computations (Niendam et al., 2012). Further research may be needed to pinpoint

how neural dynamics and specific brain regions interact to produce cognitive com-

putations. Current research identifies mainly the lateral frontoparietal network and

the midcingulo-insular networks as most prominent in the correct functioning of

cognitive flexibility (Seeley et al., 2007; Uddin, 2021).

1.1.3 Measuring Cognitive Flexibility

To measure cognitive flexibility, rule-shifting paradigms are used. Typical behav-

ioral processes assessed are the ability to:

1. Infer a correct course of action in accordance with feedback following responses

made in a given environment;

2. notice when such course of action does not yield enough positive feedback

anymore;

3. incorporate new feedback to reinvestigate newly feedback-relevant stimuli and

subsequent action planning;

4. update behavior to the current environment in order to maintain positive

feedback yield by shifting responses and inhibting previously correct responses.

As such, set-sihfting and task-switching learning tasks, in which individuals are

presented with stimuli, have to respond, obtain feedback, and must adapt be-

havioral responses to changing environments are used to measure these abilities.

Multiple rule-switching learning paradigms are developed and used in cognitive re-

search. Standardized and established tests are, i.e. the Wisconsin Card Sorting Test

(WCST) (Berg, 1948; Grant & Berg, 1948; Kopp, Lange, & Steinke, 2019) and the

intra-extra-dimensional task shift test of the Cambridge Neuropsychological Test

Automated Battery (Downes et al., 1989), shown to be an analoge of the WCST.
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(a) Participants are asked

to match a card to one of

the four presented cards.

(b) The presented card

could, for example, be

sorted according to color.

(c) It could also be sorted

according to shape, or to

number (not depicted).

Figure 1.2: Wisconsin Card Sorting Test

Wisconsin Card Sorting Test Figure 1.2 exemplarily depicts the WCST. Par-

ticipants are asked to sort a card to one of four presented cards. The card to be

sorted in Figure 1.2a could be sorted according to the dimension ”color” (1.2b), to

”shape” (1.2c) or to ”number” (not depicted). Feedback obtained to participants’

sorting responses can be used to infer the correct sorting rule. After 10 correctly

sorted cards, the underlying rule changes and participants have to learn a newly

correct rule.

Intra- Extra- Dimensional Set Shift CANTAB IED presents participants with

simple stimuli such as colored shapes or white lines; or compound stimuli comprising

both in later trials. Using the obtained feedbach after choosing a stimulus, they must

determine the rule-relevant stimulus. After six correctly selected shapes, a rule

switch occurs, which can either be intra-dimensional (i.e., white lines remain the

correct stimulus class) or extra-dimensional (i.e. the correct stimulus class switches

from white lines to pink shapes). Figure 1.3 exemplarily shows three trials correctly

completed; correctly chosen compound stimuli are marked in green. In this example,

using the obtained feedback, this would infer the rule-relevant stimulus to be the

isometric shape, found fourth from left in figure 1.3a).
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(a) Trial 1 (b) Trial 2 (c) Trial 3

Figure 1.3: Exemplary Depiction of the CANTAB IED Test. Participants are asked

to choose one of the two compound stimuli, the correctly chosen compound stimuli are

indicated by the green outline.

Novel Rule Learning Task The novel rule learning task employed in this thesis

has been adapted to humans from a rule learning task in rats. Rats were presented

with simultaneously appearing auditory and visual stimuli. The stimuli were a sound

and a light, either on the left- or right-hand side. The side of their appearance was

pseudoramized and independent from one another. Rats could respond in form of a

right- or left-hand lever press. Positive feedback according to the underlying rule was

given in form of a treat after correct responses. Rules switched without additional

indication other than a change in feedback. Outcome measures included reaction

time, response pattern, and head inclination as a measure of attention allocation.

Results showed rats learn rules on a trial-and-error basis by consecutively trying out

behavioral strategies to test for the correct rule instead of learning one action each for

all possible stimuli combinations. Strategies are defined here as hypotheses about

the correct behavioral rule. An example of such a rule in the learning paradigm

employed here could be: ”always press the lever oposite of the visual stimulus”.

Figure 1.4 from Bähner et al., 2022 illustrates the setup of the employed paradigm

in rats (1.4a), the state exemplarily resulting from the combination of used cues,

last lever press, and last outcome (1.4b), as well as possible strategies (1.4c).
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(a) Experiment setup (b) Exemplary state

(c) Possible strategies in rats and their picto-

graphic description

Figure 1.4: Rule-learning paradigm in rats, from Bähner et al., 2022

1.1.4 Reinforcement Learning

Understanding processes underlying learning is key to correctly understanding

cognitive flexibility. A better comprehension of learning and crucial cognitive mech-

anisms may further achieve a better understanding of neuropsychological traits of a

considerable number of neuropsychiatric diseases.

Learning processes are often modeled by reinforcement learning. Reinforcement

learning functions by computing a representation of the environment, a state, and

inferring the corresponding best course of action. Learning progresses on a trial-and-

error basis. Ensuing expected and obtained reward or punishment are taken into

account to update behavioral responses (Sutton & Barto, 1998; Kaelbling, Littman,

& Moore, 1996), while a changing environment is also integrated into new states.

Albeit accurately explaining learning in lowdimensional environments, classic re-

inforcement learning frameworks get exceedingly ine�cient as the number of poten-

tially relevant dimensions increases (Niv, 2019). As such, they do not accurately
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model human learning behavior in highly dimensional and ever-changing environ-

ments as our outer world, as humans and animals are well capable of completing

high-dimensional learning and switching tasks.

It is often proposed humans reduce task dimensionality to maintain e↵ective com-

putations in high-dimensional environments. Selective attention and structure learn-

ing are suggested as a means of e↵ectively reducing task dimensionality (R. Wil-

son & Niv, 2011; Leong, Radulescu, Daniel, DeWoskin, & Niv, 2017; Blakeman &

Mareschal, 2022). Selective attention allocates neural and computational resources

to the preselected stimulus most probably relevant to optimal action and task res-

olution. Structure learning implies humans find structure in sensory input through

the use of episodic memory. It assumes similar tasks share similar relevant dimen-

sions. Transferring knowledge about task structure enables e�cient computations in

previously unknown environments (Gershman & Niv, 2010). This shows structure

learning is closely linked to the use of selective attention in learning.

1.1.5 Eureka! - Sudden Insight in Learning

Furthermore, classic reinforcement learning frameworks often imply a gradual

learning curve. Gradual learning curves do not account for sudden behavioral tran-

sitions, sometimes referred to as moments of ”sudden insight”. Evidence of sudden

insight shaping the learning process is found across species, with moments of sud-

den insights reflected by jumps in reaction time and performance metrics in mice

(Rosenberg, Zhang, Perona, & Meister, 2021), rats (Durstewitz, Vittoz, Floresco,

& Seamans, 2010), macaques (Bartolo & Averbeck, 2020) and in humans (Aziz-

Zadeh, Kaplan, & Iacoboni, 2009; Kounios & Beeman, 2014; Donoso, Collins, &

Koechlin, 2014). Sudden transitions are also explicitely found during rule learn-

ing (Durstewitz et al., 2010). Consequently, shortcomings of classic reinforcement

learning frameworks include ine�ciency in high-dimensional environments, result-

ing in a slow and gradual learning and thus contrasting with humans’ e�ciency in

these environments, as well as the inability to explain sudden transitions in perfor-

mance. Classic reinforcement learning is also unable to explain transfer e↵ects from

previously experienced learning environments to similar new ones (Bähner et al.,

2022).
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1.2 Magnetoencephalography

The following paragraphs introduce the neuroimaging technique used in this thesis.

1.2.1 Basic Principles of MEG

Magnetoencephalography (MEG) is a functional neuroimaging technique devel-

oped in the 1960s by David Cohen and James E. Zimmerman based on measuring

the magnetic field induced by the electric current of post-synaptic potentials using

sensors called magnetometers (Wöhrle, 2020). Neurons with neurites oriented in the

same direction firing simultaneously elicit an electric current. This electric current

induces a magnetic field as illustrated in figure 1.5, which in turn is picked up by

nearby magnetometers (Baillet, 2017). The metric obtained from measurements is

a magnetic field value (Tesla) per magnetometer per time point. It has been shown

than a minimum of 10.000 to 50.000 pyramidal neurons simultaneously firing in the

same direction are needed to elicit a signal (Murakami & Okada, 2006; Williamson

& Kaufman, 1989).

1.2.2 MEG Design

One challenge in MEG data acquisition is the low signal-to-noise ratio. The elec-

tromagnetic background noise constituted by the earth’s geomagnetic field (10 �4

T), by surrounding magnetic sources such as cars, elevators, hospital beds, but also

magnetically induced fields by electrophysiological processes such as subjects’ eye

blinks and heart activity is magnitudes higher than the magnetic signal of inter-

est emitted by the brain (10 �14-10 �12 T) (Singh, 2014). In addition, numerous

ferromagnetic materials are able to perturb magnetic fields measures, such as i.e.

dental implants, clothing articles, belts, metal bras, specific make-up or tattoo types.

As such, meticulous subject selection, subject preparation, and specially developed

and installed technology are needed to ensure optimal measurement. To assure a

valid measurement of the comparatively weak brain signal surrounded by the strong

background noise, supraconducting quantum interference devices (SQUIDs) able to

pick up the comparably weak magnetic neural signals are combined with an electric

and magnetic shielding room excluding background noise, as well as active shielding

processes (Proudfoot, Woolrich, Nobre, & Turner, 2014). Further, preprocessing

methods such as signal-space-separation (Taulu & Kajola, 2005) and independent

component analysis (Hyvärinen, Karhunen, & Oja, 2001) are included to amplify
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the sensitivity to signals of interest.

Figure 1.5: Illustration of an electric current
�!
I eliciting a magnetic field

�!
B

SQUIDs SQUIDs make use of the Josephson e↵ect to convert magnetic field into

voltage: The supraconducting devices organized into a ring are separated by a so-

called Josephson contact in two di↵erent places. The supraconducting properties

over the Josephson Contact are only ensured over a critical current range. Once the

critical current is exceeded, the resulting voltage over the Josephson contact drops.

This fluctuation of the voltage brought about by fluctuating magnetic fields as the

ones measured in MEG can be translated into magnetic field values. Supraconduc-

tion permits for e↵ective and highly temporally detailed measurements of ultra-low

magnetic fields (Hari & Salmelin, 2011; Wöhrle, 2020).

To conserve supraconducting qualities, SQUIDs require cryogenic temperatures,

usually obtained by helium cooling. Magnetometers are arranged in pairs with some

centimeters’ distance in the form of perpendicularly arranged (planar) and parallelly

arranged (axial) gradiometers. This permits a better signal-to-noise extraction, as

gradiometers measure the gradient of magnetic induction between two magnetome-

ters. Noise located further away from the gradiometers will have a more similar

e↵ect on paired magnetometers than signals of interest located more closely, which

will have a less convergent e↵ect on gradiometers arranged in pairs. Calculating

the magnetic field di↵erences in pair-related magnetometers allows for better dis-

tinction between noise and signal and better signal extraction. The gradiometers

are arranged in a whole-brain helmet allowing optimal signal extraction (Ahonen et

al., 1993). Typically, between 100 and 300 gradiometers are incorporated in such
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a helmet. Figure 1.6 shows the spatial arrangements of magnetometer, axial, and

planar gradiometer.

(a) Single

Magnetome-

ter

(b) Axial

Gradiometer

(c) Planar

Gradiometer

Figure 1.6: Shematic layout of magnetometers and gradiometers.

Magnetically and Electric Shielding Rooms Additionally, shielding rooms

and appropriate localization of MEG systems contribute to lower noise levels. Mag-

netic and electric shielding rooms are used to suppress external electromagnetic

noise. Several layers of a special metal alloy, consisting of µ-metal, are used to mag-

netically shield the measuring room. Electric shielding is achieved by completely

surrounding the measuring environment by a metallic mesh to absorb external elec-

tromagnetic noise, making use of the Faraday e↵ect (Wöhrle, 2020). Choosing an

appropriate location for MEG measuring systems also ensures a better data qual-

ity. Typically, and also because of their very heavy apparatus, MEG systems are

constructed in basements, preventing electromagnetic noise. Ideally, these systems

would be located far away from i.e. hospitals, cities, cars and trains (Baillet, 2017).

Signal-Space-Separation and Independent Component Analysis Prepro-

cessing acquired data using specific signal processing algorithms can further permit

elimination of interferring noise. Signal-space-separation make use of the e↵ect that

externally originating noise has a specific spatio-temporal structure di↵ering from

more closely located signals of interest. Measured signals can be separated into com-

ponents attributed to external and internal sources. Internal sources are located in-

side the sensor array, external sources are located outside of the sensor array. Both

sources are linearly independent, allowing for rejection of external source signals

(Taulu & Simola, 2006; MNE-Developers, 2012). This allows for di↵erentiation of
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closely located external sources, i.e. such as artefacts due to medically implanted

devices in patients. Independant component analysis (ICA) allows for extraction of

electromagnetic signals such as, i.e. saccades, eye blinks, and electrocardiographic

signals. It assumes that, i.e. two sources located at di↵erent points in space both

emit independent signals. Two sensors, also located at two di↵erent points in space,

with one sensor more closely located to the first source, and the second located

more closely to the second source will both pick up di↵erently composed mixtures

of both signals. Assuming these signals are independant, ICA allows for extraction

of both signals. Applied to MEG, this allows for di↵erentiation of electromagnetic

signal such as, i.e. saccades, eye blinks, and electrocardiac signals from the signal

of interest emitted by the brain.

In conclusion, the design, acquisition and subsequent processing of MEG data

allow for signal extraction of ultra-low magnetic fields susceptible to interference

in a noisy background. MEG signal acquisition is non-invasive, contactless, and

without repercussions for measured subjects, as it only measures but does not elicit

any signal that could potentially influence human physiology. This allows a wide

range of applicability, i.e. fetal research, accompaniment of anxious patients, and

no loud noises or (at least in comparison to MRI or CT ) small spaces.

