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Preface 

Are cognitive abilities modifiable? Can we improve critical functions like attention to better 

avoid distraction (i.e., reading while filtering out background noise), our capacity to inhibit 

maladaptive habitual tendencies (i.e., eating sweets when being on diet) or ability to flexibly 

switch between tasks (i.e., switching between English and German)? In our constantly and 

rapidly changing modern world, the idea of cognitive enhancement seems more appealing 

than ever. Indeed, the last decade has witnessed a revival of interest in the topic of cognitive 

training, both scientifically and commercially, perpetuating the idea of the “brain as muscle” 

that can be optimized through regular and repeated training. Consequently, the market has 

been flooded with variety of “brain fitness” apps, games and programs claiming to make us 

“smarter”. How justifiable is this hype remains however a matter of controversy.   

  Especially relevant to the current thesis, is the topic of computerized cognitive training 

(CT) targeting Executive Functions (EFs). EFs,  also referred to as cognitive control, are a 

critical subset of high-order cognitive skills that underlie intelligent goal directed behavior 

(Diamond, 2013; Miller & Cohen, 2001). They are critical to our physical and mental 

wellbeing, everyday functioning, learning and development, academic as well as vocational 

success (e.g., Alloway & Passolunghi, 2011; Cartwright, 2012; Cotrena et al., 2016; 

Diamond, 2013; Knowles et al., 2015; Miller et al., 2011; Morein-Zamir et al., 2016; Toll et 

al., 2011). Interest in EFs enhancement has reached its peak after several empirical 

observations, claiming to induce generalizable training effects to other untrained EF tasks and 

even to measures of fluid intelligence (GF;  Jaeggi, Buschkuehl, Jonides, & Perrig, 2008; 

Karbach & Kray, 2009). Unfortunately, these observations failed to survive the test of 

replicability, with later studies and meta-analyses casting doubt on the effectivity of CT in 

inducing broad improvement in general cognitive abilities (Dougherty et al., 2016; Harrison et 

al., 2013; Melby-Lervåg et al., 2016; Pereg et al., 2013; Redick et al., 2013; Soveri et al., 



  

  

2017; Thompson et al., 2013). Instead, the effects of CT seem rather specific, with 

improvements emerging solely on structurally similar tasks to the one trained on (Karbach & 

Verhaeghen, 2014; Schwaighofer, Fischer, & Bühner, 2015). Following a cycle of empirical 

inconsistencies and doubt, the current work turns back to examine the drawbacks of the 

currently applied training protocols, shedding light on possible underlying mechanisms for 

effective CT practices. Arriving into such understanding seems imperative for the future 

advancement of the field.   

In the first part of this dissertation, I will commence by introducing and defining 

important terms, addressing as well relevant theoretical accounts to learning and transfer. 

Then I will turn to overview the state of affairs on cognitive enhancement, introducing the 

theoretical foundations of possible learning moderators in CT. Subsequently, through a series 

of three original studies, possible constrains of the so far applied training protocols will be 

explored, unraveling core principles for effective CT protocols. Finally, synthesis and 

discussion of the overall findings will be covered in the general discussion.            
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ABSTRACT 

Research in the last decade has casted doubt on the trainability of EFs, showing rather very 

narrow transfer effects, limited to structurally similar tasks. Consequently, the current 

dissertation acknowledges the importance of contemplating on the possible caveats of the 

currently applied training protocols, exploring core underlying mechanisms for learning 

generalization in cognitive training. Therefore, in a series of two short-term task-switching 

training studies we tackled the role of “desired difficulty” conditions, first in study 1, by 

systematically manipulating variability in terms of content (tasks rules and stimuli were either 

fixed or changed across the blocks) and structure (fixed or random task sequence). Results 

showed that content but not structure variability counteracted the occurrence of transfer costs 

and promoted modest but significant near transfer gains. In study 2, we sought to expand this 

idea by examining the additional benefits of the interplay between content variability and 

learners’ control (motivational factor) to promoting even wider transfer effects. Task demands 

were further enhanced by using bivalent stimuli. Here, voluntary vs. forced task-switching 

training were compared, under either varied or fixed content conditions. Content variability 

but not learners’ control was yielded significant. Compared to study 1, even higher near 

transfer gains emerged in novel task switching, presumably due to the increased task 

demands. No evidence for far transfer effect on other flexibility measures (verbal fluency) 

were obtained. Last, in study 3 we explored the role of abstract control policy, here WM 

gating policies, in CT. Using a context processing WM task, either input or output gating 

policy were trained. Transfer outcomes on distinct cognitive control tasks were assessed. 

Performance advantages on task switching following input gating policy training were 

revealed, providing evidence for the emergence of far transfer. No modulation for either input 

or output gating policies were found in a different context processing task, namely, the AX-

continuous performance task. The results will be discussed in relation to the existing general 



  

  

literature on learning and transfer, cognitive control and CT, offering new directions for future 

research.  
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INTRODUCTION 
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The term Executive Functions (EFs) is widely used to denote a set of top-down effortful 

cognitive processes that are essential for successful goal-oriented behavior and emotion 

regulation. These mainly include the ability to overcome interference and distractibility by 

irrelevant information, to suppress prepotent response tendencies, to flexibly juggle between 

several cognitive tasks as well the mental management and short-term storage of information 

during task execution (Diamond, 2013; Miller & Cohen, 2001; Miyake et al., 2000). The work 

of EFs is considered critical for everyday functioning, coming into play even in seemingly 

simple tasks like switching to answer the doorbell when preparing a cup of coffee or when 

needing to suppress the urge to text-back while driving. Furthermore, they are extremely 

relevant for mental and physical health, school readiness and success, job realization, martial 

harmony and public safety (see Diamond, 2013 for a review).  Consequently, its preservation, 

promotion and rehabilitation bare profound implications for both the individual and society, 

leading in turn to growing scientific and commercial interest in its modification. In fact, in 

one way or the other, we have all been acquainted with the concept of “brain training”, 

transforming in the last decade into popular and economically prosperous trend.  

Despite the evoked hype surrounding the modifiability of EFs, extensive research so 

far has failed to provide a solid evidence to the effectivity of CT procedures in promoting 

generalizable improvements in underlying trained ability. The current thesis as such attempts 

to shed light on the drawbacks of the currently applied training procedures and identify 

possible moderators of learning generalization. 

 Before closely addressing the relevant literature on CT, it is important to elaborate on 

key terms and theoretical accounts of EFs, moving to review and explain important theoretical 

frameworks to learning and transfer in general and to cognitive skills in specific. Finally, I 

will present the theoretical rationale behind the conducted studies.   
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Understanding Executive Functions – A General Overview 

The study of EFs or alternatively cognitive control can be traced back already to the mid of 

19th  century, following interest on frontal lobes functions and related lesions (e.g., Goldstein, 

1944; Luria, 1966, 1969). The term EFs was explictly utlized for the first time by Pribram 

(1973, 1976) to address posterior mental proccess with the term “cognitive control” being 

consecutively introuduced by the work of Posner (1975; Posner & Snyder, 1975). 

 The groundwork for the study of EFs was first laid by attentional models of automatic 

and controlled processing, distinguishing between effortless inattentive and more deliberate 

attentionally demanding stimuli-triggered processes (Broadbent, 2004; Posner & Snyder, 

1975; Schneider & Shiffrin, 1977). However such dichotomic conceptualization has been  

empirically challenged by later studies, rather suggesting that cognitive control operates on a 

continuum of automatic and controlled processes, influenced by the context in which it is 

executed and previous experience ( Anderson, 2018; Cohen, 2017). For instance, it has been 

shown that a task irrelevant feature such as context can become associated through 

contingency learning to a specific control mode that might be automatically triggered in novel 

but similar contexts (e.g., Fischer et al., 2008, 2014; Surrey et al., 2017). While the traditional 

early models consider automatic as inherently unconscious, several studies have shown for 

example that automatic response can be triggered by instructions due to establishment of 

Stimulus-Response (S-R) associations, even when not practiced or implemented before 

(Liefooghe et al., 2012; Meiran et al., 2017; Neumann & Klotz, 1994). Indeed, following 

years of massive research work on the topic, this simplistic and imprecise conceptualization 

of EFs underwent a drastic evolution (see Goldstein et al., 2014 for review of EFs 

definitions). Up-to-date, there is a wide agreemnt that EFs embody a broad set of higher-order 

PFC modulated processes that guide, monitor and regualte thoughts, actions, behaviour and 

emotions, nececary for everyday functioning and learning (Baggetta & Alexander, 2016).  
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Central to the understanding of EFs is the conterversy on whether EFs are a unitary or 

modulatory construct (Baddeley, 1996; Duncan, Johanson, Swales & Freer, 1997; Miyake et 

al., 2000; Norman and Shallice, 1986; Stuss & Alexander, 2000). On the one hand, unitary 

frameworks to EFs advocate for a higher order management system, responsible for 

information processing, coordination, control and storage. One of the earliest and most 

prominent examples is Baddeley’s working memory (WM) model (1996; 2003), proposing a 

central executive system architecture that controls and coordinates the flow of information 

between its three sub-components (i.e., the phonological loop, viso-spatial sketchpad and 

episodic buffer). On the other hand, a more popular taxonomy for EFs is the modular 

approach, proposed by Miyake et al. (2000), advocating for both the unity and diversity of 

EFs. In line with this taxonomy, EFs are conceptualized as a set of separable yet inter-

correlated executive processes, encompassing working-memory (WM) updating, behavioral 

inhibition, the ability to shift mental sets (task switching) in addition to a common EF ability 

(Miyake et al., 2000). The question of whether EFs are unitary or modular construct dictates 

as such the expected scope of learning generalization in CT. When embracing the unitary 

approach to EFs it is then presumed that training one process will result in improvements in 

general EF ability. In contrast, adapting a more synergetic approach, advocating for a separate 

yet interchangeable EFs, learning is thought to be domain specific, affecting only tasks that 

share common EF processes. 

The Three Musketeers: Inhibition, Updating and Task Switching 

 Inhibition 

Inhibition is defined as the ability to selectively attend information while ignoring irrelevant 

distractions and suppressing prepotent dominant responses. For example, one commonly used 

task to tap this ability in laboratory setting is the Stroop task (MacLeod, 1991; Stroop, 1935), 

in which color words (e.g., red) are printed with either congruent or incongruent font color. 
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The task requires to attend the words’ font color while suppressing, distracting dominant 

information, namely the word’s meaning. Other frequently utilized measures are the Simon 

(Hommel, 2011; Simon & Wolf, 1963), Flanker (Eriksen & Eriksen, 1974), Go-NoGo (Cragg 

& Nation, 2008), Stop-signal (Verbruggen & Logan, 2008) and antisaccade tasks (Hallett, 

1978; Munoz & Everling, 2004). Inhibitory control processes have been shown to be 

facilitated via the anterior cingulate gyrus, orbitofrontal regions, left inferior frontal region as 

well as temporal and parietal areas (Bench et al., 1993; Bush et al., 1998; George et al., 1994; 

Kiefer et al., 1998; Larrue et al., 1994; Pardo et al., 1990; Taylor et al., 1997).  

Updating  

Updating or WM refers to the ability to monitor and code relevant incoming information, 

while continuously and dynamically modifying information held in WM, disposing of no-

longer task related information in favor of updated relevant information (Miyake et al., 2000b; 

Morris & Jones, 1990). Updating is found to be strongly associated with the dorsolateral 

prefrontal cortex and frontal lobes  (e.g., Chatham et al., 2011; Foster, Eskes, & Stuss, 1994; 

Frank, Loughry, & O’Reilly, 2001; Gardner, 1987; Jonides & Smith, 1997; Kammer et al., 

1997) and is widely examined using the N-back paradigm (Kirchner, 1958; Owen et al., 2005) 

and the AX- Continuous Performance Task (AX-CPT ; Badre, 2012; D’Ardenne et al., 2012). 