1.2.3 Spatial and Temporal range of MEG

Source reconstruction of MEG data permits spatial resolution in the range of

3-5 millimeters. Importantly, its sensitivity to neural signals and thereby spatial

resolution is highly dependable of the orientation and localization of neural source:

electrophysiological currents oriented axially to brain surface will emit weaker mag-

netic fields compared to currents vertically oriented to the brain surface (Mandal,

Banerjee, Tripathi, & Sharma, 2018). Also, neural sources located deeper in the

brain will require a higher signal-to-noise ratio. This implies signals located at gyral

crowns will be weaker than signals located at sulcal walls (Proudfoot et al., 2014).

Regarding its temporal resolution, MEG data is highly precise, comprising a range

of under 1 millisecond in comparison to PET data (ranging in tens of seconds) or

fMRI data (ranging in seconds). This high temporal resolution is attained through

the high acquisition rate of employed SQUIDS (Baillet, 2017; Hämäläinen, 1991)

and allows measures of neural oscillation patterns.
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1.2.4 Advantages and Disadvantages of MEG

Disadvantages of MEG include expensive acquisition costs, as a magnetically

shielded room, liquid helium, and overall expensive materials are needed to ensure a

correctly functioning MEG. Further, the dependency of spatial resolution on source

localization and orientation constitutes a disadvantage to take into account. As

stated above, meticulous subject selection and preparation are needed to ensure

good quality of measured signals. Additionally, compared to neuroimaging tech-

niques directly producing anatomical representation of measured data, raw output

data in MEG produces a magnetic field value per channel per sampled time data

point. This data structure requires knowledge in processing complex and detailed

data structures, and in mathematical source reconstruction models to transform

measured data into the original electrical current source and functional anatomical

representation (Wöhrle, 2020). These arising techniques, requiring highly specialised

knowledge, and being less beginner-friendly than more commonly known and more

established neuroimaging techniques, could also constitute an advantage of MEG,

as they enable utilizing highly detailled data, paving the path for more functionally

oriented and detailled neuroimaging.

Relatively, advantages of MEG include that, i.e. compared to EEG, the measured

signal is not perturbed by intermediately located brain, skull or skin tissues (Baillet,

2017). Further regarding EEG, no reference is needed as MEG signals constitute

an absolute measure, and MEG is not dependent of subjects’ head symmetry, both

making the interpretation of signals easier. MEG can be combined with other

neuroimaging techniques such as EEG or MRI, increasing its informative value

(Hämäläinen, 1991). Being a non-invasive neuroimaging technique, it is deemed

suitable for measurement of children and even fetal development (Preissl, Lowery,

& Eswaran, 2004; Lowery, Eswaran, Murphy, & Preissl, 2007).

In comparison to other neuroimaging techniques, the magnetic field measured is a

direct metric of neural activity. It is a functional and not an anatomical measuring

technique, making it a whole-brain neurophysiological measuring technique (Singh,

2014). Foremost, it o↵ers a high temporal resolution as well as an acceptable spatial

resolution. In sum, this enables measurement and detailled analysis of functional

connectivity patterns (Engel, Fries, & Singer, 2001; Gross, Kujala, Salmelin, &

Schnitzler, 2010; Proudfoot et al., 2014).
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1.2.5 Current Clinical Applications of MEG

Apart from being a versatile research tool, current clinical applications of MEG

primarily consist in pre-operative brain mapping to identify functionally relevant

eloquent brain areas in neurooncological and epilepsy surgery (Pang & III, 2016).

As a non-invasive, functionally oriented, and temporally highly resolved measuring

technique, its further application in clinical settings could be expanded to identifying

aberrant neural functional connectivity patterns specifically linked to neuropsychi-

atric disorders at a whole-brain or local network-level. Examples of some diseases

in which MEG has been used to characterize atypical functional connectivity pat-

terns in research settings include epilepsy (Li Hegner et al., 2018; Van Mierlo, Höller,

Focke, & Vulliemoz, 2019), autism spectrum disorder (O’Reilly, Lewis, & Elsabbagh,

2017; Roberts, Kuschner, & Edgar, 2021), anxiety, depression (Alamian, Hincapié,

Combrisson, et al., 2017; Nugent et al., 2020), schizophrenia (Alamian, Hincapié,

Pascarella, et al., 2017), obsessive-compulsive disorder (Zhou et al., 2022; Tan et

al., 2022), Alzheimer’s disease (Engels et al., 2017), and symptoms of Neuro-HIV

(Becker et al., 2013; T. Wilson, Lew, Spooner, Rezich, & Wiesman, 2019).

These examples underline how MEG research can potentially characterize healthy

functional networks in cognitive neurosciences as well as aberrant neural oscillatory

dynamics in neuropsychiatric diseases. MEG research may contribute to establish-

ing functional biomarkers, facilitating diagnostics and evaluation of therapeutic ap-

proaches. It also shows that presently, the capacities of MEG are not fully exploited

for maximum yield considering the potential it holds with its rich data structure and

arising knowledge in data processing (T. Wilson, Heinrichs-Graham, Proskovec, &

McDermott, 2016).

1.3 Temporal Generalization Matrix

This thesis’ MEG data analysis uses a method as presented by King & Dehaene

(King & Dehaene, 2014; Dehaene & King, 2016) originating from multivariate pat-

tern analysis (MVPA) in MRI data. The following paragraphs are meant to intro-

duce an overall understanding of the data analysis techniques used in this thesis.
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1.3.1 MVPA with MRI data

MVPA is a method that detects di↵erences between two or more experimental

conditions at a higher sensitivity rate than classical linear univariate analyses. Fig-

ure 1.7 exemplarily illustrates the principle of univariate analysis. Voxel activity

measures are compared between two experimental conditions, calculating di↵eren-

tial activity measures per voxel.

In comparison to univariate analyses, where activity rates are compared between

two conditions, and the di↵erence in activity rate is defined per voxel, MVPA focuses

on comparing the patterns of activity over all voxels and can thus better identify

di↵erential activity patterns over all analyzed voxels (Kriegeskorte & Kievit, 2013).

MVPA sets voxels as dimensions, expressing the activity pattern measured in con-

dition A through a vector. One measurement with X voxels and their respective

activity values under condition A thus constitutes one vector in a X -dimensional

voxel space. Another measurement with the same voxels and potentially di↵erent

activity values under condition B can be plotted in the same X -dimensional voxel

space.

Figure 1.7: Exemplary illustration of univariate analysis: Activity parameters measured

in condition A (left) and condition B (middle) are compared per voxel. The di↵erence

between conditions A and B shown right. In this exemplary depiction, voxel 5 yields

di↵erent activation patterns relative to the condition.

Mathematical methods used to model the best geometric criteria to separate the

conditions in X-dimensional space are i.e. support vector machines and linear dis-
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criminant analysis. For example, in a 2-dimensional space, a support vector machine

infers the optimal separation of conditions in form of an optimal line maximizing the

distance between class boundaries. Linear discriminant analysis operates by calcu-

lating the between-class variance (= the distance of the means of di↵erent classes),

and the within-class variance (= the distance between a mean and the samples of

the same class); and by constructing a lower-dimensional space maximizing between-

class variance and minimizing within-class variance. Both methods thus attempt to

find an optimal separation of the measured conditions in the X -dimensional space

and can be used as classifiers. Classifiers are trained on a given number of data

points in the multidimensional voxel space and are subsequently measured on their

ability to classify new data points on which they were not previously trained upon.

If there is discriminative information between the activation patterns of two di↵er-

ent conditions, a classifier trained on these two conditions should accurately classify

additional data points.

(a) 30 data points comprising activity val-

ues of 2 voxels plotted as vectors in a

2-dimensional vector space. Data points

emerging from condition A are plotted in

pink, green if emerging from condition B. A

line is fitted to best delimit both conditions,

i.e. a support vector machine maximizing the

distance between the class boundaries.

(b) The same data points as presented in

subfigure 1.8a, with the dotted line mark-

ing the best fit delimiting the two conditions.

The classifier (dotted line) can thus be tested

on its classification accuracy regarding data

points it was not trained upon, such as the

black data point marked by a question mark.

Figure 1.8: Exemplary Depiction of Multivariate Pattern Analysis

This analysis o↵ers a better discovery of di↵erential activity patterns relative to

univariate comparisons at single-voxel levels. The conditions do not have to signifi-

cantly di↵er in the activity rate at single-voxel levels, but rather in the corresponding

activity pattern (Kriegeskorte & Kievit, 2013). Figure 1.8 exemplarily depicts such
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a process with two experimental conditions represented in a two-voxel activity pat-

tern, resulting in a two-dimensional space. This technique can be completed in

form of a searchlight analysis. This comprises sliding a search window over voxels

in functional anatomical regions of interest and performing multivariate analysis on

preselected voxels corresponding to this anatomical region of interest (Kriegeskorte,

Goebel, & Bandettini, 2006). Compared to whole-brain decoding analyses allowing

for detection of di↵erential activation patterns, searchlight analyses enable localiza-

tion of decoding analyses’ results.

1.3.2 MPVA and MEG data

Analogously to MVPA classification of MRI data, it is possible to classify MEG

data in an MVPA-style analysis. In comparison to MRI data consisting of time-

voxel -pairs, MEG data consists of time-channel -pairs. As such, channels replace

voxels as feature dimensions (M. Treder, Oostenveld, Scho↵elen, & Janke, 2019).

The high temporal resolution in MEG data structure has many advantages and

can be incorporated in these analyses. Data classification can be performed not over

time windows of seconds such as in fMRI, but on all time points o↵ered by sampling

frequency (M. Treder et al., 2019), reaching up to 100 - 1000 Hz. This infers that

per sampled time point, an individual classification analysis of channels as vectors

and corresponding magnetic field values per channels can be performed (King &

Dehaene, 2014; Fyshe, 2020). This permits characterization of how and whether

discriminative information changes during di↵erent stages of cognitive processes

such as decision-making. Further, neural patterns during cognitive processes can be

identified and analyzed on their consistency of change over time.

MEG data structure o↵ers additional possibilities; time-frequency-data can also

be classified using this approach. Choosing channels as feature dimension and clas-

sifying over time identifies time points yielding the most discriminative information

regarding condition classification. Inversely, an averaged time window can be chosen

as feature dimension to identify channels yielding the most discriminative informa-

tion (King & Dehaene, 2014; Dehaene & King, 2016).

1.3.3 Time x Time Generalization

Classifiers trained on channels and corresponding magnetic field values are tested

on their ability to accurately classify data unknown to them belonging to the same
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time point as well as on data of other time points the sampling rate o↵ers. This

entails classifiers trained on data belonging to time point T can be tested on their

classification accuracy of data belonging to any time point T’. This can be repeated

for all time points, resulting in a matrix of classification performances for all pos-

sible train-time/test-time pairs: a time x time generalization matrix (M. Treder et

al., 2019; King & Dehaene, 2014). Figure 3.6a on page 49 shows, for each time

point (train time point, y-axis) the corresponding classifier’s decoding accuracy in

classifying the data of another time point (test time point, x-axis). The diagonal of

the temporal generalization matrix gives a measure of classifiers trained and tested

on the same time point (Dehaene & King, 2016).

Temporal dynamics and organization of neural codes may be inferred from the

shape of the temporal generalization matrix (tgm) (King & Dehaene, 2014). For

example, sustained activity patterns might produce a square-shaped above chance

decoding performances in the tgm (King, Gramfort, Schurger, Naccache, & Dehaene,

2014); subsequently activated activity generators might produce a diagonal-shape of

decoding performances above chance (Carlson, Tovar, Alink, & Kriegeskorte, 2013;

Fyshe, 2020). This uncovers the temporal unfolding of neural dynamics and relation

to subsequential neural stages, and shows if neural representation is maintained or

changes over time. Decoding accross conditions, where a classifier is trained on data

of condition A and tested on its classification accuracy on condition B could show

if neural representation is shared across conditions in temporally distinct manners

(Fyshe, 2020).

1.4 Goals of this Thesis

In this thesis, a translational rule-switching learning paradigm already shown to

explain cognitive and behavioral flexibility in rats was adapted to humans while

analyzing simultaneously recorded magnetoencephalographic data. This paradigm

showed rats learn correct rules by sequentially testing for the correct strategy on

a trial-by-trial basis, rather than learning the correct action for all possible stimuli

combinations in a given environment. It proposes strategies as a possible correlate

of attention-driven stimulus selection during the learning process in new environ-

ments. It also showed strategies account for sudden change points occurring during

the learning process. In this thesis, the rule-learning paradigm was adapted to hu-

mans and used to verify if similar cognitive processes are identifiable. To that aim,
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the behavioral data of 27 healthy participants completing the rule-switch learning

paradigm was analyzed, as well as the behavioral and neural data of additional 28

healthy participants completing the paradigm during MEG recording. This thesis

will show how:

• humans consecutively test for the correct strategy on a trial-by-trial basis to

infer the correct rule in unknown, ever-changing environments;

• the use of strategies accounts for abrupt behavioral change points occuring in

learning processes.

• An MVPA-like analysis of simultaneously recorded MEG data will attempt

to show neural correlates of strategy-based testing for the correct rule in con-

stantly evolving environments.

• Further, behavioral and externally validated quantitative cognitive parame-

ters obtained with CANTAB will be correlated with MEG decoding analyses

to infer if brain regions relevant to cognitive functions project to decoding

accuracies of strategies in CANTAB test-coherent sensor spaces.

In combination with rodent results, this thesis aims at an understanding of cog-

nitive, behavioral and neural processes underlying flexible decision-making and pro-

vides a foundation for the translational investigation of impaired cognitive flexibility

in clinical populations.
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Chapter 2

Method and Materials

2.1 Method Outline

2.1.1 Pilot Experiment

Participant Recruitment and Demographics A behavioral pilot with 27 heal-

thy participants (15 males, mean age: 26,1, SD: 6,6 years) recruited from the local

community was conducted prior to the MEG-experiment. The participants were

screened for neurological and psychiatric disorders, as well as physical exclusion cri-

teria. Disorders screened for were depression, suicidality, bipolar disorder, obsessive-

compulsive disorder, anxiety disorders, traumatic experiences, post-traumatic stress

disorder, drug and substance abuse, psychotic disorders, anorexia, bulimia, as well as

sight or hearing restrictions. Only healthy subjects participated in the study. They

received no financial compensation. The measurements occurred at the library of

the University of Heidelberg (Germany). One participant chose to terminate the

experiment prematurely, after having completed 3 of the four experiment phases.

Experiment Description

Trial Description The pilot task was a multidimensional learning paradigm com-

prising 600 trials. The stimuli were delivered using the software application Pre-

sentation (Version 20.1 Build 12.04.17, NeuroBehavioral Systems, Berkeley, USA).

Each trial started with the presentation of two stimuli. These were a white circle

and a sound at a frequency of 400 Hz. Both appeared at the same time and could ei-

ther appear on the left-hand or on the right-hand part of the screen or, respectively,

on the left or right ear plug. The presentation (left versus right) of both stimuli
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was pseudorandomized. The stimuli were presented for 100 ms, followed by a 2900

ms delay interval with a white central crosshair. After the stimuli presentation, the

white crosshair continued to be presented for 2900 ms. The crosshair then turned

green for 2000 ms, indicating to the participants to log in their response. Their

response could either be a left-hand or a right-hand button press. Following the

green crosshair, the feedback appeared on the screen for 1000 ms - either the word

“richtig” for positive feedback, or a white central crosshair for negative feedback,

or if participants had omitted responding on the trial. The white central crosshair

was then presented for 4000 ms before the stimuli of the next trial were presented.

Figure 2.1 shows one trials’ exemplary course. Participants were instructed to press

left or right during the green crosshair phase; and to use the feedback to learn a

rule they could follow to yield the most positive feedback.

Figure 2.1: Depiction of a trial as employed in the learning paradigm, both in the

pilot and in the final experiment version. Trial sequences as presented to participants

are shown from left to right, starting with stimuli presentation.

Experiment Phases The experiment consisted of four di↵erent rule phases, with

150 trials each. The participants had been instructed to learn a new rule every time

a new phase started. In the pilot, the rule switches were cued through a 5 second

countdown. Rule switches were not cued in the main study. Feedback was set at a

probabilistic rate of 80%, meaning that, if a participant had responded correctly on

a trial, the corresponding correct feedback would be shown with an 80% probability,
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for incorrect responses, a positive feedback was given with a 20% probability.

The four phases were, in the following order:

• Dark - press the opposing side of the visual stimulus (150 trials)

• Right - press the right-hand side (150 trials)

• Alternate - alternate left and right responses (150 trials)

• Silent - press the opposing side of the auditory stimulus (150 trials)

Debriefing Questionnaire After completing the learning paradigm, the partic-

ipants were asked the following questions:

• “What was your a priori approach?”

• “What did you find to be correct?”

• “Did you notice the rule change?”

• “How have you identified these rules?”

• “Have you found out the dark, right, alternate and silent rules?”

• “Did you use one or more of the following strategies (light, dark, sound, silent,

right, left, alternate, win-stay-lose-shift)?”

• “Did you use other approaches: such as trying to infer the correct side to click

per possible stimuli combination?”

• “What else did you try out during the experiment?”

2.1.2 Main Experiment Combining Neural and Behavioral Data

Participant Recruitment and Demographics 32 healthy adults (22 females,

mean age: 27,2, SD: 9,1, range: 19-55 ) recruited from the local community solved a

task duringMEG recording. Participants were screened for exclusion criteria such as

any current or history of mental and neurological illnesses as well as substance abuse.

Participant written and informed consent was obtained following the guidelines of

the Central Institute of Mental Health in Mannheim, Germany. The experiment was

approved by the ethics committee of the medical faculty of Mannheim (Heidelberg
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University, Germany). Participants were invited to 2 appointments, the first one

consisting of the learning experiment in the MEG, the second one consisting of a 90-

minute neuropsychological test battery (CANTAB). Participants received financial

compensation of 50 Euros for their participation as well as reimbursement of travel

expenses.

Three participants were removed from the analysis because of too strong artifacts

during the measurements due to dental work. These participants are included in the

demographic count. An additional 15 healthy adults (9 females, mean age: 25,5,

SD: 8,8, range: 18-56 years) completed the final version of the learning paradigm

outside of the MEG and without the additional CANTAB recording mentioned

above. These 15 adults, as well as the 3 participants excluded from the MEG

data analysis, were included in the behavioral data analysis of the final experiment

version.

Experiment Description

Trial Description See section 2.1.1 and figure 2.1 on page 24 for trial structure

description. Trials kept the same structure as in the pilot. The rule phases were

altered in the final experiment version resulting in a total number of 650 trials and

not 600 as in the pilot version. Importantly, rule switches were not cued.

Experiment Phases Participants were instructed to learn a rule throughout ob-

tained feedback, using it to adapt and optimize their response pattern to receive

the most positive feedback. Unbeknownst to them, the rule switched during the

experiment.

The phases of the experiment were, in the following order:

• Random Reward - 50% chance of reward no matter which button was pressed

(126 trials)

• Dark - always press the opposing side of the visual stimulus (100 trials)

• Right - always press the right-hand side (75 trials)

• Alternate - press the left and the right-hand side alternatively) (199 trials)

• Silent - always press the opposing side of the auditory stimulus (150 trials)
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The 4 rule phases had an 80% probabilistic feedback rate, meaning correct re-

sponses received positive feedback with an 80% chance, incorrect responses with a

20% chance. The number of trials per rule phase was adapted accounting for results

from the behavioral pilot. Easier rules were shortened while more di�cult rules

were lengthened, based on behavioral analysis of pilot data as well as participants’

feedback. Because some participants inferred the first rule dark astonishingly fast in

the pilot (sometimes in a few trials), a random reward phase with a random reward

rate of 50% was added to yield behavioral data over a time series in which there was,

unknown to the participants, no rule to learn. This ensured that even the subjects

who would learn a rule in just a few trials’ time produced a time window in which

their a priori approach could be analyzed without subjects already being set to the

correct rule. It also enabled examination of human behavior in experiment phases

without any underlying rule. The rodent task version showed rats test strategies in

rule-free environments, and research hints humans proceed in a similar structured

manner even without the benefit of positive feedback (Collins, Cavanagh, & Frank,

2014; Farashahi, Rowe, Aslami, Lee, & Soltani, 2017).

The rule switch cue was eliminated, to present one continuous set of 650 trials

without cued rule switches. Participants completing the non-stop learning paradigm

outside of the MEG performed it without breaks. For participants completing the

task during MEG acquisition, the task was split into 3 runs of 20 +/- 3 minutes.

Participants were informed about the pauses before the start of the experiment.

Debriefing Questionnaire After completing the learning paradigm, the partic-

ipants were asked the same questions during the debriefing as in section 2.1.1

2.1.3 MEG Data Aquisition

Recordings occurred in the Central Institute of Mental Health in Mannheim, Ger-

many. MEG data was recorded in a magnetically shielded room (Vakuumschmelze

GmbH, Hanau, Germany) with a 306-channel-system comprising 102 magnetome-

ters and 204 planar gradiometers (Elekta Neuromag Triux, MEGIN, Helsinki, Finn-

land) at a sampling rate of 1000 Hz. A low-pass filter and high-pass-filter of 330

and 0,1 Hz, repectively, were applied. Internal shielding was applied. A digitization

of three fiducial landmarks (nasion, left and right pre-auricular points), of 5 head

position indicator coils and over 100 additional points over the scalp’s surface was
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performed with a Polhemus fastrak digitizer (Polhemus, Vermont, USA). These ad-

ditional points allowed an approximation of the participants’ head shape. Inside

MEG sensor level, head position indicator coils were magnetized each at di↵erent

frequencies, thus allowing a head position estimation of the subject during the ex-

periment. Head position indicator coils were used to measure the participant’s head

and shape inside the sensor helmet at the beginning of the three runs of the exper-

iment (each 20 +/-3 minutes). Maxfilter software (Version 2.2, Elekta Neuromag,

Finland) was used to align the participants’ head shape and position according to

the measured head position indicator coils and to filter out artifacts generated by

head movement and ambient noise using signal space separation. Participants’ ver-

tical and horizontal electrooculograms (EOG) and electrocardiogramm (ECG) were

monitored during MEG recordings by three bipolar electrodes, enabling an easier

artifact detection and removal through independent component analysis. EOG elec-

trode impedance was kept under 10 k⌦. Participants were continuously monitored

by a camera and microphone following safety guidelines.

2.1.4 CANTAB Data Aquisition

During the second appointment, a computer-based cognitive assessment was ad-

ministered using a test battery consisting of neuropsychological tests of the Cam-

bridge neuropsychological test automated battery (CANTAB® [Cognitive assess-

ment software], Version 3.0.0, Cambridge Cognition (2022). All rights reserved.

www.cantab.com, Cambridge, England.). The customized test battery focussed on

measures of executive functioning and consisted of the following tests administered

in the following order:

• Reaction Time (RTI): This test assesses motor and response speed, as well

as cognitive processing time, response accuracy and impulsivity. Performance

depends on parietal and prefrontal brain networks.

• Intra- Extra- Dimensional Set Shift (IED): This is a rule-switch task in which

the switches are intradimensional at first, and extradimensional later. “In-

tradimensional” refers to the relevant stimulus dimension not changing with

rule switches, “extradimensional” refers to the relevant stimulus dimension

switching with rule switches. This test is sensitive to changes in the fronto-

striatal areas in the brain. It assesses attentional set formation maintenance,

shifting, and attentional flexibility. See figure 1.3.
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• Paired Associates Learning (PAL): This test assesses visual memory and new

learning. It is sensitive to changes in medial temporal lobe functioning.

• Spatial Span (SSP): This test assesses the working memory capacity, giving a

measure of the frontal lobe functioning

• One Touch Stocking of Cambridge (OTS): This test assesses spatial planning

and working memory capacities, giving a measure of frontal lobe functioning.

• Stop Signal Task (SST): This test generates an estimate of stop signal reaction

time, measuring the participants’ ability to inhibit a prepotent response.

• Rapid Visual Processing (RVP): This test is a sensitive measure of general

performance and selective attention. It assesses functions such as sustained

attention, cognitive processing, and is sensitive to parietal and prefrontal lobe

dysfuntion.

• Spatial Working Memory (SWM): This test measures participants’ ability to

retain spatial information and to manipulate remembered items in working

memory. It is a sensitive measure of frontal lobe and of executive dysfunction.

The description of tests, outcome measures and informations about functionally

associated brain regions are derived from the CANTAB website, see: https://www.

cambridgecognition.com/cantab/cognitive-tests/ (Cambridge Cognition, 2022),

and from the CANTAB-Eclipse Manual version 3.0.0 (Cantab Cognition Ltd(2006),

“CANTABeclipse™ Test Administration Guide”, Version 3.0.0, Cambridge Cogni-

tion Ltd. (Limited, 2006) and ”CANTAB Cognition handbook”, 1st edition, 2nd

version, 2015, Cambridge Cognition Ltd (Limited, 2015).

2.2 Analysis Outline

The analysis section is split into a behavioral analysis, a MEG data analysis and

cluster-based correlation analyses.

2.2.1 Behavioral Data Analysis

Qualitative Questionnaire Data The following behavioral data analysis was

performed for both the pilot data and the final experiment version data.
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Detect Strategies The participants were asked what rules they had identified

and how they solved the problem. Using the qualitative questionnaire data, it was

aimed to classify the participants into one of four categories regarding their a priori

approach to the rule-learning paradigm:

• Infer, for each possible environmental state the correct action to take;

• Use attention-modulated and stimulus-specific strategies;

• A combination of both approaches stated above;

• Alternative approaches.

Rule and Strategy Indices The experiment was administered with the Presen-

tation software application (Version 20.1 Build 12.04.17, NeuroBehavioral Systems,

Berkeley, USA). During the learning paradigm data acquisition, the participants’

behavior was recorded into a logfile. The logfile contained the following measures:

the participants’ response (either a right-hand or a left-hand click), the reaction time

(time between the stimuli presentation and the participants’ response), the feedback

received per trial, and whether the response was correct or incorrect in accordance

with the underlying rule.

These measures allowed for analysis of the participants’ response pattern. The

response pattern of the participants was analyzed by a custom-made script (Bähner

F., written in Matlab 2017a, Natick, USA). The script tested, for each subject and

for each single trial, whether the according response was consistent with one of eight

behavioral strategies. The aim was to find out whenever the participants had carried

out any given strategy more frequently than any other strategy or than chance would

predict. The strategies the algorithm was able to detect were the following:
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Strategy

Name
Strategy Description

Alternate Click left and right alternately

Click Click the side the auditory stimulus was on

Dark Click the opposite side the visual stimulus was on

Left Always click left

Light Click the side the visual stimulus was on

Right Always click right

Silent Click the opposite side the auditory stimulus was on

Win-stay-

lose-shift

Click one side (right or left) and change the side as

soon as a negative feedback is given

Table 2.1: Strategies detectable in the behavioral analysis and according description

For each strategy, trial sequences in which following that strategy was more prob-

able than chance or than the other seven strategies were identified. This was done

by defining time series for each of the eight detectable strategies and computing,

per trial and time series, whether the participants’ answer was coherent to the cor-

responding strategy. Figure ?? exemplarily shows such a process for a sequence

of trials. Based on binomial distribution, the probability of the employment of

the identified strategy per series of subsequent trials was tested against chance and

against the probability that another strategy was more likely employed.

The minimal sequence length to permit significance level being 6, it was repeatedly

increased until reaching the analyzed rule learning sequence length. If sequences of

di↵erent strategies identified as significant overlapped, the sequence with the lowest

binomial test statistic was discarded. The explanation of the custom-made script

detecting strategies as well as figures 2.2a and 2.2b are adapted from (Bähner et al.,

2022).
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(a) Exemplary depiction of a sequence with click as the underlying rule, con-

tinuously comprising trial i+1 to trial i+8. Behavioral responses, R for right

and L for left, are circled in green if correct, red if wrong. Stimulus presentation

consists of a sound and a dot (appearing independently; either on the left or

the right).

(b) Trials consistent to the respective detectable strategies are counted for the

analyzed sequence as seen in figure 2.2a. Binomial test statistics show the

strategy click was employed.