As the latter will be utilized in study 3, I will shortly elaborate on its construction. Among 

other, the AX-CPT is used to investigate updating processes, assumed to be initiated through 

occurring contextual information (Badre, 2012; D’Ardenne et al., 2012). In this task, a 

sequence of letters is presented in each trial, with the first item determining whether a 

subsequent letter in the sequence (probe) is response relevant or not. Specifically, participants 

are required to make a target response whenever a X-probe is preceded by an A-cue. In all 

other conditions, that is, when a non-A cue (all other letters except A) is presented or when an 

A-cue is followed by a non-X probe (all other letters except X), a non-target response is 

solicited. Thus, in general, the task requires to update the entering information in each trial 
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and maintain the cue in WM until response is given. Moreover, the cue allows for more 

efficient processing, determining whether a subsequent information (probe) needs to be 

additionally entered to WM or not. A more detailed account will be covered in later sections.       

Shifting  

 Shifting or task switching denotes the ability to efficiently and flexibly alternate between 

multiple cognitive tasks, operations or task sets (Miyake et al., 2000;  Monsell, 1996). The 

term task sets refers to the existing mental representations and cognitive process aligned with 

the demands of the task in hand (e.g., rules and relevant stimulus-response mappings; 

Dreisbach & Haider, 2008; Kiesel et al., 2010).  

A popular and a valuable measure of mental flexibility is the task switching paradigm 

(Jersild, 1927; Rogers & Monsell, 1995; see Kiesel et al., 2010; Monsell, 2003 for reviews). 

In task switching, participants are typically required to perform two mental tasks, having to 

either repeat or switch between them. The common finding is that task switching is 

cognitively costly, inquiring behavioral costs both in latency and accuracy (e.g., Dreisbach, 

2012; Kiesel et al., 2010; Monsell, 2003; Vandierendonck, Liefooghe and Verbruggen, 2010). 

These costs are echoed through the obtained switching costs, that is the difference in mean 

response times and accuracy rates between switch and repeat trials, and/or mixing costs, 

namely performance costs between single-task blocks (blocks in which only one task is 

performed) and mixed-tasks experimental blocks (Rogers & Monsell, 1995; Rubin & Meiran, 

2005). The task switching literature introduces several variants of task switching, some of 

which were employed in current work(see Kiesel et al., 2010 for review). Relevant here is the 

distinction between predictable, also referred to as the alternating runs, and cued random task 

switching paradigms. In the standard predictable variant, tasks alternate in an anticipated 

manner on every second trial while in the cued version, a preceding or simultaneously 

presented cue announces which task needs to be attended. Stimuli can also be univalent or 
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bivalent, that is, exclusively fitting to one task or affording both tasks, respectively. Another 

variant that will be also later addressed is the voluntary task switching (VTS), devised to 

investigate volitional underpinning of cognitive flexibility (Arrington & Logan, 2004, 2005). 

VTS allows participants to choose whether they want to repeat or switch a task, typically with 

the restriction to choose each task equally often and in a random order as if flipping a coin. 

On the neural level, several neuroimaging studies seemed to establish the involvement of 

lateral PFC areas and medial frontal activation in task switching (e.g., Dove, Pollmann, 

Schubert, Wiggins, & Yves Von Cramon, 2000; Rushworth, Hadland, Paus, & Sipila, 2002) 

Learning and Transfer of Cognitive Skills: Are EFs Trainable? 

The last decade has witnessed an abundance of scientific efforts to explore modulatory factors 

and activities that might promote EF related processes, ranging from nutritional habits, 

physical activities, music, meditation to computerized cognitive training (e.g., Brunner et al., 

2017; Gomez-Pinilla, 2011; Jaeggi et al., 2008; Kray et al., 2012; Malinowski & 

Shalamanova, 2017; Mandolesi et al., 2018). Of interest to this thesis is the immense 

excitement surrounding CT, governed by its potential in optimizing cognitive functions (for 

reviews see Lustig et al., 2009; Chein & Morrison, 2010). However, unlike envisioned, the 

actual effectivity of such practices remains unclear, with the current state of art presenting 

inconsistent evidence regarding the specify\generality of the induced learning effects and their 

durability (Dougherty et al., 2016; Harrison et al., 2013; Melby-Lervåg et al., 2016; Pereg et 

al., 2013; Redick et al., 2013; Soveri et al., 2017; Thompson et al., 2013).   

To arrive into better understanding of the challenges facing cognitive enhancement 

studies, it is imperative to address first evidence on the trainability of EFs from the domains 

of physical exercise and video games, moving to prominent theories of learning and transfer 

in general and to EFs in specific. Subsequently, I will turn to overviewing the state-of-affairs 
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on CT, exploring current pitfalls and possible moderators underlying effective training 

protocols.   

 

On the Trainability of EFs: Exercising with the Brain  
 

The well-established interlink between physical fitness, brain plasticity and mental health has 

aroused considerable scientific interest in the application of varied physical exercise (PE) 

activities as means to improve cognitive functioning (Cotman & Berchtold, 2002; Erickson et 

al., 2011; Fernandes et al., 2017; Gomez-Pinilla & Hillman, 2013; Intlekofer & Cotman, 

2013; Kennedy et al., 2016; Lista & Sorrentino, 2010; Pothier & Bherer, 2016). Such 

interventional practices include aerobic training (e.g., jogging and swimming), resistance 

training (e.g., weight-lifting, squats and push-ups) and even yoga, dance and Tai Chi (see 

Pothier & Bherer, 2016 for a review). In fact, recent meta-analysis studies among both older 

adults (>50) and children have provided a strong support for the benefits of PE to promoting 

EFs (Álvarez-Bueno et al., 2017; Northey et al., 2018). PE induced improvements have been 

also observed in learning and memory processes, attention and academic achievement in 

addition to arising benefits in mitigating and preventing age related decline in EFs and 

dementia risks (Colcombe & Kramer, 2003; Donnelly et al., 2016; Hollamby et al., 2017; 

Kramer et al., 1999; Lees & Hopkins, 2013; Ludyga et al., 2016; Winter et al., 2007). PE 

effects have also been captured at the structural levels of the brain, leading for instance to 

increases in brain volume and greater white matter integrity (Chaddock-Heyman et al., 2018; 

Colcombe et al., 2006; Svatkova et al., 2015). The positive effects of PE on brain health has 

been primarily associated to increased cerebral blood flow and oxygenation during physical 

effort as well as epigenetic changes like in acetylation and methylation, critical for regulating 

synaptic plasticity, learning and memory (Betik & Hepple, 2008; Fernandes et al., 2017; Olin 

et al., 2011; Pothier & Bherer, 2016). Interestingly, there has been some arising claims on the 

possible additional benefits of content-varied, multimodal as well as conjoint physical and CT 
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practices to producing wider and longer-term retainable improvement effects in cognition 

(Demirakca et al., 2016; Erickson et al., 2011).   

Playing with the Brain: The Benefits of Video Games to Cognitive 

Enhancement       

 The popularity of video games (VGs) in our modern and technological world has offered in 

the last years a very promising platform for understanding neuroplasticity and learning 

processes (Bavelier & Green, 2019; Boot, 2015). Strikingly, despite the raised criticism on the 

negative impacts of VGs on behavior, especially those with violent content, abundance of 

empirical evidence has suggested to its contribution to a wide array of cognitive functions, 

including EFs (Boot et al., 2008; Colzato et al., 2010; Granic et al., 2014; Green & Bavelier, 

2007; Green et al., 2010; Green et al., 2012; Strobach et al., 2012).  Especially auspicious, 

promoting the widest transfer effects, are action video games that are characterized by 

complex, engaging, challenging and perceptually rich experience (e.g., stimuli variability) 

along with high processing and response demands (Bavelier et al., 2012; Green & Bavelier, 

2015). It is assumed that the constantly and rapidly alternating settings found in this genre 

facilitates what is referred to as ‘learning to learn’ skill, that is to flexibly adapt to novel 

situations and to acquire new skills quickly and efficiently (Bavelier et al., 2012; Cardoso-

Leite et al., 2018; Green & Bavelier, 2012). Additional important feature of VGs is the 

continuous experience of reward that enhances motivation and arousal, supporting plasticity 

and learning (see Bavelier & Green, 2019 for review). This in turn has been supported by 

neuro-imaging studies, showing that playing VGs seems to be associated with striatal 

dopamine release as well as to reward-related structural increases in gray matter volume (cf. 

Lorenz et al., 2015). Directly related to that is the notion of autonomy in VGs, assumed to 

enhance motivation by satisfying the human basic need for choice (Bavelier & Green, 2019). 
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Moreover, VGs are also suggested to promote higher levels of abstraction, facilitating thus 

broader transfer effects (Bavelier et al., 2012).   

 

Learning and Transfer – Important Concepts and Theoretical Frameworks 

Introduced   

“An individual understands the concept, skill, theory or domain of knowledge to the extent 

that he or she can apply it to a new situation” (Gardner, 1999, p. 118-119). For long, the 

concept of transfer, namely the ability to export and extend previously acquired knowledge to 

novel contexts has been central to education and cognitive psychology (Byrnes, 2008; Noack 

et al., 2009 2014). In fact, this extraordinary ability of the human brain to flexibly transfer 

previous experiences and knowledge to novel domains is one of the main markers of 

intelligent adaptive behavior (Cole et al., 2011, 2013). In what follows, I will introduce 

important concepts to the domain of skill acquisition and review some prominent learning 

theories and models that are relevant to the current research.     

Behavioral Accounts to Learning and Transfer   

The study of transfer owes its foundation to the influential works of  Thorndike (1922; 

Woodworth & Thorndike, 1901), introducing the identical elements theory. This theory posits   

that the occurrence of transfer and its scope are bound to the degree of overlap in content 

features between training and transfer situations. For example, a guitarist is in fact able to play 

different musical compositions using the same underlying content elements, that is musical 

notes. This in turn brings us to an important taxonym of transfer, distinguishing mainly 

between near and far transfer (Barnett & Ceci, 2002). Typically, near transfer effects reflect 

training induced improvement in performance on a structurally similar task (e.g., solving 

novel subtraction problems on a math test) whereas far transfer effect refers to improvement 

on other structurally dissimilar tasks, (e.g., improvement on a math test following chess 
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training).  Returning to the introduced overlap principles of Thorndike (1922; see also Gobet 

& Simon, 1996; Simon & Chase, 1973), it is then assumed that while the occurrence of near 

transfer effects are more plausible and common, far transfer effects are less likely to occur 

(e.g., Li et al., 2008; Melby-Lervåg & Hulme, 2013; Ritchie et al., 2015; Sala & Gobet, 

2017a, 2017b, 2019). This quite simplistic S-R approach of Thorndike was later extended by 

Singley & Anderson (1989), subordinating the occurrence and scope of transfer to the degree 

of shared task representation or what they refer to as production rules. Such production rules 

are suggested to encompass knowledge about the processes and abilities required to perform a 

task that are retrieved when a condition is satisfied. For instance, to write an email there are 

usually a sequence of steps to undertake, commencing with clicking on the compose function, 

moving to writing the address of the recipient, entering the subject in corresponding panel, 

composing the text to finally pressing the send button. As most email service platforms 

require the same underlying procedural rules, it is quite easy to alternate between using 

Gmail at home to using Outlook at work.  

Other insights on transfer come from the domain of analogical learning, drawing 

attention to the role of schema abstraction, namely, the identification of structural analogies 

between task elements in learning generalization (Clement & Gentner, 1991; Gentner & 

Hoyos, 2017; Gick & Holyoak, 1983; Holyoak & Thagard, 1989). Accordingly, a higher level 

of abstraction is assumed to facilitate broader transfer effects (Ahissar & Hochstein, 2004; 

Dosher et al., 2013; Karni & Bertini, 1997). Such approach to transfer seems very relevant to 

the domain of CT, fitting nicely with EFs theories that emphasis the link between executive 

processes and abstraction, both relying to a great extent on the work of the PFC (Badre et al., 

2010; Barbey et al., 2009; Cole et al., 2013; O’Reilly, 2010; Speed, 2010).  

More closely related to the domain of CT is the primitive element theory, proposed by 

Taatgen (2013). This model extends Singley & Anderson (1989) identical productions theory, 
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positing that learned task knowledge involves the learning of lower-level task specific (e.g., 

S-R mappings) and higher-level abstract processing rules (e.g., strategies). It is claimed that 

wider transfer can be obtained between dissimilar tasks when the new task structure allows 

for reutilization of a previously learned strategy that is more effective than the default 

behavior. This model posits that any occurring improvement in performance is attributed to 

skill development rather than changes in inherent ability. As such, it is argued that “cognitive 

training helps developing our representations and strategies for strong cognitive control, and 

improves the arsenal of skills available to deal with different control situations” (Taatgen, 

2013, p. 22). Drawing on Braver's (2012) dual mechanisms of control, the author 

distinguishes between two main control strategies , reactive and proactive. Proactive control 

strategy refers to top-down preparatory activation and maintenance of task goals, elicited by 

task context (i.e., structure, instructions, rules and cues). In contrast, reactive control strategy 

refers to bottom-up altered control mode that is triggered by stimulus features. For example, 

the model predicts that as proactive strategy is usually associated with more efficient 

performance and entails the learning of more task-general knowledge, its transfer to new 

situations is more probable.     

Alternative recent outtake on learning and transfer of cognitive control build upon 

principles of associative learning (Abrahamse et al., 2016). It is posited the learning of 

cognitive control involves the establishment of abstract associations between perceptual, 

motor and goal representations that are bound to specific contextual features. Once these 

features are identified, they can trigger the corresponding control mode. Thus, cognitive 

control is assumed to bound to context, triggered and restricted by it.  

 

A Neuroscientific Approach to Learning and Transfer   

A neuroscientific framework to transfer of cognitive skills is founded on principles of 

neuronal overlap, attributing the occurrence and breadth of transfer to the degree of shared 
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cortical regions’ recruitment between the trained and transfer tasks: the higher the overlap in 

neuronal activation, the broader the transfer (e.g., Dahlin et al., 2008; Hazy et al., 2006; 

Jonides, 2004; Klingberg, 2010; Lustig et al., 2009; Olesen et al., 2004; Persson & Reuter-

Lorenz, 2008; Thorell et al., 2009). Alternative to the near and far taxonym of transfer, it is 

suggested that the evaluation of transfer should be reconceptualized to denote changes in 

ability, with the scope of transfer ranging from narrow, broad to changes in general ability 

(c.f. Schmiedek et al., 2010). Other neuroscientific accounts posit that the effectiveness of CT 

depends on the induction of durable changes in relevant neuronal circuits, promoting brain 

plasticity (Lövdén et al., 2010, 2013).  This is suggested to occur when training demands 

exceeds one’s available cognitive resources, such us when introducing enhanced task 

difficulty conditions (Brehmer et al., 2014).  

Taken together, while the above reviewed accounts to transfer differ in the general 

underlying theoretical venue, important commonalities stand out: (a) the notion of 

abstractness seems to be laid as the heart of transfer across learning theories and domains and 

(b) transfer occurrence depends on the degree of overlap in shared processes between learning 

and transfer situations, however with less agreement on the nature of such processes. As 

mentioned before, the conceptualization of “shared overlap” determines in fact the expected 

scope of transfer. For example, while assumed overlap in content elements predicts a very 

limited transfer (e.g., identical element theory), advocating rather for underlying common 

strategies\procedural rules predicts a wider transfer effects to a class of tasks that might 

benefit from its application.   

The Promise and Pitfalls of CT  

Cognitive or “brain” training refers to practices that aim at maintaining or improving 

cognitive abilities such as memory, attention, speed of processing and higher-order executive 

control processes. The underlying fundaments of CT is anchored in the concept of 
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neuroplasticity, namely the occurrence of structural and functional alternations in the brain, 

enabling flexible adjustment of behavior to changing demands in our environment (Kuwajima 

& Sawaguchi, 2010; Lövdén et al., 2010). Of extreme relevance is the compelling evidence 

that such plastic characteristic of the brain is not only a feature of the young developing brain, 

but rather continues to manifest in adulthood and even among populations suffering from 

neurological developmental disorders and brain lesions (Brehmer et al., 2007, 2012; Karbach 

& Kray, 2009; Kray et al., 2012; Sacco et al., 2011; Söderqvist et al., 2012). This in turn has 

encouraged to examine the potential of CT in allowing to mitigate age-related cognitive 

decline and psychopathology associated cognitive impairments (e.g., Ball et al., 2002; 

Buitenweg et al., 2012; Chein & Morrison, 2010; Klingberg, 2010; Kray et al., 2012; Lövdén 

et al., 2012; Lussier et al., 2012; Lustig et al., 2009; Willis et al., 2006).  

Interest in cognitive enhancement reached its peak in 2008, following scientific reports 

suggesting that computerized WM training leads to generalizable gains in GF (i.e., far 

transfer; Jaeggi et al., 2008). In a later prominent study, evidence for the effectiveness of CT 

was documented also in the domain of task switching, showing evidence for both near and far 

transfer effects to other executive processes and GF (Karbach & Kray, 2009). However, the 

premature enthusiasm generated by these observations was then counteracted by several 

successive studies, failing to replicate these findings (e.g., Harrison et al., 2013; Pereg et al., 

2013; Redick et al., 2013; Thompson et al., 2013). In fact, recent meta-analysis studies refute 

the existence of training-induced far transfer effects and consequent improvements in real-life 

(e.g., Dougherty, Hamovitz, & Tidwell, 2016; Melby-Lervåg, Redick, & Hulme, 2016; 

Soveri, Antfolk, Karlsson, Salo, & Laine, 2017). The inconsistencies between training studies 

and the limited generated transfer effects have been attributed amongst other to 

methodological rigors, such as the absence of adequate active control group, low statistical 

power and testing reliability, as well as methodological variations in the applied training 

protocols and sampling (Dougherty et al., 2016; Katz et al., 2018; Melby-Lervåg et al., 2016; 
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Noack et al., 2014; Soveri et al., 2017a; Strobach & Schubert, 2001). Despite these setbacks, 

the more reliable generated near-transfer effects documented in the relevant literature on CT 

seem to offer hope to the realm of cognitive enhancement (Karbach & Verhaeghen, 2014; 

Schwaighofer, Fischer, & Bühner, 2015).  

At present, the topic of CT is faced with various critical open questions concerning the 

scope of produced improvements and underlying mechanisms modulating its outcomes. For 

example, new directions point to the importance of considering possible modulators such as 

interindividual differences in baseline cognitive abilities, personality and motivation, nutrition 

and genetic predisposition. These considerations for instance can allow us to better understand 

who benefits more from such procedures and why (for review see von Bastian & Oberauer, 

2014). Additional avenues discuss determinants of learning and transfer, like task difficulty 

and adaptability, degree of overlap in cognitive process and structure between the trained and 

transfer task as well as novelty inclusion (e.g., Buitenweg et al., 2012; Green & Bavelier, 

2008).  

One central pitfall of the currently applied training procedures seems to be anchored in 

the repetitive nature of CT, facilitating instead automatization and task-specific learning that 

is limited to lower level stimulus-response mappings. In contrast, I argue that training 

variability is one critical underlying mechanism for overcoming training specificity, 

promoting wider transfer effects in CT. This idea is supported by many theoretical accounts to 

learning and transfer, such as the desired difficulties framework (Fissler et al., 2013; Schmidt 

& Bjork, 1992; Spiro et al., 1994). Moreover, I claim that the currently applied training 

protocols focus mainly on external features (e.g., used training tasks and stimuli, dosage, used 

control groups), overlooking the interplay of externally and internally guided behavior in skill 

acquisition (e.g., Jolles, van Buchem, Rombouts, & Crone, 2012; Morrison & Chein, 2011). 

As such, the current work will focus on examining the role of learners’ control in producing 
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more favorable learning experience. The rational for such investigation was based on 

suggestions pointing to the motivational gains of choice availability and advantages of self-

deliberate and regulated practice to skill development (Ackerman, 1987; Anderson, 1982; 

Ericsson et al., 1993; Inzlicht et al., 2014, 2018; Kinzie, 1990; Muraven et al., 2006; 

Nakamura & Csikszentmihalyi, 2014; Navon & Gopher, 1979; Paas et al., 2005). The benefits 

of self-controlled practice might be also expected on account of the robust generation effect, 

referring to the found advantage in remembering self-generated information (Slamecka & 

Graf, 1978).  

Despite the difference in their outtake on mechanisms of learning and transfer, the 

notion of abstraction seems to be the essence of most of the previously described learning 

doctrines ( eg., Anderson, 1983; Schmidt, 1975; Schmidt & Bjork, 1992; Taatgen, 2013). As 

previously argued, the ability to mentally abstract knowledge is inherent to adaptive 

intelligent behavior in general and to learning and transfer in specific (e.g., Cole et al., 2011, 

2013; Ho et al., 2019; Ruge & Wolfensteller, 2010). For example, abstraction is essential to 

overcoming capacity limitation of the cognitive system, as it allows more efficient processing 

and management of information through the detection of regularities in our surrounding and 

its reutilization in similar novel contexts ( cf. Bhandari & Badre, 2018; Ho et al., 2019). As 

such, it is to be expected the notion of abstraction is central to any learning protocol, 

especially CT. Recently, it has been suggested that one form of higher-level abstract entity of 

task knowledge are control policies, namely, mental models that encompass required 

representations of task relevant facts, rules and structure dynamics (Bhandari et al., 2017; 

Bhandari & Badre, 2018; Duncan et al., 2008). Such control policies were also found to be 

modifiable through training and generalizable to similar novel contexts (Bhandari & Badre, 

2018). These encouraging findings offer a new direction to pursue in the study of cognitive 

training.   
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Exploring Possible Learning Moderators in Short-term CT 

The Desirability of Variability: The Case of Task Switching 

The contribution of training variability to skill acquisition has been originally pinpointed by 

motor learning theories (Schmidt, 1975; Shea & Morgan, 1979). Schmidt (1975) was the first 

to argue that varying training conditions engages higher level of abstraction, allowing thus to 

identify transferable rules (i.e., schemas). Benefits of variability to transfer has been also 

attributed to the derived desirable challenge during leaning, encouraging enhanced processing 

and retention (Schmidt & Bjork, 1992). Counterintuitively, this desired difficulty approach to 

learning argues that hampering learning through conditions like variability enhances learning, 

resulting in better longer-term gains. Highly relevant to CT is the interplay between 

variability and novelty, with the latter being inherent to cognitive development and vitality, 

cortical plasticity as well as improved anticipatory regulation to future new contexts 

(Angevaren et al., 2007; Brown et al., 2003; Düzel et al., 2010; Eskes et al., 2010; Fritsch et 

al., 2005; van Praag et al., 2000).  

Direct manipulation of variability in the domain of CT was previously carried out 

using the task switching paradigm (Karbach & Kray, 2009; Minear & Shah, 2008). In one 

study, Karbach and Kray (2009) manipulated content variability by requiring participants to 

switch between two task rules that either remained fixed or varied across the training blocks. 

The study compared the performance of both adults and children on near and far-transfer 

measures (WM, inhibition and general intelligence and). As indicated by the results, more 

favorable outcomes for varied training were obtained on near but not far transfer measures. 

However, the found gains in near transfer were limited to adults. As noted by the authors, one 

critical limitation to interpreting these mixed results is the conjoint manipulation of content 

variability and self-verbalization strategies, opening-up the question to whether the 

complexity of such combined training conditions might have impacted their results. In another 
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task switching training study, variability was manipulated on the deeper structure level of the 

task, training participants on either predictable/fixed or random/varied task sequence. 

Additionally, to enhance content variability, four different task pairs were introduced during 

training: One task pair was utilized for the pretest and posttest and three other tasks were used 

for training. Pretest and posttest performance were examined using varied and fixed task 

sequence blocks. As a control, another group of participants worked through single-task 

blocks that included the same six tasks without engaging in task switching.  Both predictable 

and random training conditions were found to reduce switching and mixing costs during 

training. However, transfer gains have been observed only when both practice and transfer 

had random task structure and solely in measures of mixing costs.  