Figure 2.2: Visualisation of strategy detection algorithm for a series of subsequent

trials

Rule and Strategy indices For each rule sequence and for each participant

individually, the following rule and strategy indices were identified:

• the first correct trial (first correct sequence);

• the length of that index sequence (index sequence);

• how many additional correct sequences had been detected before the learning

criterion was reached (index sequence 2 crit);
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• the longest sequence with the corresponding correct rule (longest sequence

length);

• the percentage of trials explained by a detected strategy (% explained by

strats);

• how many strategies were tried out in each rule phase (i.e. strategies tried out

in dark);

• and for each rule whether it was solved or not.

Change Point Detection The detection of abrupt behavioral changes and the

computation of their statistical significance was achieved using paired adaptive re-

gressors for cumulative sum (PARCs, (Toutounji & Durstewitz, 2018)). Change

points represent abrupt changes in a sequence of subsequent trials (one time course

represented by an individual rule phase), i.e. over the performance metric or the

reaction time metric. The algorithm is able to identify more than one change point

over the same time series. The details of the procedure can be found in (Toutounji &

Durstewitz, 2018); the Matlab code is available at: https://github.com/htoutoun

ji/PARCs. The performance metric is defined for each individual trial with a bi-

nary value coding for a correct (1) or incorrect (0) response in relation to the un-

derlying rule. The reaction time is defined as the time needed to answer with a

button-press following the stimuli presentation. PARCS, like other change point de-

tection methods, first calculates the cumulative sum (CUSUM) of di↵erences from

the mean performance metric and the performance metric on individual trials; or of

di↵erences from the mean reaction time and the reaction time on individual trials.

Typically, the change point is identified in the trial where the maximum, weighted,

absolute CUSUM of di↵erences to the mean is largest (i.e., the cumulative sum of

di↵erences would begin to decrease or increase subsequently to that point). Since

this method tends to favor the detection of change points near the center of ana-

lyzed time series, PARCs applies an adaptive regression spline method by fitting

pairs of nonoverlapping piecewise linear regressors to the CUSUM di↵erence vector

(Toutounji & Durstewitz, 2018). In the present study, trials where the overlapping

splines provided the best fit to the CUSUM di↵erence vector were taken as the sig-

nificant change point trials for according time series. Non-parametric permutation

bootstrap testing was used with the significance level set to 0.05, based on 1000

bootstrap samples.
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Correlation of Rule Indices and Behavioral Variables Correlations between

rule indices and behavioral variables obtained in CANTAB were tested for their sig-

nificance using pearson’s correlation and the function corrcoef. The null hypothesis

that the means of the correlated variables do not di↵er significantly was tested with

a two-sample t-test, using the Matlab function ttest2. (Matlab R2017b).

2.2.2 MEG Data Analysis

MEG data analysis was performed with custom-made scripts (Popov T.) using the

fieldtrip toolbox (version: fieldtrip-20200128) in Matlab (R2017a) developed by

(Oostenveld, Fries, Maris, & Scho↵elen, 2011) as well as the mvpa-light toolbox,

(version: MVPA-light VERSION) developed by (M. S. Treder, 2020).

Preprocessing MEG raw data was preprocessed according to spans of 2 seconds

before and 4 seconds after stimuli presentation per trial. Each trial was detrended

and baseline correction was applied. The data was resampled at a sampling rate of

300 Hz for independant component analysis and at 100 Hz for subsequent analy-

ses. Eye-movement activity such as blinks and saccades monitored by the vertical

and horizontal EOG electrodes, as well as cardiac activity monitored by the ECG

electrodes were detected as artifacts and removed using independent component

analysis.

Classification of Event-Related MEG Data using MVPA-light The method

introduced in section 1.3 was applied in the following steps of MEG data analysis.

The toolbox used was MVPA-Light (M. S. Treder, 2020), implemented in the field-

trip toolbox (fieldtrip-20200128) (Oostenveld et al., 2011). Classifications performed

included time-level and sensor-level analyses, as well as testing classifiers’ ability to

generalize from data of one time point to data of another to explore temporal orga-

nization of neural dynamics.

Temporal Generalization Matrix Classifiers were trained on MEG data la-

belled into conditions for each timepoint T, and subsequently tested on their ability

to classify data into conditions from the same timepoint T and other time points

T’. The resulting time x time generalization matrix is a map of decoding accuracies

per train time-test time pair. Linear discriminant analysis (LDA) was used as a

means of classifying. If there were more than two conditions along which the MEG
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data was classified, multiclass linear discriminant analysis was used. Accuracy was

chosen as an output metric. K-fold cross validation was used, with k set to 5, and

was repeated 5 times. Ft timelockanalysis was called to perform the computa-

tion. The resulting time generalization matrix with classification accuracy values

per train-test time combination was plotted using mv plot result.

Classification Accuracy over Sensor Space Consequently, a searchlight-type

analysis was performed to assess which channels contributed most to classification

performance. The averaged time window of 0 to 1 s after stimulus presentation was

used as unidimensional feature dimension. After calling ft prepare neighbours

and setting the method to triangulate over the raw-data file of one participant, the

resulting inferred topography of the channels was used to cluster neighboring chan-

nels together as search dimensions. The classification accuracy was computed for

channels using a (multiclass-) LDA classifier and a 5-fold cross-validation with 5 re-

peats. Accuracy was chosen as an output metric. Ft timelockanalysis was called

to perform the computation. The resulting classification accuracy per channel was

plotted using ft topoplotER and using the layout neuromag306mag helmet.mat as

topography.

Classification Accuracy over Time Classification over time was performed to

identify which time points in the trials contributed the most to classification per-

formance. Channels were set as feature dimension. The classification accuracy

was computed for each time point separately using a (multiclass-) LDA classifier

and a 10-fold cross-validation repeated twice. Accuracy was chosen as an output

metric; ft timelockanalysis was called to perform the computation. The result-

ing accuracy value per time point in the trial was plotted using mv plot result.

On single-participant level, the accuracy values per time points correspond to the

diagonal of the TGM.

2.2.3 Biochannel Data Analysis

Preprocessing Data obtained from biochannels 2 and 3, respectively the vertical

and horizontal EOG electrodes, was preprocessed with a windowed sinc lowpass

filter at a frequency of 40 Hz. Each trial was detrended and baseline correction was

applied. Data was resampled at a sampling frequency of 100 Hz and preprocessed

into trials comprising 0.5 s before and 2.75 s after stimulus onset.

35



Classification Analyses for Biochannel Data Classification analyses on MEG

data were repeated for the BIO data along the same conditions using the following

methods. See section 2.2.4 for classification analyses and according classes com-

puted. Using (multiclass-) LDA, biochannel data was classified in the following

three ways:

Classification over time points Using channels as features, a classification us-

ing a (multiclass-) LDA classifier was performed by calling ft timelockstatistics,

with 10-fold cross-validation repeated twice, accuracy being the metric calculated.

This resulted in accuracy values per time point.

Classification over channels Setting channels as features and generalizing over

the time window of 0 s to 1 s after stimulus onset, a classification was performed by

calling t timelockanalysis using a (multiclass-) LDA, with 5-fold cross-validation

and 5 repeats. The metric calculated was accuracy per channel.

Classification over time and channels Setting neither channels nor time

points as feature dimensions, both channels and time points were used as search di-

mensions. This yielded information as to where in the channel space and when in the

time points discriminative information could be found. The classification was per-

formed by calling ft timelockanalysis using a (multiclass-) LDA classifier, with

5-fold cross-validation repeated twice, and accuracy being the metric. The dimen-

sion order of the resulting classification accuracy was organized in a time channels

classification accuracy matrix, showing in which time points which of the channels

carry discriminative information for classificating accurately.

2.2.4 Population MEG Data Analyses

Table 2.2 shows which classification analyses were performed on MEG data and

corresponding biochannel data obtained in this experiment. For each constellation of

conditions decoded, a cross-participant average was calculated using ft timelockgr

andaverage, excluding the first classification analysis, which was only performed on

a single-participant level. The parameter was set to accuracy: the average was

calculated for classification accuracies over time and sensor space. This returned a

classification accuracy average per time point, as well as a classification accuracy

average per channel. Similarly, for biochannel data the metric calculated was clas-

36



sification accuracy average per channel and classification accuracy per time point

over averaged channels.

Neuromag306mag helmet.mat was used as a layout for plotting the grand average

of the searchlight analyses using ft topoplotER. Ft singleplotER was called to

plot the average of the decoding accuracies over time.

Classifications and

according conditions

Criteria and number of participants fitting

these criteria

Alternate & Click & Dark

& Left & Light & Right

& Silent &

Win-stay-lose-shift

for n=29 participants individually according to the

detected strategies in the behavioral analysis (i.e. if 5

strategies were detected, only these 5 were used as

classification conditions)

Click & Dark & Silent

for n=15 participants with minimum 30 trials

detected per according strategies in the behavioral

analysis

Light-specific ( Light &

Dark) &

Sound-specific(Click &

Silent) & Place-specific

(Alternate & Right & &

Left) strategies

for n=28 participants, excluding one participant

which had not performed any strategies

corresponding to the place-specific class

Table 2.2: Description of computed classifications and according classes. Other

combinations of three strategies were computed (with n between 8 and 13) with

similar quantitative results. The main analysis of this thesis was the third listed

here.

2.2.5 Correlation Analyses of Topographical Accuracy Maps with

Behavioral Variables

To test for significant correlations of classification accuracies and CANTAB be-

havioral variables per subject, cluster-based permutation statistics were applied.

Correlation analyses of topographical classification accuracies with be-

havioral variables Using pearson correlation coe�cient, cluster-based permuta-
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tion analyses were applied to identify significant correlations of topographical clas-

sification accuracies with quantitative behavioral variables. Channel-accuracy-pairs

arising from classification analyses on single-subject level were used as input sam-

ples. The e↵ect at the sample level was quantified using ft statfun correlationT,

the threshold was set at an ↵-level of 0.05. Selected samples were clustered by spa-

tial adjacency, with the minimum number of neighboring channels required to form

a cluster set to 2. Channel structure was computed by reading in a participant’s

raw-data file and calling ft prepare neighbours with method set to distance.

Distance threshold was set to 4. Reference distribution under the assumption of

interchangeable samples was approximated using monte-carlo as a permutation-

based approach, with the number of draws set to 500. This produced an estimate of

the p-value under permutation distribution. ↵-level was set to 0.025 in a two-tailed

test design. The cluster-based statistic was set to maxsum, meaning the maximum

of the cluster-level statistics was evaluated in a two-sided-test with ↵ set to 0.025.

The maximum of the cluster-level statistic is equal to the sum of the T-statistics

belonging to the samples of the same cluster.

The topography of the correlation coe�cient rho per channel, obtained by calling

ft topo-

plotER was the output of the computation. Using ft topoplotER, the output was

plotted using Neuromag306mag helmet.mat as a layout. Channel clusters with sig-

nificant correlations between classification accuracies and CANTAB behavioral vari-

ables as determined by cluster-based permutation tests were highlighted in red using

cfg.highlightchannel.
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Chapter 3

Results

3.1 Behavioral Analysis

3.1.1 Qualitative Results

It was hypothesized the participants would distinctly recall using either a strategy-

based approach or a state-action-pair-based approach, and that the strategy-based

approach would be predominant and more apparent. A state-action-pair-based ap-

proach entails the correct course of action would have to be learned for each possible

combination of environmental stimuli. Comparatively, a strategy-based approach im-

plies sequentially testing hypothetical assumptions about the correct rule.

Using the qualitative questionnaire data as explained in section 2.1.1, it was aimed

to classify the participants into on of four categories regarding their a priori ap-

proach to the rule-learning paradigm:

1. Infer, for each possible environmental state (2 current stimuli with 2 possible

conditions per stimulus with a previous trial with 2 possible conditions for 2

stimuli = 16 states), the correct action to take; or

2. Use attention-modulated and stimulus-specific strategies.

3. A combination of both approaches stated above

4. Alternative approaches

There was no clear behavioral pattern emerging from the participants’ answers,

neither on a single subject basis, nor across subjects. As such, it was not possible to
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classify the participants in either category. This was in part since most participants

were not able to recall their approach. Noteworthy is that only when distinctly

asked about the use of specific strategies, all subjects reported having used at least

three distinct strategies, and these specific strategies were always detected in the

behavioral analysis.

In sum, spontaneous reports during debriefing indicate that subjects were either

not aware about their learning strategies or couldn’t recall them.

3.1.2 Strategy Detection

It was hypothesized that if the learning process is shaped by a strategy-based ap-

proach, these strategies would be detectable in the behavioral analysis.

To that aim, the participants’ behavioral response pattern was analyzed for de-

tection of strategies.

Strategy

Name
Strategy Description

Alternate Click left and right alternately

Click Click the side the auditory stimulus was on

Dark Click the opposite side the visual stimulus was on

Left Always click left

Light Click the side the visual stimulus was on

Right Always click right

Silent Click the opposite side the auditory stimulus was on

Win-stay-

lose-shift

Click one side (right or left) and change the side as

soon as a negative feedback is given

Table 3.1: Strategies detectable in the behavioral analysis and according description

Exemplarily shown in figure 3.1 is the behavioral analysis of one participant over

the complete time course (650 trials) with dotted lines indicating the rule switches.

The method presented in section 2.2.1 detected if any and which strategy was the

most probable approach for corresponding trial sequences. Identified strategy se-

quences were plotted per trial. The identified strategies are explained in table 3.1.
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Figure 3.1: Most probable and significantly detected strategies are plotted per trial (x-axis),

exemplarily here for one participant. The identified strategies are color-coded: Alternate, Click,

Dark, Left, Light , Right, Silent, and Win-stay-lose-shift. Dotted lines mark the beginning of

the rule sequences: The first, purple line at trial 126 marks the end of the random reward phase

and the beginning of the dark rule. The red line at trial 226 marks the beginning of the right rule,

the grey line at trial 301 marks the beginning of the alternate rule and the blue line marks the

beginning of the silent rule at trial 500.

The participant was able to correctly explain all rules afterwards, coinciding

with findings in the behavioral analysis, showing she had e↵ectively learned all

4 rules. The analysis shows the participant employed 7 of the possible 8 strategies

the method presented in section 2.2.1 can identify. This exemplarily demonstrates

that participants tested for the correct rule by sequentially testing out di↵erent

hypotheses about the correct rule in the form of strategies on a trial-by-trial basis.

3.1.3 Change Points

If participants are found to sequentially test strategies on a trial-by-trial basis for

the correct rule, learning could be expected to progress abruptly. A state-action-pair

based approach would imply a less abrupt and more gradual learning process. It is

expected that finding the tested strategy to be the correct rule would reflect in abrupt

changes in behavioral parameters such as reaction time or performance metrics.

To that means, change points in the performance metric and in the reaction

time measure were computed using CUSUM. Figure 3.2 exemplarily showcases one

participant’s performance during the dark rule sequence. Significant change points

are identified over a time series by calculating the cumulative sum of di↵erences
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betwen the mean of a metric, here performance and reaction time metric, and the

metric measure in individual trials. The change point is taken as the trial where the

maximum, weighted, absolute cumulative sum of di↵erences to the mean is largest,

i.e., the cumulative sum of di↵erences would begin to decrease subsequently to that

point. (see section 2.2.1 for further explanation). Reaction time (peak-shaped)

change points thus marked the shift in which the participants responded significantly

faster relative to prior trials; performance (trough-shaped) change points marked

the shift in which the participants performed significantly better relative to prior

trials. Correlations between the first trial of the correct strategy as identified in the

behavioral analysis and the change points in reaction time and performance metric

were tested on their significance.

Figure 3.2: Identified strategies plotted per trial, as well as reaction time (black) and performance

CUSUM plots (purple), here for the rule sequence dark. Strategies are color-coded: Alternate,

Click, Dark, Left, Light , Right, Silent, and Win-stay-lose-shift. The trough-shaped perfor-

mance change point marks sudden shifts of wrong responses to correct responses in relation to

preceding responses’ average. The peak-shaped reaction time change point marks the sudden shift

in which the reaction time got significantly shorter in relation to preceding responses’ average. X-

Axis: Trial number; Y-Axis: strategy employment probability as identified in behavioral analysis.

For each rule sequence with a corresponding correct strategy sequence, change

points in performance metric and reaction time were computed. Their correlation

coe�cient with each other as well as with the first trial of the first correct strat-

egy sequence as well as the corresponding significance was calculated. After testing
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correlations between change points and the strategy-based approach on their sig-

nificance, the next question addressed was if the means of the measures correlated

di↵ered significantly and if one metric came significantly earlier in the observed time

series than the other metric.

(a) Pilot data, n=69 : 1st correct tri-

als correlate significantly with performance

change points (pearson’s corr. coe↵.=0,7399;

p=0.000). The means of both variables do

not di↵er significantly(p= 0.4973).

(b) Final experiment version, n=88 : 1st

correct trials correlate significantly with

performance change points (pearson’s corr.

coe↵.=0,6563; p=0.000). The means of

both variables do not di↵er significantly(p=

0.3548)

Figure 3.3: Trials corresponding to significant performance change points (y-axis) plotted against

1st correct trials of respective time series (x-axis). Color indicates which rule sequence data points

originate from (Dark, Right, Alternate, and Silent.)

In the final experiment version, correlation analyses showed significant correla-

tions between reaction time change points and respective 1st correct trials, between

performance change points and respective 1st correct trials, and between reaction

time and performance change points. This is shown in figures 3.3, 3.4 and 3.5. On

average, reaction time change points occurred 15.1 trials later than the respective

1st correct trial. The means of the other variables did not di↵er. This adequately

replicates according results of the behavioral analysis of pilot data (see figure 3.2).

Detected change points underline learning processes are not gradual. Further,

the identified correlations show the employment of strategies adequately explains

behavioral change points. A decrease in reaction time indicating more confidence in

the correctness of the tested strategy develops on average 15 trials (SD: 45,7 trials
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in final experiment version, SD: 42,6 in pilot after the beginning of the correct

strategy sequence. In sum, abrupt behavioral progressions in learning processes,

significant correlations between behavioral change points and employment of the

correct strategy, as well as the reaction time change point occurring significantly

later all underline humans test strategies to infer the correct rule.

Consequently, strategies as reflected by selective attention may constitute an im-

portant mechanism enabling learning and switching rules in humans.

(a) Pilot data, n=40 : 1st correct trials do

not significantly correlate with reaction time

change points (pearson’s corr. coe↵=0,2070,

p=0,2000). The means of both variables dif-

fer significantly (p= 0.0326). On average, re-

action time change points occur 14.4651 tri-

als after the 1st correct trial.

(b) Final experiment version, n=86 : 1st cor-

rect trials correlate significantly with reac-

tion time change points (pearson’s corr. co-

e↵.=0,3853; p=0,0002). The means of both

variables di↵er significantly (p= 0.0224). On

average, reaction time change points occur

15.1406 trials after 1st correct trials.

Figure 3.4: Trials corresponding to significant reaction time change points (y-axis) plotted against

respective 1st correct trials (x-axis). Color indicates which rule sequences data points originate from

(Dark, Right, Alternate, and Silent.)
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(a) Pilot data, n=32 : Reaction time and

performance change points do not correlate

significantly (pearson’s corr. coe↵.=0.2818;

p=0.1182).The means of both variables do

not significantly di↵er p=0.1155.

(b) Final experiment version, n=57 : Re-

action time and performance change points

significantly correlate (pearson’s corr. co-

e↵.=0.6481; p=0.000). The means of both

variables do not significantly di↵er p=0.9779.

Figure 3.5: Trials corresponding to significant performance change points (y-axis) are plotted

against reaction time change points of respective time series (x-axis). Color indicates which rule

sequences data points originate from (Dark, Right, Alternate, and Silent.).

3.1.4 Correlation of behavioral variables with CANTAB perfor-

mance parameters

Significant correlations between behavioral variables measured in the rule-switching

paradigm and performance metrics obtained using CANTAB were identified using

pearson’s correlation coe�cient.

Table 3.2 shows the Rho correlation coe�cient of participants’ CANTAB perfor-

mance metrics with according “% of trials solved correctly”, as well as correspond-

ing p-values. 29 participants were evaluated, as 29 participants had performed both

CANTAB tests and the multidimensional learning paradigm. “% of trials solved

correctly” was inferred over all the trials belonging to rule-learning phases (=all

phases excluding the random-reward phase) and showed the percentage of correctly

answered trials. The metrics obtained during CANTAB IED (EDS-errors, total er-

rors (adjusted), and total trials (adjusted)) showed a significant negative correlation

with the corresponding participants’ “% of trials solved correctly”, with a respec-

tive correlation coe�cient of -0.4204, -0.4485, and -0.4275, and respective p-values

of 0.0233, 0.0147, and 0.0207.
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IED

EDS

IED-

total

errors

IED-

total

trials

OTS

mean

choice

OTS

prob-

lems

solved

on 1st

choice

SWM

within

errors

SWM

be-

tween

errors

SWM

dou-

ble

errors

SWM

total

errors

SWM

strate-

gies

Rho -0.4202 -0.4485 -0.4275
-

0.2154 0.2696 0.2276

-

0.1385

-

0.1836

-

0.1499 0.0633

p-

value
0.0233 0.0147 0.0207

0.2618 0.1573 0.2351 0.4736 0.3404 0.4377 0.7443

Table 3.2: Correlation coe�cient and according p-value of ”% trials solved correctly”

with CANTAB performance metrics. Significant correlations are highlighted in

yellow.

EDS-errors, the number of errors made when an extra-dimensional shift was re-

quired, total errors (adjusted), the number total errors committed, a measure of the

participants’ e�ciency at attempting the test, and the total trials (adjusted), the

number of trials completed on all attempted stages, are all metrics indicating poor

performance when higher. The participants’ performance parameters in IED, a val-

idated assessment of rule learning and switching (Lowe & Rabbitt, 1998; Sahakian

& Owen, 1992; Wild & Musser, 2014) correlated significantly with the participants’

performance parameters in the employed multidimensional learning paradigm.

3.2 MEG data Analysis

The following parts aim to examine if the behaviorally detected strategies are also

decodable in MEG data, at both the individual participant and cross-participant av-

erage level, using a MVPA-style approach as introduced in section 1.3.

As not all subjects employed the same number or constellation of strategies, popu-

lar strategy combinations were computed and decoded on a cross-subject level in ac-

cording subjects (i.e., all subjects executing dark, right and silent, with a minimum

of 30 trials per strategy) in order to enable cross-subject analyses. Additionally,

cross-subject analyses included decoding of strategies attending the same stimulus
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grouped in the same class. For example, silent and click, were grouped in the same

stimulus-specific decoding class.

3.2.1 Single-participant level

Exemplarily shown and explained in figure 3.6 is the temporal generalization

matrix arising from the analysis of MEG data of one participant. The following

graphs arise from the analysis of the same participant discussed in section 3.1.2.

The showcased participant had 6 identified strategies in the behavioral analysis:

light, dark, sound, silent, alternate, and right. These identified strategies make

up the 6 classes used in subsequent single-level classification analyses. All trials

with corresponding detected strategies were included in this classification analysis.

Classifiers were tested on their ability to decode the identified strategies in the neural

data at a single-participant level.

Figure 3.6a shows a temporal generalization matrix at the single-participant level

for classes corresponding to single strategies. Above chance classifier performance

can be inferred throughout the diagonal starting at 150 ms after trial onset. The

diagonal is slender until 600 ms after stimulus onset. From 600 ms to 1500 ms,

the form of the tgm diagonal broadens, reflecting the stages of 500 ms to 1500

ms after stimulus onset generalize over a more elongated time window than the

stages decoded at 250 - 500 ms after stimulus onset. The form and broadness of

the diagonal indicate neural activity underlying strategy completion is sustained for

a longer time period in the later ms of the trial than at the beginning (Stokes et

al., 2013). The tgm implies that neural encoding of strategies is firstly composed

of sequentially activated, quickly unfolding neural computations only periodically

present over a short window of time, then developing into a longer sustained pattern

of activity representing a final decision related state.

The corresponding classification analysis over sensor space shown in figure 3.6b

denotes classification accuracy to be above chance level of 16,67 % over a large

portion of the sensor space. A predominance can be made out over the right pari-

etal sensor space, as well as over the right temporal and, in smaller quantities,

over the left temporoparietal and occipital sensor space. A majority of the sensor

space contributes to an above chance decoding accuracy of strategies, this could re-

flect separately coded and decodable neural large-scale dynamics for the employed
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strategies.

In the temporal analysis, peak classifier performance is seen at 150 - 250 ms after

stimulus onset as well as, less pronounced, but for a longer time period at 750 - 1500

ms after stimulus onset. In accordance with the diagonal of the same participant’s

tgm presented above, the peaks found in the decoding analysis per time point reflect

the peaks found in tgm diagonal.

Strategies are decodable at a single-subject level, with a majority of time points

between stimulus onset and 1500 ms after stimulus onset contributing the most

to classification accuracy above chance. Strategies seem to have distinct neural

representations shaped by a quick unfolding of specific dynamics gradually evolving

into a more sustained activity pattern. These single-subject findings are replicated

amongst subjects and reinforce the hypothesis that humans use strategies during

the learning process.
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(a) Time x time’ generalization matrix: the

classification accuracies’ matrix of classifiers

trained with data of a certain time point t (y-

axis) and tested on data of another time point

t’ (x-axis).

(b) Decoding accuracy per channel over the

averaged time window of 0 - 1 s after stimulus

onset

(c) Decoding accuracy per time point

for classifiers tested and trained on

the same time point over the aver-

aged channel space, corresponding to

the diagonal of the tgm in figure 3.6a.

Chance level is indicated by the ver-

tical dotted line.

Figure 3.6: Single participant classification analyses along 6 classes corresponding to the

6 strategies detected in the behavioral analysis, with an according chance level of 16.67%

(100%/6).
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3.2.2 Group-level Analyses

After investigating whether strategies were decodable on single-subject level, group-

level analyses were conducted. The following analyses had two aims: firstly, to

see if strategies were decodable on cross-subject analyses; and secondly, to see if

strategies aimed at the same stimulus dimension shared neural representation while

di↵erentiating from strategies aimed at other stimulus dimensions.

Popular Strategy Combinations

Exemplarily shown and explained is one of the popular strategy combinations

decoded on a cross-subject analysis. All participants with a minimum of 30 trials

per selected strategy (here: dark, click and silent) were included. The classifiers

were tested on their ability to di↵erentiate these three strategies. Topographical

and temporal decoding average maps were computed. Other popular strategy com-

binations with n ranging from 8 to 13 were decoded on a cross-subject level. As

these yielded similar quantitative results, they are not shown here.

Average decoding accuracy for the three selected strategies is above chance at

all analyzed time points, including preceding stimulus onset. Preceding stimulus

onset, average decoding accuracy is above chance level at around 38 %, declining

around stimulus onset. Peak decoding accuracy of 40 % is observed at approximately

250 - 1000 ms following stimulus onset, steadily declining after 1000 ms, levelling

out at 38 %. Decoding accuracy is above chance level of 33% in the majority of

the sensor space, with a broad peak concentrated over the right temporoparietal

sensor space reaching an accuracy of 39,5%. Decoding accuracy is above chance

level at all time points analyzed, including preceding stimulus onset. This could

indicate that participants are set on which strategy to execute before stimulus onset

and reflect top-down attention allocation to the stimulus to attend to in form of

strategy planning and execution.

Single strategies are discernably decodable in the group-level analyses. Seeing the

decoding accuracy average above chance at all time and a majority of sensor points,

it is deductable distinguishable large-scale neural codes underlie single strategies.
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(a) Average decoding accuracy over time,

chance level of 33.33% marked by dotted line
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(b) Average decoding accuracies per channel

for the averaged time window of 0-1 s after

stimulus onset

Figure 3.7: Average (n=15 ) decoding accuracies over time (a) and sensor space (b) for

dark, click and silent. Chance level is 33.33 %.

Attention-specific Strategy Classes

Attention-specific strategy classes were defined, aiming to see if common neural

codes are shared over strategies abiding to the same attention class and di↵erenti-

ating them from strategies oriented at another stimulus dimension. It investigated

whether participants’ use of strategies was attention-driven; and if attention to stim-

uli impacted the selection and execution of strategies and the approach to identify

the underlying rule. To that end, behaviorally identified strategies were divided into

light-specific (light and dark), sound-specific (click and silent), and place-specific

(right, left, and alternate) classes. One participant was excluded from this analysis,

as she had only completed strategies belonging to two di↵erent attention classes.