Taken together, the role of variability in CT remains unclear, requiring to 

systematically reconsider its contribution to learning and transfer. This investigation was 

approached through study 1 in this dissertation. For this purpose, the task switching paradigm 

was used, allowing to easily manipulate variability both in terms of content (fixed vs. varied 

task rules and stimuli) and structure (fixed and varied task structure). In the fixed content 

condition (FC), participants were required to switch between the same two tasks across 

training whereas in the varied content condition (VC) two new task rules and stimuli were 

introduced in each experimental block. For structure manipulation, participants were trained 

on either a predictable or random task switching conditions. In the predictable variant of task 

switching (fixed condition), participants were required to switch tasks every second trial 

whereas in the random variant, tasks appeared in random sequence (see figure 1). The study 

employed a pre-post design, commencing with a bassline block, followed by seven training 

blocks and last by one fixed and one random novel task switching blocks, respectively.   
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Figure 1. Example for fixed and varied task block structure. The task here requires to 

switch between two task rules, judging whether the presented pictures are summer or winter 

related (task rule 1) or whether the depicted names are male or female names. The lower panel 

shows the condition in which task rules are presented in a fixed order, alternating every 

second trial (task rule 1 – task rule 1-task rule 2-task rule 2). The upper panel shows an 

example of random alternations in task structure (task rule 1 – task rule 2-task rule 2-task rule 

1 – task rule 2).     
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Taking Command: Examining the Role of Learners’ Control in Short-

Term Task Switching Training  

Despite existing evidence and theoretical models attesting the importance of intrinsic 

modulations of learning and transfer, factors such as motivation and individual differences 

have been for long considered as a liability in CT (Baldwin & Ford, 1988; Ruona et al., 2003; 

Haskell, 2004; Jolles et al., 2012; Morrison & Chein, 2011; Quiñones, 1995). However, in 

light of discouraging outcomes in CT along the past years, aspects pertaining to intrinsic 

characteristics, such baseline cognitive aptitude and engagement, seem to receive wider 

acknowledgment lately (Botvinick & Braver, 2015; Jaeggi et al., 2008, 2014; Katz et al., 

2014; Mohammed et al., 2017). As such, the current work embarked on examining the 

possible benefits of learners’ control, known to enhance motivation and engagement in 

learning, to promoting better transfer gains in CT.    

Learners’ control refers to a continuum of controllability over learning features such as 

determining sequence of presented information, pace and task selection. It is closely 

associated with autonomy, self-agency and choice availability, satisfying basic psychological 

and biological needs that underpin adaptive behavior, cognitive and emotion regulation, 

motivation and wellbeing (Bandura et al., 2003; Deci & Ryan, 2008; Gallagher, 2000; Leotti 

et al., 2010; Leotti & Delgado, 2011; Ryan & Deci, 2000; Shapiro et al., 1996). Hence, 

granting trainees the control over their own learning bares several motivational advantages 

necessary for effective learning, such as arousing higher task engagement, autonomy, 

perceived competence and self-efficacy (Becker & Dwyer, 1994; Bell & Kozlowski, 2008; 

Chiviacowsky, Wulf, Lewthwaite, et al., 2012; Deci & Ryan, 2008; Keith & Frese, 2005; 

McNevin et al., 2000; Ryan & Deci, 2000; Tafarodi et al., 1999).  

Moreover, as human beings, we seem to have a natural tendency and preference for 

having a choice, with choice availability perceived as rewarding (affective gain), allowing in 

addition to mitigate negative emotions (Bown et al., 2003; Inesi et al., 2011; Leotti et al., 
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2010; Leotti & Delgado, 2011). Consecutively, this seems extremely relevant to CT when 

considering the costly and aversive nature of cognitive effort, highly engaged during EF 

training (Braver, 2012; Kool et al., 2010; Monsell, 2003; Westbrook et al., 2013). In addition, 

controllability over learning is suggested to enable self-regulated, strategic and flexible 

adaption of performance that enables more efficient deployment of effort and consequently 

gives rise to more favorable learning outcomes (Ackerman, 1987; Anderson, 1982; Inzlicht et 

al., 2014, 2018; Kinzie, 1990; Muraven et al., 2006; Nakamura & Csikszentmihalyi, 2014; 

Navon & Gopher, 1979; Paas et al., 2005).   

Last, the idea to allow for learners’ control during training coincides with the 

deliberate practice approach to expert behavior (Ericsson et al., 1993). Unlike the common 

assumption that “practice makes perfect”, this framework posits that it is not repeated practice 

per se that underlies skill mastery but the process of engaging in self- initiated goal directed 

practice. These claims are supported by the observation that skill acquisition by itself 

necessitates only limited amount of practice, with individuals arriving into a performance 

asymptote quite rapidly without additional progress hereafter (i.e., automaticity; Anderson, 

1982; Fitts & Posner, 1967). Accordingly, high inclination for seeking demanding tasks as 

well as engagement in self-monitoring processes is thought to be a key principle to 

overcoming automaticity, supporting continuous learning and improvement (Ericsson, 2006, 

2008; Ericsson et al., 1993).  

To examine the contribution of learners’ control to learning and transfer in EF 

training, Study 2 was designed. Again, the task switching paradigm was employed, allowing 

us to compare between two critical training conditions: VTS (Arrington & Logan, 2004, 

2005) to that of forced task switching condition (FTS). The VTS variant is a valuable tool for 

examining volitional control (see Arrington et al., 2014 for review), in which participants 

freely decide whether to switch or repeat a task, typically with the instructed restriction to 

choose each task equally often and in a random order. In addition to switching and mixing 
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costs, the task offers an additional measure of flexibility, namely the voluntary switching rate 

(VSR). Following a single training session of seven training blocks, near and far transfer 

effects were evaluated, comparing pre-post performance on novel task switching block and 

the verbal fluency task, another measure of cognitive flexibility that has a switching element ( 

e.g., Troyer, Moscovitch, & Winocur, 1997; Troyer, Moscovitch, Winocur, Alexander, & 

Stuss, 1998). Unlike study 1, here we used bivalent stimuli to increase task demands. As we 

were also interested in replicating the results of study1, variability (only content variability) 

was also manipulated, using here exactly the same fixed structure baseline and transfer blocks 

from study 1.  

Exploring the Role of WM Gating Policies in CT 

As previously suggested, the occurrence of learning generalization to novel contexts is found 

to rely heavily on the human brain’s ability to abstract knowledge (e.g., task rules) and to 

rapidly and flexibly exploit it across multiple unfamiliar contexts (e.g., Badre, Kayser, & 

D’Esposito, 2010; Cole, Etzel, Zacks, Schneider, & Braver, 2011; Cole, Laurent, & Stocco, 

2013; Collins & Frank, 2013). One form of abstract knowledge, inherent for task execution, is 

internal control policies or task models that organize task related information like task rules , 

relevant facts, stimuli, responses and timing into adequate mental program (Bhandari & 

Badre, 2018; Duncan et al., 2008). Within the domain of WM, the construct of control 

policies can be embodied by gating mechanisms that guide the flow of information to and 

within WM (Chatham & Badre, 2015; O’Reilly & Frank, 2006; Todd, Niv, & Cohen, 2009). 

Accordingly, it is assumed that information can be selectively entered and updated through 

the operation of an input-gate while selective output-gate determines which representations 

should be utilized to influence behavior (Chatham & Badre, 2015; Hazy et al., 2007; O’Reilly 

& Frank, 2006; Todd et al., 2009).   
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 Interestingly, a recent study has suggested that just like task rules, WM control 

policies (1) constitute an important abstract component of a task set that can be learned and 

transferred to similar novel task contexts and (2) are independent of lower level S-R  

mappings (Bhandari & Badre, 2018). Using a second order WM task, Bhandari & Badre 

(2018) trained participants on either a condition that promote input or output gating control 

mode (see Figure 2). In this task, participants see a sequence of three items, consisting of a 

number cue, a letter and a symbol. The task requires to respond to either the letter or symbol 

according to the presented cue. Participants were required to memorize two task rules through 

which the letters “A” and “G” were associated with the contextual cue “11”, whereas the 

symbols “π” and ⊙ were associated with contextual item 53 (see figure 2(a)). Hence, 

whenever the cue “11” appears, participants need to respond to the letter. In contrast, 

whenever the cue “53” appears, a response to the symbol is required. For example, in a 

sequence composed of 11 → G → ⊙, the target item would be the letter G. Alternatively, in a 

sequence composed 53 →A→ π, the target item would be the symbol π. To encourage the 

utilization of input gating policies, a context-first processing condition (CF) was applied, in 

which the contextual item (here: the number cue) appeared first, followed by the two lower-

order items, succesievely. Thus, the early appearnce of the cue enables the selective entry of 

the target item into WM. Conversly, in a context-last processing condition (CL), the 

contextual item (the number cue) appeard last in the sequenace, supporting the usage of out-

put gating processes as it requires a selective retrieval of the relevant target item (see figure 

2(b)). Parallel to the presentation of the last item, a response panel appeared on the lower part 

of the screen. On each side of the response panel, one letter and one symbol appeared. That 

way, depending on which side of the response panel the target item appeared, a left or right 

response-key had to be pressed. For example, in the presented upper CF trial design in figure 

1(b), the contextual cue “11” signalizes that the response relevant item in this sequence is the 

letter “A”. As the target letter “A” appears here on the left side of the response panel, a left 
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key response was required. Following training with either the CF or CL, participants were 

transferred to either same or different task structure, resulting in four conditions (figure 2(c)). 

The outstanding finding was that experience with either the CL or CF conditions led to 

transfer of the trained gating policy to new contexts with the same ( e.g., CF -> CF) and 

different structure (e.g., CL-> CF).  

 

 

Figure 2. The second order WM-task and experimental design of experiment 1 as appearing 

in Bhandari & Badre (2018).  

Following these encouraging results, in study 3, we attempted to expand these 

findings, investigating possible benefits of the exact same gating policy training to the domain 

of CT. Specifically, we aimed at examining whether the learning of gating policy might be 

transferred not only to similar context but also to other cognitive control tasks, in which such 
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gating policies can improve performance. To do so, the same context-processing task as 

Bhandari & Badre (2018) was utilized for training, examining possible transfer effects to the 

cued task switching paradigm and AX-CPT paradigms, both suggsted to involve gating 

processes (Braver & Cohen, 2000; D’Ardenne et al., 2012b; Kessler, 2017; Kessler et al., 

2017; Rougier & O’Reilly, 2002). As mentioned priviously, in the cued version of the task 

switching paradigm, participans are required to perfrom two tasks that share the same stimuli 

set (i.e., bivalent stimuli; Meiran, 2014). On a given trial, a cue announces which of the two 

tasks has to be carried out, resembling in fact the CF condition (input gating policy training). 

As learned input-gating control policy promotes enhanced proactive cue-processing and thus 

selective task selection, its succesful transfer to the context of task switching should result in 

improved performance on the latter. Also similar to the CF condition is the AX-CPT task, 

requiring to respond to a sequence of letters, making a target response when an A-cue is 

followed by an X-probe. As the AX sequence occues with a high frequency, the A-cue 

becomes highly predictive of the X-probe, encourging increased cue processing. The typical 

finding is that such high relience on a procative control mode results in higher error rates on 

trials in which the A-cue is not follwed by an X- probe (i.e., AY trials) but to less errors when 

the X-probe is not preceded by an A-cue (i.e. BX trials). An important observation is that such 

selective control mode evokes higher interference on BX trials due to the strong association 

between the X-probe and the target response (cf. Gonthier et al., 2016). From here, it was 

assumed that learning and transfer of selective output gating policies following CL training 

might consequently benefit performance on BX trials.     
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Summary and Current Research 

So far, the realm of cognitive enhancement in general and of EF training in specific is faced 

with numerous fundamental challenges, especially that of overcoming the problem of learning 

specificity. Years of research work, engendering dozens of studies and CT programs, seem to 

remain caught within an ongoing cycle of failed attempts to produce far-reaching transfer 

effects that go beyond the trained task (for recent reviews see Dougherty et al, 2016; Melby-

Lervåg, Redick, & Hulme, 2016; Soveri, Antfolk, Karlsson, Salo, & Laine, 2017). As such, 

stepping back to reflect on and understand possible moderators underlying CT effectivity 

bares significant theoretical and empirical significance for its future.  