Average decoding accuracy is above chance at all time points, including before

stimulus onset. Decoding average rises from 40 % before stimulus onset to an elon-

gated peak from 250 to 500 ms after stimulus onset around 44 %. Following this

peak, average accuracy gradually levels out at around 40 %. The complete sensor

space shows an average decoding accuracy above chance level, with the left and right

parietal, right temporal, and left and right occipital sensor space contributing most

to high decoding accuracy for attention-specific strategy classes.
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(a) Average decoding accuracy over time,

chance level of 33.33% marked by dotted line
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(b) Average decoding accuracies per channel

for the averaged time window of 0-1 s after

stimulus onset

Figure 3.8: Average (n=28 ) decoding accuracies over time (a) and sensor space (b) for

attention-specific strategy classes: light specific strategies (light and dark); sound-specific

strategies (click and silent); and place-specific strategies (right, left, and alternate). Chance

level is 33.33 %.

Decoding accuracy above chance in all sensors could indicate distinctly di↵erent

large-scale networks in respect to the dimension the subjects are attending to. Above

chance decoding accuracy before stimulus onset indicates the participants might be

set on the stimulus dimension they will attend to for strategy selection before stim-

ulus onset, reflecting the use of top-down attention. The slight peak after stimulus

presentation might be related to the consolidation of attention-specifc strategy rep-

resentation, indicating determination to apply the strategy already planned for once

confronted with a specific environmental set of stimuli.

3.2.3 Conclusion - Decoding Analyses

Neural decoding on single-subject level shows strategies are made up of quickly un-

folding neural dynamics, initially generalizing over brief periods of time, then evolv-

ing into activity patterns sustained over longer periods of time. Single strategies

were decodable in time and sensor space on a single-subject-level. Decoding accura-

cies’ average over multiple subjects for popular strategy combinations replicated this

result on a cross-subject level. Attention-specific strategy classes attending the same

dimension were shown to share neural representation over the complete time course
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and sensor space. Both cross-subject analyses showed decoding accuracy above

chance over time and the complete sensor space, implicating separate large-scale neu-

ral dynamics underlying single strategies as well as common attention-specific neural

large-scale representations underlying attention-specific strategy classes. Above av-

erage classifier performance preceding stimulus onset for both cross-subject analyses

suggests participants are set on 1) which strategy to execute and 2) which stimu-

lus to attend to before stimulus presentation. This underlines the role of top-down

attention in modulating strategies and the learning process in humans.

3.3 Correlation of Behavioral Variables withMEG Data

Ft statfuncorrelation T and cluster-based permutation test statistics were used

to identify significant correlations between participants’ behavioral variables and de-

coding accuracy topography of attentional strategy classes.

The following behavioral variables obtained from the behavioral paradigm (Strat-

sRR, % of correct trials and Number of rules solved ) or from the CANTAB assess-

ment were tested on their correlations with topographical decoding accuracies (the

explanations of the variables of the tests are taken from CANTAB Cognition Hand-

book, 1st Edition (Limited, 2015) and the CANTABeclipse Test Administration

guide (Limited, 2006)):

Behavioral Variable n Explanation of Behavioral Variable
Significant cluster

identified?

StratsRR 28

Number of strategies tried out in

the random reward phase

no

% of correct trials 28

Percentage of correctly answered

trials

no

Number of rules

solved

28

Number of rule sequences also

featuring the corresponding

correct strategy sequence in the

behavioral analysis

no

Continued on next page
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Table 3.3 – continued from previous page

Behavioral Variable n Explanation of Behavioral Variable
Significant cluster

identified?

RTI mean simple

reaction time

28

Median duration between

stimulus onset and button release

for correct trials with one possible

location for stimulus appearance

yes

RTI mean 5-choice

reaction time

28

Median duration between

stimulus onset and button release

for correct trials with 5 possible

locations for stimulus appearance

yes

RTI mean simple

movement time

28

Median time between button

release and touching the stimulus

for correct trials with one possible

location for stimulus appearance

no

RTI mean 5-choice

movement time

28

Median time between button

release and touching the stimulus

for correct trials with 5 possible

locations for stimulus appearance

no

RVP mean latency 28

Mean time taken to respond

correctly, time windows greater

than 1800 ms not included

no

RVP total hits 28

Number of correct responses to

target sequences

yes

RVP total misses 28

Number of target sequences

participants failed to respond to

yes

RVP probability of

hits

28

Probability of a correct response

to target sequences (calculated by

(hits)/(hits+misses))

yes

RVP probability of

false alarms

28

Probability of a false alarm to

non-target sequences (calculated

by (false alarms)/(false alarms +

correct rejections))

no

Continued on next page
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Table 3.3 – continued from previous page

Behavioral Variable n Explanation of Behavioral Variable
Significant cluster

identified?

RVP A’ prime 28

Uses the probability of hit and

probability of misses to give a

measure of how good a participant

can detect target sequences

yes

SWM mean time

to first response

28

Mean time between problem

presentation and first screen touch

no

SWM mean

token-search

preparation time

28

Mean of the time between

problem presentation to first

screen touch for the first touch;

and, for subsequent touches, the

times between token retrieval and

the next box touch

no

SWM mean time

to last response

28

Mean time for participants’ last

response to a problem

no

SWM

between-errors

28

Number of times a participant

revisited a box in which a token

had previously been found

yes

SWM

within-errors

28

Number of times a participant

revisited a box already found

empty during the same search

yes

SWM

double-errors

28

Errors categorized both as

between-errors and within-errors

yes

SWM total-errors 28

Number of times a box is certain

to not have contained a blue token

was visited by the participant

yes

OTS mean choices

to correct

28

Mean number of unique box

choices made on each problem to

make the correct choice

no

OTS problems

solved on first

choice

28

Number of problems solved on the

first choice

no

Continued on next page
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Table 3.3 – continued from previous page

Behavioral Variable n Explanation of Behavioral Variable
Significant cluster

identified?

OTS mean latency

to first choice

28

Mean latency from stimuli

appearance until box touch

yes

OTS mean latency

to correct

28

Mean latency from stimuli

appearance until correct box

touch

yes

IED EDS 28

Number of errors made during an

extra-dimensional set shift

no

IED total errors

(adjusted)

28

Total number of errors (adjusted

+25 for not completed stages)

no

IED total trials

(adjusted)

28

Total number of trials completed

on all attempted stages (adjusted

+50 per stage not reached)

no

IED completed

stage trials

28

Number of trials employed on all

successfully completed stages

yes

PAL total errors

(adjusted)

28

Total number of errors (adjusted

for each stage not completed)

no

PAL mean errors

to success

28

Sum of all errors divided by the

number of completed stages

no

PAL total trials 28

Total trials required to correctly

complete a stage

no

PAL total trials

(adjusted)

28

Total trials required to correctly

complete a stage (adjusted +10

per uncompleted stage)

no

PAL mean trials to

success

28

total trials needed to complete all

stages divided per number of

completed stages

no

SSP span length 28

Longest sequence successfully

reproduced

no

SSP total errors 28

Total number times an incorrect

box was selected

no

Continued on next page
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Table 3.3 – continued from previous page

Behavioral Variable n Explanation of Behavioral Variable
Significant cluster

identified?

SSP number of

attempts

28 Total number of attempts no

SSP mean time to

first response

28

Mean time to first response, from

end of stimulus presentation to

screen touch

no

SST direction

errors on stop

trials

28

Number of incorrect responses on

stop trials

no

SST direction

errors on go trials

28

Number of incorrect responses on

textbfgo trials

no

SST median

correct reaction

time on go trials

28

Median reaction time in go trials

with correct responses

no

SST stop signal

delay

28

Mean of stop signal delay at

which the assessed subject could

stop at a 50 % rate, giving a

measure of inhibition

no

SST stop signal

reaction time

28

gives an estimate of time length

between go and stop stimuli

during which participants

successfully inhibit responses at a

50% rate (Limited, 2006)

no

Table 3.3: Correlations of behavioral parameters with topographical decoding ac-

curacies

3.3.1 Reaction Time RTI

RTI assesses motor reaction time and cognitive processing speed separately (Limited,

2006). Participants were asked to keep a button pressed; and, when presented with

a goal stimulus, to touch this stimulus on screen as quick as possible. Participants
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were presented with an increasing number of possible goal stimuli, increasing task

demand of attention (Limited, 2015). Outcome measures include reaction time mea-

sured from stimulus presentation and button release; as well as movement time from

button release to screen touch. These measures are taken from correct trials either

in simple trials, with one possible stimulus location, or 5-choice trials with 5 possible

stimulus location.

Poor performance as measured by mean simple reaction time and mean 5-choice

reaction time correlated significantly with higher decoding accuracies for attention-

specific strategy classes over the right temporal sensor space (figure 3.9).
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(b) Correlation of attention-specific decoding

topography with RTI 5 choice reaction time

Figure 3.9: RTI variables correlated with topographical decoding accuracy of attention-

specific strategy classes for n=28. The color-bar indicates the corresponding correlation

coe�cient RHO. Significant clusters identified through cluster-based permutation analyses

are highlighted in red.

3.3.2 Rapid Visual Processing RVP

Similarly to RTI, RVP assesses cognitive processing time but places heavier de-

mands on selective and sustained attention (Limited, 2015). It is a measure of

parietal and frontal lobes (Coull & Nobre, 1998). It has been shown to activate the

fronto-parieto-occipital attention network (Limited, 2015). Participants are pre-

sented with single digits appearing in pseudo-randomized order at a rate of 100

digits/minute. They are instructed to press a button as soon as they detect target
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sequences such as i.e. 4-6-8. Outcome measures include latency, hits, misses, false

alarms, and A’ (A prime). A prime provides an index of how good a participant

can detect a relevant stimulus amid distracting irrelevant stimuli, representing a

measure of selective attention.

Significant correlation was identified between participants’ RVP performance and

topographical decoding accuracies of attentional strategy classes in left frontotem-

poral and left occipital sensor space as shown in figure 3.10. Poor performance, as

indicated by total hits and probability of hits, correlated significantly with higher

decoding accuracy in the left frontotemporal sensor space. Aditionally, poor per-

formance, as indicated by total misses and A prime, correlated significantly with

higher decoding accuracy of attention-specific strategy classes in the left occipital

sensor space.
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(d) Correlation of attention-specific decoding

topography with RVP A’

Figure 3.10: RVP variables correlated with topographical decoding accuracy of attention-

specific strategy classes for n=28. The color-bar indicates the corresponding correlation

coe�cient RHO. Significant clusters identified through cluster-based permutation analyses

are highlighted in red.

3.3.3 Spatial Working Memory SWM

SWM assesses working memory facets such as information storage and incorpora-

tion of information into action planning and execution (Limited, 2006). It measures

frontal lobe functioning (Duncan & Owen, 2000; A. M. Owen, Evans, & Petrides,

1996). Participants are presented with colored boxes and must find the concealed

token in one of the boxes by process of elimination. A new token is then concealed

in one of the previously not used boxes. This is repeated until all boxes have been
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used once. The number of boxes gradually increases. Error measures include revis-

iting boxes that had already been found empty or revisiting boxes that had already

held a token. Participants are also measured on how well they use a highly e�cient

strategy as proposed by Owen et al. (A. M. Owen, Downes, Sahakian, Polkey, &

Robbins, 1990) to solve the SWM task.

Significant correlation clusters between poor SWM performance and topograph-

ical decoding accuracies of attentional strategy classes were found in frontal and

left temporal sensor spaces as shown in figure 3.11. Poor SWM performance as

measured by within-errors and double-errors correlated with higher decoding of

attentional strategies in the left frontotemporal sensor space; aditionally, poor per-

formance scores in between-errors, total-errors, and the strategy metric correlated

significantly with higher decoding accuracies for attentional strategies in the frontal

sensor space.
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-0.1

0

0.1

0.2

0.3

0.4

0.5

0.6

rh
o

(b) Correlation of attention-specific decoding
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(e) Correlation of attention-specific decoding

topography with SWM strategy

Figure 3.11: SWM variables correlated

with topographical decoding accuracy of

attention-specific strategy classes for n=28.

The color-bar indicates the corresponding

correlation coe�cient RHO. Significant clus-

ters identified through cluster-based permu-

tation analyses are highlighted in red.
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3.3.4 One Touch Stockings of Cambridge OTS

OTS assesses executive functions such as working memory and spatial planning. It

is a measure of frontal lobe functioning (Limited, 2006). Participants are presented

with two displays of colored balls. Their task is to infer the minimum number

of moves required to rearange the lower display into the upper display correctly.

Outcome measures include speed and accuracy, the number of problems solved on

first choice and latency to first and to correct choice.

Significant correlation were identified, showing poor OTS performance as mea-

sured through mean latency to correct and mean latency to first choice correlated

with topographical decoding of attention-specific strategies in the left frontotempo-

ral sensor space (figure 3.12).
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topography with OTS latency to correct

Figure 3.12: OTS variables correlated with topographical decoding accuracy of attention-

specific strategy classes for n=28. The color-bar indicates the corresponding correlation

coe�cient RHO. Significant clusters identified through cluster-based permutation analyses

are highlighted in red.

3.3.5 Intra- Extra- Dimensional Set Shift IED

IED assesses rule learning and set-switching. It assessed visual discrimination and

attentional set formation, as well as attention maintenance and flexibility (Limited,

2006). This test has been shown to be sensitive to changes to the fronto-striatal

brain areas (Chamberlain et al., 2010). Participants were presented with simple

stimuli such as colored shapes or white lines, or compound stimuli comprising both
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later on. Obtained response feedback is used to infer the rule-relevant shape. When

the learning criterion of six consecutive correct responses is reached, a rule switch

occurs, which can either be intra-dimensional (i.e. white lines remain the correct

stimulus) or extra-dimensional (i.e. colored shapes are now the correct stimulus).

Outcome metrics include the number of trials and stages completed, the number of

errors made and latency. See section 1.1.3 and figure 1.3 for more details.

Significant correlations were only found between completed stage trials and topo-

graphical decoding accuracies of attentional strategy classes as shown in figure 3.13.