First, we begin to explore the consequences of repetitive training procedures and 

benefits of variability inclusion. This idea draws on previous theoretical and empirical 

accounts to skills acquisition, highlighting the role of desired difficulty manipulations, such as 

variability, to learning and cognitive flexibility  (Fissler et al., 2013; Schmidt & Bjork, 1992; 

Spiro et al., 1994). Up to date, the interlink between externally and internally guided 

intentions has not been well attended in the realm of cognitive enhancement, requiring thus 

deeper investigation (e.g., Jolles et al., 2012; Morrison & Chein, 2011). Here, we focus on the 

role of learners’ control in producing more favorable learning experience. The rational for 

such investigation was based on suggestions pointing out to the motivational gains of choice 

availability and advantages of self-deliberate practice and self- regulated learning to skill 

development (Ackerman, 1987; Anderson, 1982; Ericsson et al., 1993; Inzlicht et al., 2014, 

2018; Kinzie, 1990; Muraven et al., 2006; Nakamura & Csikszentmihalyi, 2014; Navon & 

Gopher, 1979; Paas et al., 2005). Last, abstraction is brought forward by several learning 

theories as core principle underlying the efficiency of the cognitive system to transport and 

reuse knowledge across contexts (e.g., Gick & Holyoak, 1983; Schmidt, 1975; Taatgen, 
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2013). New findings in the domain of cognitive control have suggested that abstract control 

policies, that is task general mental models, can be trained and generalized beyond the trained 

task, inducing performance gains in similar novel contexts that can benefit from their 

application (Bhandari et al., 2017). Consequently, we sought on expanding this idea to the 

domain of CT, examining whether such control policies can be trained and transferred to other 

dissimilar cognitive control tasks.    

In study 1, the role of training variability in CT was approached within the task 

switching paradigm, allowing to manipulate content (fixed vs. varied task and stimuli) and 

structural variability (fixed vs. random task sequence). Here, we examined the occurrence of 

transfer to structurally similar (e.g., fixed structure training and transfer conditions) and 

dissimilar (e.g., fixed structure training condition to random structure transfer condition) 

untrained task switching.  

In study 2, we attempted to examine whether granting learners’ control over their own 

learning will produce more favorable learning outcomes, promoting wider transfer effects. 

The task switching paradigm was again utilized as it allowed us to compare voluntary vs 

forced task switching processes. Transfer performance was evaluated on forced novel task 

switching (near transfer) and on the verbal fluency task (far transfer). Study 2 served also as 

replication for study 1, manipulating in addition training variability (here only content 

variability). The additional benefits of enhanced task demands were also explored, utilizing as 

such bivalent stimuli to enhance between task interference.    

In study 3, the role of WM control policies in CT were investigated, comparing the 

impact of input vs. output control polices on performance in other cognitive control tasks. For 

training, the second-order WM task was used, assigning participants to either a CF (input 

gating policy training) or CL (output gating policy training). Successively, transfer 

performance was evaluated on the task switching and AX-CPT tasks.   

 



Part II – Peer Reviewed Articles                            37 

  

 

 

 

 

 

 

 

PART II  

PEER-REVIEWED ARTICLES 

 

 

 

 

 

 

 

 



Part II – Peer Reviewed Articles                            38 

  

STUDY I  

When Less Is More: Costs and Benefits of Varied vs. Fixed 

Content and Structure in Short Term Task Switching Training 

 

Sabah, K., Dolk, T., Meiran, N., & Dreisbach, G. (2019). When less is more: Costs and 

benefits of varied vs. fixed content and structure in short-term task switching 

training. Psychological Research, 83(7), 1531-1542. 

 
 

Abstract 

Training variability has been brought forward as one possible moderator for wider scale 

transfer effects in cognitive training. However, little is known about which aspects of task 

variability are important for optimizing training outcomes. This study systematically 

examined the impact of variability in the different task components on outcome measures, 

here manipulating content (whether the task stimuli remained fixed or changed between 

blocks) and the deeper structural task configuration (task sequence: whether the task sequence 

was fixed or random). Short-term task switching training was implemented with one of four 

training variability conditions: fixed content\fixed structure; fixed content\ random structure; 

varied content\fixed structure and varied content\varied structure. The experiment consisted of 

a baseline block, seven training blocks (learning phase), followed by two transfer blocks, one 

with fixed and one with random task structure, respectively. In the learning phase, more rapid 

training gains were observed in the fixed content as compared to varied content. Interestingly, 

training with fixed content resulted in a trend for costs when transferred to a novel task 

switching context. In contrast, moderate transfer gains were noted in the varied content 

condition, manifested specifically on switch trials. These results suggest that task (content) 

variability is one of the means to improve positive transfer and avoid negative transfer. 

Additionally, and in agreement with the wide literature on training, this finding suggests that 

conditions that prevent training gains are in fact beneficial for learning generalization. 
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Introduction 

 

Cognitive enhancement has become a topic of great interest, transforming into a prosperous 

industrial sector, nourished by its assumed potential in enhancing cognitive plasticity and 

mitigating age-related cognitive decline and psychopathology associated impairments (for 

some early reviews see Chein & Morrison, 2010b; Lustig et al., 2009). Though notable 

improvement on the trained tasks and generalization (i.e., transfer) to other novel tasks has 

been documented on several training studies, recent meta-analytic reviews yield less 

optimistic conclusions regarding the effectiveness of cognitive training (CT, e.g., Dougherty 

et al., 2016; Melby-Lervåg et al., 2016; Soveri et al., 2017). This, in turn, brings us to an 

ongoing debate regarding the principles to design an optimal training protocol.  

Prior work suggests that conditions that impair performance during training actually 

enhance the transfer of the trained skill to novel contexts, and the relevant means are 

predominantly related to introducing training variability (Buitenweg et al., 2012; Gopher et 

al., 1989; Karbach & Kray, 2009; Schmidt & Bjork, 1992). This claim is based on the premise 

that novelty (and training variability is one means to create novelty) enhances cognitive 

functions (e.g., Fritsch et al., 2005; Klusmann et al., 2010), prevents dementia and facilitates 

learning generalization (Fissler et al., 2013; Shawn Green & Bavelier, 2015). However, to our 

knowledge, few scientific studies have systematically examined which and how different 

aspects of variability impact learning and transfer in CT. As such, the current study embarks 

on a preliminary investigation into the contribution of variability across different task 

components to learning generalization following CT to similar contexts (i.e. near transfer). To 

this end, the task switching paradigm was utilized, allowing us to manipulate variability in 

terms of the introduced content (i.e. introduced stimuli and task rules) and variability in terms 
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of the task’s deeper structural configuration (i.e. the sequence of switch and repeat trials). In 

the following section, we review relevant literature on task-switching training. 

Training Executive Functions: The Case of Task-Switching  

Executive functions (EFs) can be roughly defined as a set of top-down processes that are 

considered as the groundwork for flexible, goal directed behavior. They enable adequate 

adjustment to novel demands of our constantly changing environment, withholding of 

prepotent behavioral tendencies and overcoming interference from irrelevant distracting 

information (Miyake et al., 2000). Here we focus on the ability to shift between tasks and 

mind-sets, or 'shifting ability’ (e.g., Dreisbach, 2012; Kiesel et al., 2010a; Vandierendonck et 

al., 2010) that is arguably one of the three main EFs, along with working-memory updating 

and inhibition (Miyake et al., 2000).  

Not surprisingly, task switching is one of the most widely targeted processes for 

cognitive enhancement studies, which have yielded promising outcomes.  Specifically, these 

training benefits are reflected not only in task practice effects and switching ability on 

untrained similar tasks (i.e. near transfer) but also show generalization to other untrained 

processes of general fluid intelligence (Gf), working memory and inhibition across the 

different age spans (i.e., far transfer) (for review see Buitenweg et al., 2012; Karbach & 

Unger, 2014; Rueda et al., 2016). The relevance of task switching training in part is grounded 

in promising findings from developmental and clinical studies. For example, in Kramer, Hahn 

and Gopher’s (1999) study, younger and older adults were trained on a task-switching 

paradigm. The study pointed to higher switch costs among older adults, but this age effect 

diminished due to training (see Buchler et al., 2008, for an analogical analogous finding). 

Beneficial outcomes for task switching training were also obtained among clinical 

populations. Children with attention deficits who were trained on task switching showed 

reduced switch costs after training as well as improvement on measures of inhibitory control 
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and verbal working memory (Kray et al., 2012). However, despite these promising results, 

training outcomes targeting task switching as well as other EFs seem limited to in task-

practice effects whereas the benefits of CT on near and far transfer measures have not been 

consistent  (e.g., Dougherty et al., 2016; Lampit et al., 2014; Melby-Lervåg et al., 2016; 

Soveri et al., 2017). For instance, later studies failed to replicate the encouraging far transfer 

outcomes observed by Karbach and Kray (2009; see Kray & Fehér, 2017; Pereg et al., 2013). 

Consequently, recent studies have aimed to decipher the underlying mechanisms and training 

conditions that might lead to optimized training gains, bringing forward the notion of 

variability as possible moderator for training effectiveness (e.g., Karbach & Kray, 2009). 

Variability as a Mechanism for Transferrable Cognitive Training  

From an evolutionary/ecological perspective, it has been suggested that learning is beneficial 

especially in variable environments, because it promotes flexibility while stable environments 

promote rigid response patterns (e.g., DeWitt et al., 1998; Kakade & Dayan, 2002; Mery & 

Kawecki, 2004). Additionally, studies suggest that varied learning contexts facilitate rule-

learning, a PFC-mediated ability that enables skill and knowledge transfer to new contexts 

(e.g., Cole et al., 2011; Gómez, 2002).  

    The significance of variability to cognitive flexibility can be further drawn from its 

interrelationship with novelty, the latter having a valuable role in cognitive development and 

vitality (Angevaren et al., 2007; Eskes et al., 2010; Fritsch et al., 2005). Moreover, it has been 

suggested that exposure to novelty is a main factor that allows improved anticipatory 

regulation to future new contexts and novelty exploration. Noting that such ability is one 

aspect that is hindered as a result of aging, novelty should also be addressed in cognitive 

training regimens, by ensuring high training variability (Düzel et al., 2010). 

Training variability can be introduced on different task layers, for instance by 

manipulating content related features such as by including varied tasks and stimuli and\or 
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structural features by varying task order (e.g., from predictable to unpredictable). This is 

based on the premise that slowing learning by means of varied training seems beneficial for 

learning generalization (Schmidt & Bjork, 1992). On the content level, it has been suggested 

that high content variability might allow the formation of a more flexible “schema” and more 

abstract rules. This in turn, might allow generalization to novel similar contexts (Cole et al., 

2011; Wulf & Lee, 1993). For instance, in an explicit attempt to manipulate content 

variability, Karbach and Kray (2009) used task switching, comparing a fixed training 

condition that required participants to switch only between two task dimensions 

(transportation vs. number task) to a varied training condition that involved switching 

between different stimuli and response categories across the four experimental sessions (e.g., 

“transportation” vs. “number” task, “hobby” vs. “music” task). The study indicated that the 

more variable task switching paradigm enhanced near transfer effects among adults but not 

among children. Importantly, no difference between the fixed and variable groups was found 

on measures of far transfer. Variability manipulation on the level of task sequence is also 

implicated as a favorable condition for promoting transfer. Research in the field of perceptual 

and motor learning yielded positive evidence for better learning retention and transfer 

following random practice (Carnahan et al., 1990; Gabriele et al., 1987, 1989; Heitman et al., 

2005; Sekiya et al., 1994; Shea et al., 1990; Shea & Zimny, 1983; Simon, 2007; Smith, 2002; 

Wulf & Lee, 1993; Wulf & Schmidt, 1988). A more closely related area is learning to perform 

in dual task conditions that is facilitated by randomly changing the priorities given to each 

task (Gopher, 1993; Gopher et al., 1989; Kramer et al., 1995; Larish et al., 1993). 

Extrapolating to task switching, this literature seems to suggest that predictable task order 

(e.g., alternating runs like AA-BB) would be less beneficial than random task sequence. One 

study addressed this issue directly. Specifically, for example, Minear & Shah, (2008) have 

employed a task switching training, comparing pretest-posttest performance on measures of 

mixing and switching costs between conditions on which task structure was predictable (i.e., 
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alternating runs) vs. random. Additionally, to enhance variability, four different task pairs 

were introduced during training: One task pair was utilized for the pretest and posttest and 

three tasks were used for training. On both pretests and posttest, random and fixed task 

sequence blocks were administrated. For the control condition, participants were trained on 

single-task block that included the same tasks without engaging in task switching.  The results 

point to training gains in both switching and mixing costs, following both predictable and 

random task switching training. However, transfer gains have been observed only from 

random task switching practice to the random transfer block and solely in measures of mixing 

costs.  

Given the mixed results of the previous attempts, the current study acknowledges the 

importance to take a step back to disentangle the role of variability in cognitive training, by a 

factorial manipulation of two different forms of variability, commencing first with its impact 

on near transfer effects.The first manipulation involved content related features: fixed vs. 

varied tasks and stimuli (content, hereafter).  Specifically, in the fixed content groups, 

participants were exposed to the same tasks and stimuli throughout the training blocks 

whereas in the varied content conditions, two new tasks and two new sets of stimuli were 

introduced on each experimental block.  The second manipulation involved variability in one 

aspect of the task’s structural features: whether the two tasks were ordered in a predictable 

manner vs. random task order.  The factorial combination of these manipulations yielded four 

groups: (1) Fixed content/fixed structure; (2) Fixed content/varied structure; (3) Varied 

content/fixed structure, and (4) Varied content/varied structure condition. To assess training 

outcomes, baseline and post-test transfer measures were administered. In the post-training 

phase, four novel switching tasks (two novel tasks per block) were introduced, one block with 

the (same) fixed structure and another block with a random structure. As the study aims to 

pinpoint to the detrimental effects of repetition (practicing the same task repeatedly), a more 

conservative strategy of showing that repetition can be costly even in a short-term training 
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was undertaken. Moreover, given unpublished evidence that maximal near-transfer effects do 

not necessarily require lengthy training (Meiran, Pereg & Shahar, 2015) and the ample of 

meta-analysis studies pointing to the absence of dosage modulating effects (Karbach & 

Verhaeghen, 2014; Karr et al., 2014; Melby-Lervåg & Hulme, 2013; Peng & Miller, 2016; 

Soveri et al., 2017), all training was restricted to one session. 

When considering the variability manipulation, targeting both content and structure 

properties, two distinguishable levels of regularity are constructed, thus leading to two 

possible predictions: 

1) Predictions for content: In the training phase (Block 2-8), better in-task practice 

gains for the fixed content vs. varied content conditions will be observed, as 

indicated by a decrease in response times on both switch and repeat trials. 

However, in the transfer blocks (Block 9 and 10), task switching performance in 

the fixed content group is expected to suffer once new tasks and stimuli are 

presented, as stimulus consistency in the training phase allows more bottom-up 

concrete form of learning, limited solely to the introduced stimulus and 

corresponding responses (Miller & Cohen, 2001). 

2) Predictions for structure:  In the training phase (Block 2-8), better in-task practice 

gains on both switch and repeat trails are predicted in the fixed structure conditions 

as compared to the varied structure conditions because structure consistency 

enables task preparation. This is in line with existing evidence that better 

performance on both repeat and switch trials is observed when foreknowledge is 

available about the task sequence as compared to random task switching 

conditions (e.g.,  Monsell et al., 2003; Sohn & Anderson, 2001). Presumably, even 

better training outcomes (on both switch and repeat trials) would be observed in 

the fixed structure/varied content condition. 
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Paradoxically, in the fixed structure condition, higher transfer costs will eventuate 

when transferred to a random task structure (Block 10; e.g., Pereg et al., 2013). 

This can be in part predicted by the possibility that an acquired verbalization 

strategy during training in the fixed order condition to prepare for the upcoming 

task (e.g., covert verbalization, cf. Goschke, 2000) might then result in 

performance costs when transferred to random task order in the transfer blocks 

(see also Karbach et al., 2010; Kray & Fehér, 2017). In contrast, in line with the 

suggestions from literature on practice, it is assumed that training with random 

structure would lead to higher transfer gains, possibly manifested on both repeat 

and switch trials. Optimal outcomes were predicted after training with varied 

content\varied structure condition. Possible advantage for variable over fixed 

(fixed) structure in task switching can in part be attributed to processing demand 

differences when confronted with predictable and unpredictable task switches. For 

example, it has been suggested that random task switching paradigms involves 

relaxed engagement of endogenous control, thus fostering more flexible forms of 

control whereas more rigid control patterns are observed in predictable task 

switching (Mayr & Kliegl, 2000; Stephen Monsell et al., 2003).  In particular, 

predictable task switching conditions invoke more conservative manners of 

control, biasing task activation\inhibition to one task or the other, thus contributing 

to a higher switch cots and inability to flexibly adjust to unexpected events 

(Monsell et al., 2013; Goschke, 2000).  In random task switching, a more flexible 

top-down control management of task bias seems to be at work, as suggested by 

the usually lower observed switch costs in such conditions (Andreadis & Quinlan, 

2010). 
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Method 

Participants  

157 Regensburg University students (17 males and 124 females; Mage=22.14, SDage=2.28) 

were randomly assigned to one of four experimental groups: (a) Fixed Content/Fixed 

Structure condition (FC/FS; N= 38); (b) Fixed Content/Varied Structure condition (FC/VS; 

N= 40); (c) Varied Content/ Fixed Structure condition (VC/FS; N=40) and (d) Varied 

Content/Varied Structure condition (VC/VS; N=39). Participants were compensated with 

either one-hour credit point as partial fulfilment of their studies’ requirement (N= 33) or were 

paid 6€ (N=124). All participants reported having normal or corrected-to-normal vision and 

gave written consent prior to their participation in the study. 

Stimuli and Apparatus  

All experimental tasks were programed in E-prime (Psychology Software Tools, Pittsburgh, 

PA, USA). The experiment was controlled by Dell computer with 19” flat screen. 

Training and transfer tasks - task switching.  For the purpose of the current study, a modified 

un-cued task-switching paradigm (employing univalent stimuli affording a single task) was 

utilized, encompassing solely mixed-task blocks. Participants were asked to switch between 

two task rules, by classifying either picture stimuli (Task Rule 1) or word stimuli (Task Rule 2) 

to a corresponding category. In total, 10 different task pairs were devised, each composed of 

two task rules, one for pictures and one for words, and they were labelled alphabetically (see 

Table 1). For each task rule, eight stimuli were used (four stimuli for each category) that were 

assigned to either a left response key (y) or right response key (m) on a QWERTZ-keyboard, 

depending on the respective category. The response keys were fixed across all tasks.  For 

example, in Pair A, participants were instructed to indicate whether a presented set of pictures 

were summer- or winter-related (Task Rule 1) or whether the presented words denoted a female 

or male name (Task Rule 2). Summer-related pictures and female names were assigned to the 

right response key whereas winter related pictures and words denoting male names were 
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assigned to the left response key. The stimuli in each category were exclusive to each task.1 

Pairs A-H served as the training tasks whereas Pairs I-J were the transfer tasks. The pictorial 

stimuli were sized 1.57” x 1.18” whereas the word stimuli were printed in 30px Calibri Light 

font. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
1 We used univalent stimuli and non-interfering task rules for two reasons: Given the 

complexity of the design we did not want to include another factor (i.e., task rule 

congruency). Moreover, if we had used bivalent stimuli, we would have needed an additional 

task cue at least for the group with varied structure which would have made the comparison 

between these groups more difficult. Note that there is broad evidence that univalent stimuli 

also produce reliable switch costs, especially when introduced with the corresponding task 

rule (e.g., Dreisbach et al., 2007; Dreisbach, 2012).     
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Table 1. Task rules used in the training and transfer blocks. The order of pairs B-H was 

counterbalanced across participants. In the fixed content groups, Pair A from baseline was also 

used in all experimental blocks. Pairs, I and J were the same for all groups.     

 

 

 

Pair  

Task Rule 1 

(Pictorial) 

Task Rule 2 

(Words) 

Pair A 

(Baseline, the same for all 

groups) 

Is it summer or winter 

related? 

Is it a man’s or woman’s name? 

Pair B Is it sea or land  

transportation? 

Can it be seen or heard? 

Pair C Is it vegetable or fruit? Is it black or white material? 

Pair D Is it shoes or body parts? Is it alcoholic or non-alcoholic 

drink? 

Pair E Is it mammalian or bird? Is it old or new invention? 

Pair F Is it a cat or dog? Is it located in Asia or Europa? 

Pair G Is it clothes or furniture?  Is it sweet or salty? 

Pair H Is it an electronic device 

or road sign? 

Is it a hot or a cold meal? 

Pair I 

Fixed structure (same for 

all groups) 

Is it a musical or a sports 

instrument? 

Is it a flower or tree? 

Pair J 

Varied structure (Same 

for all groups) 

Is it found in the kitchen 

or in the office? 

Is it heavy or light? 
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Procedure   

Participants were randomly assigned to one of the four groups (FC/FS, FC/VS, VC/FS and 

VC/VS), attended a 45 minutes experimental session of one baseline block, seven training 

blocks and two transfer blocks. On the baseline block, all participants performed pair A with 

task sequence corresponding to the designated structure condition (e.g., participants assigned 

to VS condition performed a random task sequence).  Consecutively, in the fixed content 

conditions, participants received the same pair of task rules (pair A) across the 8 training 

blocks while in the varied content conditions, new pairs of task rules (task pairs B-H; see 

Table 1) were introduced in each block. Moreover, in the fixed structure conditions, switching 

between task rules was predictable, occurring on every second trial (alternating runs: Rule 1 – 

Rule 1 – Rule 2 – Rule 2- …). In contrast, in the varied structure condition, switching 

between tasks rules occurred randomly, controlling for both switch rate (~ 50%) and stimulus 

appearance frequency.       

In the transfer phase, all participants received new pairs of task rules in two separate 

blocks. The first testing block consisted of Pair I (see Table 2) with the fixed structure. In the 

second transfer block, Pair J with a random structure was used. Trial and block procedure 

remained the same as in the training blocks. 

A block started with two instructional slides, followed by 8 practice trials. Thereafter, 

a block of 64 experimental trials started, ending with a feedback slide with the percentage of 

total correct responses and mean reaction time. On each trial, participants were presented with 

a fixation cross for 500 ms, followed by randomly selected stimulus that remained on screen 

either until a response was given or until 3,500 ms had elapsed. Feedback was only presented 

for errors or too slow reaction times (slower than 3,500 ms). 
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Results 

Four participants were excluded from analysis (one participant in the FC/FS condition, one 

participant in the FC/VS condition and two participants in VC/VS condition) due to 

exceptionally high error rate on either the baseline or transfer blocks (above 20% as compared 

to a mean error rate of the remaining sample of 4%). For reaction-time (RT) analysis, practice 

trials, trials deviating 3 SD from the groups mean in each block and trial type, erroneous 

trials, trials following an error as well as the first experimental trial of each block were 

discarded (11%). To look for potential initial differences between the training groups, 4X2 

analysis of variance (ANOVA) was conducted just for the baseline block, with trial type 

(Repeat or Switch) as within-subjects factor and group (for this analysis, the between-

participant independent variables content and structure were entered into the analysis as one 

group factor with four levels as between-subjects factor). The results revealed the typical 

switch cost pattern (Mean repeat= 567 ms; Mean Switch= 612 ms), F(3, 149) = 162.55, p < 

.001, with no significant difference between groups, F(3, 149) = .753, p = .74. Also, group did 

not interact with trial type, F(3, 149) = .27, p = .85.  These results give legitimacy for the core 

analyses described below.
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Fig.1 Mean RTs in ms as a function of trial type in blocks 1-10 in the four groups. Block 1 is the baseline block, Block 9 is the first transfer block 

with a fixed structure (FS), Block 10 the second transfer block with varied structure (VS). Error bars represent standard errors of the mean 
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Training Performance (Blocks 1-8) 

 

Figure 1 presents mean RTs over all (training and transfer) blocks. To examine the unique 

contribution of each of the manipulated variability dimensions on training performance, a 

four-way analysis of variance was performed, with block (1-8) and trial type (repeat, switch) 

as within subject variables and content (varied/fixed) and structure (varied/fixed) as between 

subject factors. The results of this analysis are presented in Table 2. The results revealed a 

significant main effect for block, pointing to generally decreasing RTs from block 1 to 8 (589 

ms vs. 550 ms). Likewise, a significant main effect was obtained for trial type, showing the 

typical switch costs (Mean repeat= 546 ms; Mean switch= 587 ms). Moreover, the between 

factor content was significant.  Participants took generally longer to respond with varied 

content than with fixed content (Mean varied= 599 ms; Mean fixed= 534 ms). By contrast no 

significant main effect was found for the between factor structure (Mean varied= 563 ms; 

Mean fixed= 570 ms). Likewise, structure did not interact with any other factor (See Figure 

1). The two-way interactions between block and trial type, block and content, trial type and 

content were further qualified by a higher order interaction between block, content and trial 

type. As can be seen in Figure 2, this interaction can be explained by the distinct switch cost 

pattern that was attained in the fixed vs. varied content condition with training progression.  