Poor IED performance correlated with a higher decoding accuracy of attention-

specific strategy classes in the occipital sensor space.
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Figure 3.13: IED completed strage trials correlated with topographical decoding accuracy

of attention-specific strategy classes for n=28. The color-bar indicates the corresponding

correlation coe�cient RHO. Significant clusters identified through cluster-based permutation

analyses are highlighted in red.
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Chapter 4

Discussion

The main goal of this thesis was to investigate whether humans use strategies

to infer the correct task rule in multidimensional learning environments. To that

aim, a novel rule-learning paradigm implemented in rodent research was adapted

and investigated on human behavior using simultaneously recorded MEG data. The

following questions were investigated in this thesis; ensuing answers this thesis o↵ers

are discussed in the next paragraphs:

4.1 Do humans use strategies?

This thesis aimed to investigate if humans use similar behavioral strategies to

learn rules as previously identified in rodent research. Results suggest humans use

strategies. These can be identified in the behavioral analysis and are decodable on

both single-subject and cross-subject analysis of MEG data. The temporal general-

ization method shows strategies are comprised of quickly altering neural dynamics

only shortly generalizing before evolving into a more general neural code sustained

for a longer time period.

4.1.1 Qualitative Behavioral Analysis

The aim of the qualitative questionnaire was to see if participants could distinctly

recall and report their approach to learning the correct rule. The qualitative ques-

tionnaire data was not conclusive, as many participants did not recall using a certain

approach and often could not articulate what approaches they had used to infer the

correct rule. Rule learning and underlying mechanisms are not always clearly obvi-

ous, rather, conscious cognitive computations are sometime more implicit (Borghi
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et al., 2017; Borghi, Barca, Binkofski, & Tummolini, 2018; Kiefer & Pulvermüller,

2011).

When explicitly asked about the employment of specific strategies (i.e. “did you

use the strategy dark?”), all participants were able to distinctly recall they had used

some of the strategies. While the qualitative results did not permit conclusions

regarding the approach, it showed participants had at one or another point employed

strategies in the experiment.

4.1.2 Quantitative Results

Behavioral Findings Quantitative behavioral analysis identified strategy use at

the behavioral level. This replicates findings in the rodent version of the employed

paradigm, as well as behavioral results of the pilot study.

Neural Analysis of Single Strategies Subject and cross-subject analysis of

MEG data revealed neural decoding above chance of behaviorally identified strate-

gies on both single-subject and cross-subject level. The dynamics uncovered in the

single partcipants’ TGM permit the assumption for the underlying neural code to

be sequentially evolving activated neural processes, present only for a short period

of time. This entails classifiers only accurately classifying data arising from their

individual training time and not able to generalize over longer time periods (King

& Dehaene, 2014; Dehaene & King, 2016; Stokes et al., 2013). Single strategies

were decodable throughout time and sensor space on participant level. Popular

strategy combinations decoding as presented in sections 2.2 and 3.2.2 further sup-

port the dinstinctly di↵erent neural dynamics coding for single strategies. This

hints at strategy-based learning as a mechanism of finding structure and reducing

task dimensionality in order to e�ciently infer the correct task rule in unknown

environments.

These results are concordant with insight from research showing rodents (Powell

& Redish, 2016; Bähner et al., 2022) and humans (Donoso et al., 2014; Liu, Braun-

lich, Wehe, & Seger, 2015; Kachergis, 2018; Song, Baah, Cai, & Niv, 2023) test

for assumptions and hypotheses about the environment for accuracy and adapted

according to feedback. Further, pilot behavioral results were replicated in the main

experiment version, supporting the role of strategy use in flexible learning.
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4.2 Are learning processes shaped by abrupt transi-

tions?

Results show learning processes in humans are shaped by change points in reac-

tion time and performance, possibly corresponding to moments of sudden insight.

Change points are shown to correlate significantly with testing for the correct strat-

egy rule on a trial-by-trial basis, underlining the relevance of strategy-based testing

during learning. Results are consistent with this thesis’ pilot experiment.

4.2.1 Abrupt Behavioral Shifts

Averaging responses over numerous sequential trials and multiple subjects leads

to viewing learning as gradually evolving processes (Gallistel, Fairhurst, & Balsam,

2004). This does not allow trial-by-trial evaluation, possible notice or investigation

of occuring change points. Evidence arising from mice (Rosenberg et al., 2021), rat

(Durstewitz et al., 2010), primate (Bartolo & Averbeck, 2020), and human (Leber,

Turk-Browne, & Chun, 2008; Aziz-Zadeh et al., 2009; Kachergis, 2018) research

suggests learning processes are not gradual. Rather, learning experiences are indi-

cated to be shaped by abrupt behavioral change points, which can be detected in

behavioral and neural analyses.

In this thesis, Paired Adaptive Regressors for Cumulative Sum (Toutounji &

Durstewitz, 2018) were used to identify significant change points from the cur-

rent value relative to the mean of the preceding values over sequential trials. Both

change point metrics investigated in this thesis were found to correlate significantly

with each other. This supports the hypothesis learning processes are not gradual

but shaped by abrupt transitions. Additionally, these results align themselves with

findings of change point shaped learning dynamics in animal and human research

corresponding to moments of sudden insight (Bowden, Beeman, Fleck, & Kounios,

2005). Change points corresponding to conscious moments of insight, mirrored

in “Eureka!” or “Aha!-E↵ects” provide an emotional positively connotated feel-

ing of success in the task at hand and further strengthens memory (Danek, Fraps,

V. Müller, Grothe, & Öllinger, 2012; Ludmer, Dudai, & Rubin, 2011).

Further, beginnings of correct strategy sequences correlated significantly with

both reaction time and performance change points. The reaction time change point
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occurred on average 15 trials later, replicating pilot results: A decrease in reaction

time indicating more confidence in the tested strategy being correct developed only

after the testing of a strategy; some trials’ time may be needed to grasp the strategy

tested is correct.

This further underlines the use of strategies as a means of sequentially testing

for hypotheses about the correct action in multidimensional environments. This is

reflected in abrupt behavioral change points as well as in the significant correlations

between change points and the beginning of correct strategy sequences. This sup-

ports findings in human (Berens, Horst, & Bird, 2018; Kachergis, 2018; Song et al.,

2023) research.

4.3 How is learning guided by attention using strate-

gies?

Behavioral and neural results of this thesis further support the hypothesis of

humans using selective attention to prioritize the most probably relevant stimuli in

testing for task-relevant dimension features.

4.3.1 Behavioral Results

Research proposes selective attention in humans as a means of reducing task di-

mensionality and permitting resource-e�cient computations inferring the correct

course of action when confronted with highly-dimensional ever-changing environ-

ments (Niv et al., 2015; Leong et al., 2017; Radulescu, Shin, & Niv, 2021). Strategies

can be seen as a means of selective attention modulating the learning process and

can be summarized as attending to a specific stimulus dimension and learning the

correct response for that stimulus instead of learning the correct stimulus response

per state, where all possible variations of stimulus dimensions comprise one state.

Additionally, structure learning hypothesizes humans find structure in their per-

ception and environment based on past knowledge about similar situations (Leong

et al., 2017). This allows for generalizing across possible environmental states and

across tasks: Preconceptions about the current task and assumptions of the relevant

stimulus dimension and hypotheses to test can thus be formulated using informa-

tion about previous similar situations (Gershman & Niv, 2010). One example of
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structure learning is proposed as modulating attention allocation when searching

the relevant stimulus dimension.

4.3.2 Neural decoding accross time

Additionally, cross-subject decoding of popular strategy combinations and attention-

specific strategy classes showed a distinct temporal course.

Cross-subject decoding of attention-specific strategy classes over time points re-

vealed strategies sharing neural representations of attended stimulus dimensions

with di↵erent strategies attending the same stimulus dimension, while decoding

of popular strategies revealed distinctly di↵erent strategy representations for single

strategies. Both decoding analyses showed classifier performance above average pre-

ceding stimulus onset. Subjects were set on which stimulus to attend to and which

strategy to employ before stimulus onset, showing strategy employment was planned

and not stimulus-driven. Above chance decoding of attention-driven strategy rep-

resentation preceding stimulus onset reflects the use of top-down attention in the

learning process, a function essential to flexible cognitive processes (Ress, Backus,

& Heeger, 2000; Womelsdorf & Everling, 2015; Diamond, 2020) and further enforces

the role of attention modulating learning. Single strategy decoding above average

before stimulus onset reinforces the concept of structure learning (Gershman & Niv,

2010), showing subjects test for preconceived assumptions and hypotheses about

the correct rule.

The role of top-down attention Further, these results reject the idea of the

brain as a ”passive stimulus-driven device” (Engel et al., 2001) and underline the

importance of computations taking place before stimulus onset. This aligns itself

with findings emphasizing the role of top-down attention modulating perception to

enhance relevant stimuli (Menon & Uddin, 2010; Katsuki & Constantinidis, 2013),

while rejecting the view of neuronal activity merely being a reflection of the outside

world. Rather than viewing perception as a passive, externally-driven sequential

processing of external information building an internal neural reflection to most

accurately depict the outside world, research suggests viewing cognition as action

and goal-oriented (Vossel, Geng, & Friston, 2014). This entails cognition being

subjected to goal-oriented modulation during perception itself. Top-down attention

is a means of e�ciently allocating limited neural resources to achieving this end.
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Decoding accuracy above chance preceding stimulus presentation could mean sub-

jects are set on which strategy they will execute and which stimulus attention will be

allocated to. The decision is already deterministically locked in before stimulus on-

set. This could thus be a neural correlate of an abstract rule not heavily influenced

by the stimuli themselves.

4.3.3 Sensor-level analysis of attention-specific strategy classes

Networks such as the dorsal attention network, enforcing top-down attention and

comprised of the frontal eye field and the intraparietal sulcus, as well as the ventral

attention network, enforcing bottom-up attention and comprised of the ventrolateral

and dorsolateral prefrontal cortices, the right temporo-parietal junction, the anterior

cingulate cortex, and the premotor cortex have been implicated in attention allo-

cation to stimuli in goal-directed behavior (Katsuki & Constantinidis, 2013; Vossel

et al., 2013; Uddin, 2021). Research further suggests attentional control arising

from multiple distributed prefrontal, parietal, and temporo-parieto-occipital cor-

tices enhancing and modulating neuronal synchrony in brain areas representing the

attended dimension (Engel et al., 2001; Siegel, Donner, & Engel, 2012; Womelsdorf

& Everling, 2015; Vossel, Weidner, Moos, & Fink, 2016).

These thesis’ results show decoding accuracy of attention-specific strategy classes

above chance level in all channels; the left and right parietal, left temporal, and oc-

cipital sensor space contributing most to high decoding accuracy of attention-specific

strategies. This indicates stimulus dimension-specific large-scale brain dynamics in-

volved in attention allocation by modulating attention-specific areas and could lead

to decoding accuracy above average in all channels, peak accuracy in left and right

parietal, left temporal, and occipital sensor space could correspond to specific brain

regions representing attentional control and modulated by aforementioned large net-

works.

Although it seems plausible the activation of regions more heavily implicated in at-

tentional control such as i.e. the frontal eye field, intraparietal sulcus, right temporo-

parietal junction and the temporo-parieto-occipital cortex could correspond to peak

decoding accuracy over the parietal, temporal and occipital sensor space, source re-

construction analyses would be needed to make a statement confirming or denying

that claim.
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While results hereby remain inconclusive regarding source localization, decoding

accuracies above chance for stimulus-specific strategy classes over the complete sen-

sor space show strategies related to the same task feature share common neural

large-scale brain representations delimiting them from strategy classes allocating

attention to another stimulus. This further supports the claim that strategies are

a means of attention guiding learning and aligns itself with the claim of large-scale

brain dynamics modulating attentional control (Engel et al., 2001; Womelsdorf &

Everling, 2015).

Conclusion Consequently, the detection of strategies reflects the use of selective

attention and structure-based learning. Strategies constitute an important mecha-

nism enabling flexible learning in humans.

4.4 Does decoding accuracy correlate with validated

neuropsychological assessment in coherent sensor

spaces?

CANTAB is a standardized neuropsychological assessment tool initially developed

to assess cognitive functions in aging subjects with dementia in the 1980s (Sahakian

et al., 1988). It has since been developed to assess multiple cognitive subdomains

such as executive funtions, visual and verbal memory, attention, decision making and

response control (Sandberg, 2011). It has been externally validated as adequately

providing measures of the assessed cognitive subdomains (Lowe & Rabbitt, 1998)

both in healthy subjects as well as in psychiatric and neurological patients (Fray,

Robbins, & Sahakian, 1996). It assesses functions ranging from the age cognitive

functions arise in development to the age in which they decline (Luciana, 2003).

Participants’ performance on selected CANTAB tasks (see table 3.3) was correlated

with topographical decoding accuracy of attention-specific strategy classes using

cluster-based permutation statistics. The ensuing resulting correlation topogra-

phies are discussed per test individually, while section 4.4.6 will aim to draw overall

conclusions.

4.4.1 Reaction Time (RTI)

RTI assesses motor reaction time and cognitive processing speed (Limited, 2006).

Poor performance as measured with mean simple reaction time and mean 5-choice
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reaction time correlated significantly with a higher decoding accuracy for attention-

specific strategy classes in the right temporal sensor space. Importantly, mean

simple movement time and mean 5-choice movement time showed no correlations

with decoding accuracies. reaction time quantifies RTI cognitive demands while

movement time allows for separation of motoric components by assessing motoric

slowing. While simple trials measure cognitive processing speed, attentional demand

is increased in 5-choice trials (Limited, 2006, 2015).

The lateral prefrontal and right inferior parietal cortices have been linked to cog-

nitive processing speed in human reaction time tasks (Limited, 2015; Ohata, Ogawa,

& Imamizu, 2016). Primate research has further identified the intraparietal cortex,

the frontal eye field and the middle temporal area as key regions (Schall, 2003). It

is conceivable RTI performance relying on the lateral prefrontal and especially the

right inferior parietal cortices could correlate with neural discriminatory informa-

tion regarding attentional strategy classes. While this relationship could plausibly

project to the right temporal sensor space, further source reconstruction would be

needed to verify that claim.