While a consistent reduction in switch costs was observed in the fixed content condition along 

the blocks, with switch costs being significantly lower in the last when compared to the 

baseline block, a fluctuating pattern was noted in the varied content condition. Furthermore, 

unlike the varied condition, a drastic decrease in switch costs is observed in the fixed 

condition already in the second block, suggesting content specific learning F(1, 151) = 4.46, p 

< .05, ηp
2 = 0.03 (See Figure 2).   
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Table 2. ANOVA results for RTs differences between baseline and transfer  

  

Statistic 

 

p value 

 

Effect Size 

(ηp
2) 

Group  F(3, 149) = .40 .75 .008 

Trial Type  F(1, 149) = 206.81 <.001*** .58 

Block F(2, 298) = 2.98 .05 .02 

Group X Block F(6, 298) = 2.71        <.05* .05 

Trial Type X Group F(3, 149) = 1.68 .17 .03 

Trial Type X Block F(2, 298) = 6.31 <.01** .04 

Group X Block X Trial Type F(6, 298) = 1.61 .14 .03 
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Fig. 2 Mean switch costs in the fixed content conditions (left panel) and varied content conditions (right panel) as a function of block. Error bars 

represent standard error of the mean.   
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Transfer Costs and Gains    

To estimate transfer gains and/or costs, difference scores were calculated by subtracting RT 

values of the transfer blocks, (Block 9 and Block 10, respectively) from Baseline RTs (Block 

1) for switch and repeat trial separately (see Table 3 for the respective mean RTs). That way, 

positive values will show transfer costs and negative values transfer gains. To assess the role 

of structure and content on performance differences in the transfer blocks in comparison to 

baseline performance, four-way analysis of variance was conducted, with block (9-10), 

corresponding to fixed vs. random task order) and trial type (repeat, switch) as within subject 

variable and content and structure (during training) as between subject factors (See table 4 for 

the full ANOVA table). As in the training phase, a significant main effect was found only for 

content but not for structure. Interestingly, in the transfer blocks, the varied content group 

showed transfer gains, as evidenced by a modest overall reduction in RTs (-13 ms) whereas in 

the fixed content group, overall transfer costs were found (24 ms). Additionally, a significant 

two-way interaction Content X Trial type was found:  In the varied content condition, transfer 

gains were higher for switch than for repeat trials and in the fixed content group the transfer 

costs were higher for switch than repeat trials (see Figure 3). A significant main effect was 

found for block, showing generally higher transfer costs in the second transfer block with 

random structure, 12.0 ms, as compared to the first transfer block, -1.3 ms, with fixed 

structure.  
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Table 3. ANOVA results for RT values in the training phase (Blocks 1-8)  

  

Statistic 

 

p value 

 

Effect Size 

(ηp
2) 

Content  F(1, 149) = 36.15 < .001*** .19 

Structure  F(1, 149) = .38 .54 .002 

Block F(7, 1043) = 10.65 < .001*** .07 

Trial Type F(1, 149) = 321.72 < .001*** .68 

Content*Structure  F(1, 149) = .32 .57 .002 

Block*Structure  F(7, 1043) = .19 .99 .001 

Block*Content  F(7, 1043) = 10.77 < .001*** .07 

Trial Type*Block F(7, 1043) = 2.2 < .05* .01 

Block*Content *Structure  F(7, 1043) = .56 .79 .004 

Trial Type*Structure  F(1, 149) = 1.51 .22 .01 

Trial Type*Content  F(1, 149) = 14.8 < .001*** .09 

Trial Type*Content *Structure  F(1, 149) = .27 .60 .01 

Trial Type*Block*Content  F(7, 1043) = 2.95 < .01** .02 

Trial Type*Block*Structure  F(7, 1043) = 1.01 .43 .007 

Content *Structure *Block*Trial 

type 

F(7, 1043) = 1.58 .14 0.01 
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Fig3. Transfer costs (positive values) and gains (negative values) in the fixed and varied 

content conditions as a function of trial type. 

Error Data. Overall, participants made very few errors (4%). We analyzed these 

results with an ANOVA of Block X Trial type X Structure X Content that indicated just a 

main effect block, F(9, 1341) = 2.85, ηp
2 = .02.  This effect shows that participants made 

slightly more errors in the training and transfer blocks when compared to baseline 

performance (Mean error rate in block 1: 3%, in blocks 8-10: 4% each). All other main effects 

and interactions were not significant (all F < 1.65, all p > .09). For a full table of mean error 

rates per block and condition, see supplementary material for study1. Additionally, it is worth 

noting that we did not observe any indication for speed accuracy trade-off in the critical RT 

findings.
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Discussion 

Maximizing transfer effects is one of the major concerns of CT research. Yet, evidence for 

learning generalization following CT remains controversial. Thus, deciphering the underlying 

mechanisms that might promote learning generalization has valuable implications for the 

future of cognitive training.  

In the general literature on practice, practice variability has been suggested to be a 

major moderator for training transfer. Nevertheless, regimented examination of the key 

aspects of variability how it can improve transfer effects in EF training remained limited. 

Accordingly, the current study examined different facets of variability in short-term task 

switching training.  Specifically, we employed manipulations related to two possible task 

dimensions: task content and task sequence content and structure. (structure feature). Hence, 

two critical predictions were made regarding both  

To manipulate content variability, participants responded to either the same stimuli 

repeated or varied them.  To manipulate structural variability, participants trained with either 

fixed or random task sequences.  Short-term training effects were evaluated by measuring 

training and transfer performance in the course of a single session. Following a baseline 

assessment, participants completed seven training blocks and two transfer blocks.  The latter 

involved two novel tasks with fixed and random task sequence, respectively. We predicted 

that content/structure variability would result in a shallow learning curve in the training phase 

but better transfer.  Our results show that in the training phase, significant main effect was 

found for content variability but not for structure variability. Specifically, participants in the 

varied content conditions showed slower RTs when compared to the fixed content condition 

and did not improve during the training phase. Importantly, significant three-way interaction 

was found between block, trial type and content condition. Whereas notable decrease in 

switch cost along the training blocks was obtained in the fixed content conditions, no 

noteworthy improvements in switch cost were observed in the varied content conditions. In 
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the transfer phase a significant main effect was obtained only for content variability training, 

whereas there were no significant effects involving structure variability training.  

Interestingly, on novel tasks, transfer gains were noted in the varied content conditions, 

showing an overall reduction in RTs with a more pronounced acceleration on switch as 

compared to repeat trials. In contrast, transfer costs were observed in the fixed content 

conditions as reflected by general increase in RT, procuring slower RTs on switch as 

compared to repeat trials. Hereafter, we discuss the results for content and structure variability 

separately, addressing their impact on learning and transfer. Ultimately, the study implications 

for the realm of cognitive training are discussed.         

As postulated, in the training phase, fixed content triggered more rapid learning and 

larger in-task improvement when compared to the varied content training condition. In the 

transfer phase however, undergoing training with fixed content conditions entailed 

performance costs as soon as novel tasks were introduced.  This paradoxical learning-transfer 

outcome is in agreement with Schmidt and Bjork (1992), who emphasized a distinction 

between learning and performance. As pointed out by these authors, it seems that training 

conditions that facilitate rapid learning during practice hinder performance on consecutive 

novel tasks. These authors further proposed that practice variability is one means to boost 

retention and promote transfer either by means of enabling more abstract higher order 

learning that is not restricted to a set of S-R mapping and/or relaxing the process of task 

shielding occurring during task repetition (Dreisbach & Wenke, 2011; Miller & Cohen, 2001). 

Indeed, as we have shown, varied task content seems to at least reduce one core threat for 

cognitive training, namely negative transfer.       

Contrary to our prediction, no significant effect was found for task sequence 

variability (structure feature), either in the training or in the transfer phase. Additionally, 

unlike Pereg et. al. (2013), the transition from a fixed structure composition during training to 
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a random structure on the second transfer block did not generate any additional cost. This lack 

of any modulating effect of task sequence in the training phase is perplexing, because one 

would expect that introducing predictable task sequence would allow task preparation and 

would thus enhance learning.  This is especially true when creating structure has been 

suggested to be incidentally acquired, even when it is not necessary (Collins & Frank, 2013; 

Koch, 2005; Stephen Monsell et al., 2003). One possible explanation for the results may relate 

to our utilization of univalent stimuli that can only be executed in one task.  Such stimuli may 

lead participants to avoid higher-order structure learning, rather embracing a waiting strategy, 

relying on bottom-up task-cuing (stimulus priming).  However, there is an alternative view 

that structure exploitation is a natural tendency in human cognition.  Such a pattern enables 

rule abstraction and generalization, and it is found even in simple tasks that do not require it 

(Collins & Frank, 2013; Gershman & Niv, 2010). The present results cannot provide any 

definite answer as to what is the exact reason for the lack of structure-variability effects, and 

this remains a question for future research.  

The aforementioned coupling of lack of observable learning in the training phase 

leading to improved transfer coincides with previous argumentations that disrupting learning 

can in fact enhance transfer to novel contexts (Lin et al., 2010; Shea & Morgan, 1979; Simon 

& Bjork, 2001). Consequently, our results call into question the validity of the widely used 

research practice in which the efficiency of training protocols is initially tested by training 

effects.  A related approach is known as “correlated gains” in which practice efficiency is 

validated by establishing a correlation between learning gains and transfer gains (e.g., 

Baniqued et al., 2015; Zinke et al., 2012). Instead, in his valuable commentary, Seitz, (2017) 

addresses the criticality of reconceptualizing learning, taking into account its different facets 

and the conditions of its joint emergence, as inadequate conceptualizations result in failure to 

detect potential generalization.  
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 Our additional attempt of unravelling the source of training costs and gains in the 

experimental conditions has yielded a noteworthy observation. As can be seen in Figure 3 

(left panel), conjoint costs were found on both repeat and switch trials in the fixed content 

condition. In contrast, a rather specific gain was found on switch trials in the varied content 

condition (Fig. 3 right panel), driving in turn the main effect of content variability. 

Consequently, dissociating repeat and switch costs/gains seemed to be a differentiating 

marker for transfer outcomes even though no modulation on the level of switch costs was 

found. Such observation is significant, because in previous work the only outcome indices for 

task switching training evaluation were mixing and switching costs.  

    In line with Minear & Shah (2008), no indications for transfer effects have been found in 

terms of switching costs. Rather, we found moderate overall latency transfer gains with higher 

gains on switch trials when compared to repeat trials. This might fit with observations of 

previous studies, suggesting that switching costs seem less susceptible to training where 

training gains are more strongly pronounced on the general level of performance in the task-

switching block.  Such benefit would thus be reflected in mixing costs, i.e., the costs 

associated with being in a mixed task block as compared to when the block involves one task 

only (Pereg et al., 2013; Strobach, Liepelt, et al., 2012; Zinke et al., 2012). Nonetheless, we 

cannot rule out the possibility that a higher training dosage would have influenced switch 

costs too, especially given the claims that low training dosage is insufficient to induce “plastic 

changes” (Klingberg, 2010; Lövdén et al., 2010). 

In sum, the current results directly support the notion of variability as a key factor that 

impacts the effectiveness of CT regimens, suggesting that “more can be less”. It further 

highlights the need for comprehensive examination of the conditions that encourage transfer 

that would enable designing effective CT regimens.         
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STUDY II 

Enhancing Task-Demands Disrupts Learning but Enhances Transfer Gains in Short-

Term Task Switching Training 

 

Abstract 

Content variability was previously suggested to promote stronger learning effects in cognitive 

training whereas less variability incurred transfer costs (Sabah et al. 2018).  Here, we 

expanded these findings by additionally examining the role of learners' control in short-term 

task-switching training by comparing voluntary task-switching to a yoked control forced task-

switching condition. To this end, four training conditions were compared: (1) forced fixed 

content, (2) voluntary fixed content, (3) forced varied content, and (3) voluntary varied 

content. To further enhance task demands, bivalent stimuli were used during training. 