4.4.2 Rapid Visual Processing (RVP)

Similarly to RTI, RVP assesses cognitive processing time but places heavier de-

mands on selective and sustained attention (Limited, 2015). Poor RVP performance

as measured by total hits and probability of hits correlated with higher decoding ac-

curacies for attentional strategy classes in the left fronto-parietal sensor space. Poor

RVP performance measured by A’ and total misses correlated with higher decoding

accuracies in the left occipital space. Importantly, these measures and their vari-

ance correlated with each other, leading the ensuing correlation maps to directly

correlate as well.

Among various regions distributed along frontal, parietal and occipital cortices,

the left ventral posterior visual cortex, the left motor and premotor, as well as the

left inferior parietal cortex have been most heavily linked to sustained attention

during human rapid visual processing tasks (Limited, 2015; Coull & Nobre, 1998).

Sustained attention relying on left motor, premotor, parietal and occipital cortices

as assessed in RVP could conceivably project to correlating with decoding accuracies

of attentional strategy classes in identified left frontoparietal and left occipital sensor
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spaces.

4.4.3 Spatial Working Memory (SWM)

SWM assesses working memory functions such as information storage and incor-

poration of information into action planning and execution. By measuring how well

subjects adhere to the most ideal strategy to solve the task, it provides a measure

of executive functioning (Limited, 2006). An intact prefrontal cortex is tradition-

ally associated with good performance in the SWM task (A. M. Owen et al., 1990;

Manes et al., 2002). Further, the dorsolateral and mid-ventrolateral prefrontal cor-

tices have been specifically indentified as functionally relevant in solving the SWM

task (Mehta, Owen, Mavaddat, Pickard, & Robbins, 2000).

Poor SWM performance correlated with higher decoding accuracy of attentional

strategy classes in frontal and left temporal sensor space. This suggests frontal

sources required when using working memory playing a role in attention allocation

during the examined rule-learning task. While it seems plausible prefrontal regions

required to performing well in SWM (A. M. Owen et al., 1990; Mehta et al., 2000)

would project to higher topographical decoding accuracies for attentional strategies

in frontal sensor space, further source reconstruction would be needed to confirm or

deny that claim.

Neural analysis of a SWM -like task in macaques showed poor performance to

correlate with higher recorded activity for representation of search strategies in the

lateral prefrontal cortex (Chiang & Wallis, 2018). Poor SWM performers would

require stronger strategy representation and need to make a larger e↵ort to solve a

task. This supports human findings, as it indicates activity di↵erences leading to

better di↵erentiation are related to performance parameters.

4.4.4 One Touch Stockings of Cambridge (OTS)

OTS assesses working memory and spatial planning (Limited, 2006). OTS and

SOC (Stockings of Cambridge) are derived from the towers of London and Hanoi

tasks. While these tests, assessing spatial working memory and planning are depen-

dent on frontal lobe functioning, SOC places heavier demands on motor sequencing,

which is more strongly linked to left frontoparietal regions, while OTS is designed to

place a heavier load on mental imagery, more strongly linked to right frontoparietal
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regions (A. M. Owen et al., 1996; Limited, 2006; Wild & Musser, 2014). Further,

the right parietal cortex has multiply been linked to planning, working memory and

ensuing attention allocation (A. M. Owen et al., 1996; Berryhill & Olson, 2008;

Langel, Hakun, Zhu, & Ravizza, 2014).

Poor OTS performance correlated with higher decoding accuracy of attentional

strategy classes over the left frontotemporal sensor space. While this contradicts

feasible projections of right frontoparietal activity relevant to working memory and

spatial planning to coherent sensor spaces, it is important to realize the only OTS

measures correlating were mean latency to correct and mean latency to first choice,

both measures of reaction time. As noted above, both OTS and SOC rely on

frontoparietal regions. While SOC places a heavier load on motoric sequencing,

more reliant on left regions, OTS mean latency measures do, too. Poor mean latency

performances reliant on left frontoparietal regions could plausibly project on the left

frontotemporal space regarding correlations with decoding accuracy of attentional

classes.

4.4.5 Intra- Extra- Dimensional Set Shift (IED)

IED, a computerized variant of the Wisconsin Card Sorting Test (see figures

1.2 and 1.3 for detailled depiction and explanation) assesses attentional set-shifting

(Wild & Musser, 2014). It is traditionally associated with frontostriatal functioning

(A. Owen et al., 1993; Limited, 2006). Prefrontal and parietal areas have further

been identified as functionally relevant in humans during attentional set-shifting

(Periáñez, Maestú, Barceló, Amo, & Alonso, 2004; Oh, Vidal, Taylor, & Pang,

2014).

Cluster-based statistics showed no significant clusters between IED performance

metrics and the decoding topography of attention-specific strategy classes, except

for completed stage trials correlating with topographical decoding accuracy over

the occipital sensor space. It is assumed prefrontal activation dependent of IED

performance would not project to occipital sensor clusters. As explained in part

4.4.6, the statistical method employed here represents a compromise in picking a

threshold adequately sensitive to statistically significant e↵ects while maintaining

a low false alarm rate. Considering no other significant clusters were identified

between IED performance and decoding topography of attentional strategy classes
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except for completed stage trials in a non-coherent, occipital sensor space, this sensor

space correlation is concluded to represent a false positive outlier and discarded as

such.

4.4.6 Conclusions to draw from the correlation of topographical

decoding accuracies and CANTAB performance

Cluster-based statistical methods are employed here as a means of reducing type I

errors (mistakenly rejecting the null hypothesis) in multiple comparisons by defining

a threshold for statistical tests (Oostenveld, Spaak, Delorme, & Arana, 2018). The

multiple comparison problem arises when comparing a large set of i.e. channel-

accuracy pairs: Given an imense number of statistical comparisons (i.e. one per

channel-accuracy-pair) are performed to evaluate the e↵ect of interest (i.e. statistical

dependence on decoding accuracy per channel on CANTAB performance parameters

to identify relevant sensor space), the false alarm rate arising from the sum of type I

errors among a group of tests (Tukey, 1973) is not controllable. To control for that

error, statistical methods are put to use to control the false alarm rate at ↵ level of i.e.

0.05 (see section 2.2.5) (Maris & Oostenveld, 2007). While employing cluster-based

permutation statistics reduce the false alarm rate, it represents compromising for a

treshold adequately sensitive to statistically significant e↵ects while maintaining a

low false alarm rate.

As discussed above, regions specifically implicated in cognitive functions as as-

sessed by CANTAB projected to coherent sensor spaces for decoding of attentional

strategy classes. There are two major limitations regarding the employed methods

to take into consideration: Firstly, cluster-based statistics show a significant ef-

fect, but not where exactly or how strong that e↵ect is (Sassenhagen & Draschkow,

2019). Secondly, as calculations were executed on sensor level and not on source

level, source reconstructions would be needed to make more detailled assumptions

about involved brain regions. Since source localization of identified e↵ects is al-

ready limited by employing cluster-level statistics, source reconstruction analysis

would not have led to a completely straightforward spatial e↵ect demonstration.

Rather, the interpretation and embedding of identified e↵ects are key factors when

drawing conclusions (Oostenveld, Gonaz, Sassenhagen, & Scho↵elen, 2018).
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Plausability of identified e↵ects is suggested by the relationship between CANTAB

performance and topographical decoding of attentional strategies: Identified pro-

jections of correlations between CANTAB parameters and decoding of attentional

strategies corresponded to CANTAB -task specific brain regions (see previous sec-

tions) relevant in executive functioning. Plausability is further suggested by corre-

lation of multiple CANTAB test-specific parameters and attentional decoding pro-

jecting onto similar sensor space.

For example, SWM parameters’ significant correlations with topographical decod-

ing all projected upon the test-coherent frontal sensor space. Cognitive functions

examined by the discussed CANTAB tests are cognitive processing speed (RTI ),

selective and sustained attention (RVP), working memory (SWM and OTS ), incor-

poration of information into action planning (SWM ) and spatial planning (OTS ).

Is it conceivable these functions as quantified by the respective CANTAB perfor-

mance parameters may be closely related and play a role in the employment of

attention-guided strategies in a learning task. This could lead to correlations be-

tween decoding of attention-specific strategies and respective CANTAB performance

parameters. This further underlines the plausability of the significant relationship

between various externally validated cognitive variables and the decoding accuracy

of attention-specific strategies.

Importantly, plausability is further suggested by both OTS and SWM variables

and their correlations to attentional decoding projecting to the left frontotemporal

sensor space. Both tests have been shown to place demands on working memory

and planning (A. M. Owen et al., 1990). It has been shown that SWM and OTS are

sensible to frontal cortex lesions, whereas SSP (spatial span) marked no sensitivity to

such lesions (A. M. Owen et al., 1990). More specifically, activity in the dorsolateral

frontal cortex has been shown to rise during tasks with higher working memory

demands (Bor, Duncan, Wiseman, & Owen, 2003). Distinctively, none of the SSP

variables were shown to correlate with attentional decoding, as this test focusses

more on short term spatiovisual memory and less on working memory or action

planning.

The latency variables in OTS correlating with attentional decoding are both as-

sociated with action planning. The strategy measure in SWM is presented as an

ideal strategy most able to simplify task demands in SWM. Analogous to this, the

76



strategies presented and analyzed in this thesis are a means of simplifying task de-

mands and reducing working memory load and present a valid expression of action

planning and executive functioning. This claim is supported by the identified cor-

relations between attentional strategy decoding and the multiple SWM and OTS

variables projecting onto the very plausible left frontotemporal sensor space, possi-

bly corresponding to the dorsolateral prefrontal cortex.

Despite aforementioned limitations, results of this thesis were able to show poor

performance on multiple CANTAB tests correlated with decoding of attentional

strategy classes in test-specific coherent sensor spaces. An important notion of de-

coding analyses is that high classification accuracies do not reflect if a subject per-

formed well. Rather, it means discriminative information regarding decoded classes

was highest as measured by sensors with the highest decoding accuracies. As such,

correlations of CANTAB performance with decoding topographies of attentional

strategy classes do not reflect if a subject performed well in the multidimensional

rule-learning paradigm employed. Rather, they showed poor CANTAB performers

displayed more discriminative information for classification of attentional strategy

classes in identified sensor spaces.

Further adressing the previous point, poor CANTAB performers could require

stronger strategy representation, thus higher neural and cognitive e↵orts to mas-

ter equivalent cognitive prowesses as good CANTAB performers in the employed

paradigm. Good CANTAB performers with better attention and working memory

abilities could rely more on e�cient and correct functioning of employed brain re-

gions, and thus show less strategy representation and activation of the task-relevant

regions. Showing brain regions essential to executive functioning were linked to dis-

criminative information regarding decoding of attentional strategy classes confirms

the employed multidimensional learning task’s validity. In combination with the

correlation of behavioral variables in the employed paradigm and CANTAB behav-

ioral variables, as well as replicating rodent results and pilot results, the employed

multidimensional rule-learning paradigm constitutes a valid means of quantifying

and uncovering learning mechanisms in flexible behavior.
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4.5 Translation of rodent results and outlook

Rats have been shown to use strategies in the corresponding learning task as in-

troduced in section 1.1.3. This has been demonstrated on a behavioral as well as on

a neural level (Hermann, 2022; Bähner et al., 2022). Abrupt transitions in behav-

ior have been identified during the learning process in rats. Significant correlations

were identified between change points and strategy use in rats (Hermann, 2022).

These results translated to human findings in this thesis. Further, using reinforce-

ment learning models and an eye-tracking camera to assess rat head position, body

position and movement as an attention marker enabled showing the close relation-

ship between selective attention and learning in rats (Bähner et al., 2022). These

results further translate to this thesis’ results, where a strong relationship was found

between decoding of attentional strategies and independent and validated markers

of executive functioning in humans. In combination with rodent results, this thesis

aims at an understanding of cognitive, behavioral and neural processes underly-

ing flexible decision-making and provides a foundation for investigating impaired

cognitive flexibility in clinical populations. A possible outlook may be to deepen

this translational link using both eye-tracking and reinforcement learning models in

human research. Extending this work to clinical populations su↵ering from cogni-

tive deficits such as, i.e., patients with schizophrenia or Parkinson’s disease (Uddin,

2021) may permit a better understanding of the associated neurocognitive deficits.
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Chapter 5

Summary

Cognitive flexibility, enabling behavioral and cognitive adjustments to ever-changing

environments is essential to survival. It is often examined using rule-learning and

rule-switching paradigms. Current learning models often operate accurately in en-

vironments with few dimensions but fail to perform accurately in multidimensional

settings such as our outer world. They also fail to account for moments of sudden

insight shaping learning processes.

The employed multidimensional learning paradigm o↵ers a solution as to how hu-

mans achieve a reduction of the multidimensional outer world by attention-modulated

trial-by-trial testing for strategies as well as o↵ering the employment of strategies

as an explanation to moments of sudden insight occuring in learning. It further

achieves to demonstrate that sequentially activated neural dynamics constitute be-

havioral strategies on a single subject-level, as well as showing strategies are di↵er-

entially neurally encoded both on single- and cross-subject level; while displaying

strategies attending to the same stimulus share common whole-brain representation

di↵erentiating them from strategies attending to other stimuli. It shows partici-

pants were set on which strategy they would execute, and which stimulus dimension

they would attend to preceding stimulus onset. This reflects the use of top-down

attention in attention-modulated strategy use during learning.

The paradigm is validated both at the behavioral and neural level through the

correlation with behavioral variables obtained during independent and validated

neuropsychological testing of executive functioning. At the behavioral level, partic-

ipants’ performance in the rule-learning and switching task IED transferred to per-
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formance metrics in the empoyed paradigm. At the neural level, decoding accuracy

of attentional strategies correlated with OTS and SWM performance parameters in

the test-specific frontal sensor space. This notably underlines the employement of

strategies as an e�cient means of executive planning and task organization.

These findings validate the employed multidimensional rule-learning paradigm as

an e↵ective assessment of executive functions in learning. Together with rodent

results, this paradigm is suited as a translational paradigm. The implication and

importance of these questions stem from the number of neuropsychiatric disorders

a↵ected by cognitive inflexibility, with hope of a better understanding giving way

to better prevention, diagnose and treatment for a↵ected patients.
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