Participants completed baseline assessment commencing with task-switching and verbal 

fluency blocks, followed by seven training blocks and last by task-switching (near transfer) 

and verbal fluency (far transfer) blocks, respectively. For the baseline and transfer task-

switching blocks, we used the exact same baseline and first transfer block from Sabah et al. 

(2018) employing univalent stimuli and alternating-runs task sequence. Our results pointed 

again to the contribution of content variability to task-switching performance. No indications 

for far transfer were observed. Allowing for learners' control was not found to produce 

additional transfer gains beyond content variability. A between-study comparison suggests 

that enhanced task demands, by means of bivalency, promoted higher transfer gains in the 

current study when compared to Sabah et al. (2018). Taken together, the current results 

provide further evidence to the beneficial impact of variability on training outcomes. The lack 

Sabah, K., Dolk, T., Meiran, N. & Dreisbach, G. Enhancing task-demands disrupts learning 

but enhances transfer gains in short-term task-switching training. Psychological 

Research (2020). https://doi.org/10.1007/s00426-020-01335-y 

https://doi.org/10.1007/s00426-020-01335-y
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of modulatory effect for learners' control is discussed in relation to possible methodological 

limitations. 
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Introduction 

Cognitive or “brain” training has evoked a heated debate regarding its effectiveness in 

inducing compelling and generalizable improvements in cognitive functions. In fact, recent 

meta-analyses show that there is no strong evidence for the transferability of training-related 

benefits to structurally different tasks (i.e., far transfer) or real-life situations (e.g., Dougherty, 

Hamovitz, & Tidwell, 2016; Melby-Lervåg, Redick, & Hulme, 2016; Soveri, Antfolk, 

Karlsson, Salo, & Laine, 2017). Nonetheless, consistent results support the occurrence of 

transfer to novel structurally similar tasks (i.e., near transfer; Karbach & Verhaeghen, 2014; 

Schwaighofer, Fischer, & Bühner, 2015). Consequently, and given the significant clinical and 

social implications of cognitive interventions, it seems warranted at this point to step back to 

reflect upon and examine the underlying mechanisms for Cognitive Training (CT) 

effectiveness. For example, recent attempts have introduced the notion of variability as a 

possible moderator for learning generalization (e.g., Karbach & Kray, 2009; Sabah, Dolk, 

Meiran, & Dreisbach, 2018). Findings indicate that the so far undertaken approach in CT 

studies of doing more of the same (i.e., task repetitiveness), seems to have transfer costs. That 

is, repetitive practices actually seem to perpetuate rigid behavioral patterns (Sabah et al., 

2018).  

Specifically, Sabah et al. (2018) observed that manipulating content variability in 

short-term task switching training (tasks and stimuli either changed in every block or 

remained the same throughout the training phase) counteracted the potentially deteriorating 

effects of repetitive training. Interestingly, a dissociation between learning and transfer has 

been revealed: Participants who practiced the same two tasks throughout training (i.e., fixed 

content condition) showed a steep learning curve but also showed significant transfer costs 

when confronted with two new tasks. Conversely, participants who received varying training 

tasks (i.e., varied content condition) showed a much flatter learning curve but critically 

smaller transfer benefits rather than costs. As such, we concluded that (1) training benefits are 
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not a valid proxy for successful transfer, and (2) increased task demands during training 

prevent transfer costs. Here we aim to expand this line of research: First, we drew on these 

prior results as well as on the possible added value of higher task interference demands during 

training for transfer (Schmidt and Bjork, 1992). That is, unlike our previous study, in which 

univalent stimuli were used (a given stimulus was unequivocally associated with only one 

task), here we aimed to increase between task interference and thus task demands by always 

presenting two stimuli, one of each ask on a given trial. The idea is that this presentation 

mode would require top-down cognitive control, namely, knowing which task is currently 

required and would thus increase task engagement and reliance on cognitive control 

processes. 

Moreover, and for the first time, we aimed at examining another possible moderator 

for determining the efficacy of cognitive training outcomes: learners’ control. While so far 

the literature on cognitive training has focused on external features pertaining mostly to 

training design, less focus has been given to intrinsic features related to the trainee himself, 

such as motivation, cognitive abilities, beliefs, expectancies, and self-generated goals. 

Surprisingly, some of these factors like motivation have rather been treated as an undesirable 

confound (e.g., Jolles, van Buchem, Rombouts, & Crone, 2012; Morrison & Chein, 2011). 

This state of affairs is surprising given the empirical evidence and theoretical models linking 

the aforementioned internal states and individual differences to learning and transfer (e.g., 

Ackerman, 1987; Baldwin & Ford, 1988; Bürki, Ludwig, Chicherio, & de Ribaupierre, 2014; 

Quiñones, 1995;  Ruona, Leimbach, Holton & Bates, 2002). We thus strived to investigate 

whether granting trainees control over their practice schedule would benefit learning. To this 

end, we used a task-switching paradigm, allowing us to manipulate training variability in 

terms of content (i.e., stimuli and task rules) as well as trainees’ control over the task 

sequence. Training variability was achieved by using new task rules and stimuli in each 

training block (as compared to repeating the same task rules throughout the blocks) as in 
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Sabah et al. (2018). Trainees’ control was manipulated by comparing the more standard 

instructed task-switching paradigm with the voluntary task-switching paradigm where 

participants have to choose themselves which of two available tasks to perform on each trial 

(Arrington & Logan, 2004, 2005).  

Passing the Torch: Considering Learners’ Role in Cognitive Training 

The recognition that a learner is more than just a passive recipient but rather an active 

agent has long been central to learning and cognitive theories such as constructivism theories, 

cognitive flexibility theory and multiple intelligences theory (e.g., Gardner, 1987; Piaget, 

1980; Spiro & Jehng, 1990; Vygotsky, 1986). These ideas have unsurprisingly inspired many 

instructional approaches (e.g., Bell & Kozlowski, 2008; Chiviacowsky, Wulf, Lewthwaite, & 

Campos, 2012; Mayer & Moreno, 2003). 

 Despite the remarkable body of literature on learners’ control giving evidence to its 

contribution to learning outcomes across domains, the topic in the realm of CT remains 

underappreciated. This is quite intriguing when considering the fact that the most promising 

training outcomes with wider transfer effects are attributed to video gaming training (Al-

Hashimi et al., 2013; Colzato et al., 2010; Shawn Green & Bavelier, 2003; Olfers & Band, 

2018). After all, aside from the favorable environmental variability embedded within video 

gaming platforms, learners’ control might also play an additional and critical component 

contributing to the beneficial training outcomes.  

Why should learners’ control be beneficial for cognitive training in the first place? In 

our understanding, possible benefits are grounded mainly on CT’s interlink to the notion of 

desired difficulty – highlighting the paradox of mental effort (Bjork, 1994; Dougherty et al., 

2016; Inzlicht, Shenhav, & Olivola, 2018; Schmidt & Bjork, 1992). According to this 

paradox, while engagement in highly demanding cognitive tasks appears to be costly and 

aversive, a certain amount of difficulty is actually desirable and promotes better long-term 

learning outcomes (Bjork & Bjork, 2009; Healy, Kole, & Bourne, 2014; Schneider, Healy, & 
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Bourne, 2002). This in turn seems very relevant to CT when considering the costly and 

aversive nature of cognitive effort, markedly manifested in training protocols, such as those 

targeting highly demanding processes of working memory (WM), inhibition of automatic 

tendencies and switching between tasks (Braver, 2012; Kool et al., 2010; Stephen Monsell, 

2003; Westbrook et al., 2013). Hence, it is postulated that learners’ control might allow 

individualized, strategic and flexible adaptation of effort allocation. This prevents depletion 

while at the same time maintaining a desired level of difficulty to avoid boredom, thereby 

allowing learning to occur (e.g., Ackerman, 1987; Inzlicht, Schmeichel, & Macrae, 2014; 

Kinzie, 1990; Muraven, Shmueli, & Burkley, 2006; Navon & Gopher, 1979; Paas, Tuovinen, 

Van Merriënboer, & Darabi, 2005). Similarly, it has been suggested that deliberate and self-

initiated practice rather than merely repetitive extended practice underlies expert behavior 

(Ericsson et al., 1993). This claim is based on the observation that skill acquisition requires by 

itself only limited amount of practice with individuals reaching a performance asymptote 

quite rapidly without additional improvement hereafter (i.e., automaticity; Anderson, 1982; 

Fitts & Posner, 1967). In contrast, the “deliberate practice” framework emphasizes the role of 

high motivation for seeking demanding tasks as well as engagement in self-monitoring 

processes (e.g., error identification and correction) to overcoming automaticity and supporting 

progressive learning and improvement (Ericsson, 1992, 2006, 2008).       

Should I Stay or Should I Switch: Considering Voluntary Task-switching in Training 

Cognitive Flexibility 

Task-switching ability, widely considered as a marker of cognitive flexibility, is 

measured by the costs incurred in response times and accuracy when switching as compared 

to repeating cognitive tasks (for reviews, see Kiesel et al., 2010; Monsell, 2003; 

Vandierendonck, Liefooghe, & Verbruggen, 2010). Task-switching has also become central 

to cognitive enhancement studies  (e.g., Karbach & Kray, 2009; Karbach, Mang, & Kray, 

2010; Kray & Fehér, 2017; Minear & Shah, 2008). One advantage of the Task-switching 
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paradigm is that it can help us gain a better understanding of the variables moderating training 

outcomes, such as training variability (Karbach & Kray, 2009; Minear & Shah, 2008; Sabah 

et al., 2018). Moreover, it allows to investigate an important additional moderator, learners’ 

control. To allow for this, the voluntary Task-switching paradigm was used, enabling 

participants to voluntarily choose on any given trial which task they want to perform 

(Arrington & Logan, 2004). Moreover, given that participants themselves have to decide 

which task to execute on any given trial, the VTS paradigm engages participants in goal 

setting and thus in a relatively more active self- regulated processing (Arrington & Logan, 

2004), which is arguably integral to learning and transfer.   

As stated above, in our previous study (Sabah et al., 2018), content variability in task 

switching was shown to undermine the costly outcomes of repetitive training. Despite the 

observed improvement in task switching performance across the learning blocks, participants 

in the fixed content condition, produced transfer costs. In contrast, participants in the varied 

content condition seemed to have benefitted from content variability, however in the absence 

of improvement during learning. From here, this dissociation between learning and transfer 

performance falls in line with previous suggestions that advocate “desired difficulty” 

manipulations, such as content variability, to promote better learning generalization (Schmidt 

& Bjork, 1992). 

Expanding our previous line of research, we strived to examine here whether (a) 

additional benefits would arise when increasing between task interference during training and 

allowing for learners’ control in the varied content condition and, (b) whether negative transfer 

costs would be prevented in the fixed content condition by the same means (increased 

interference, allowing for learners’ control). To this end, we ran a CT-task-switching study and 

manipulated content variability and whether the tasks were voluntarily chosen. We thus 

compared four conditions: (a) Voluntary varied content (voluntary VC), (b) forced varied 

content (forced VC), and (c) voluntary fixed content (voluntary FC), and (d) forced fixed 
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content (forced FC). For the forced conditions, a yoked control procedure was followed2.  

Specifically, pre-post Task-switching performance was examined (near transfer measure), 

introducing untrained task stimuli and rules as well as a distinct task sequence (alternating runs, 

e.g., with Tasks A and B the sequence was AA-BB-AA…) on both the baseline and transfer 

blocks. Similarly, far transfer effects were examined using the verbal fluency task, a measure 

of cognitive flexibility that has a switching element (e.g., Troyer, Moscovitch, & Winocur, 

1997; Troyer, Moscovitch, Winocur, Alexander, & Stuss, 1998). Specifically, we predicted the 

following: 

1) For content variability manipulation, we expected to replicate and extend our 

previous findings, pointing to the advantage of content variability training over 

fixed content condition, reflected in better task-switching performance in near 

transfer coupled with less improvement during training (Sabah et al., 2018).  The 

novelty here is that we also examined whether there would be far transfer effects 

seen in verbal fluency.   

2) Allowing learners’ control in Task-switching training was predicted to promote 

additional transfer benefits in the voluntary VC when compared to forced VC 

condition. Additionally, we aimed to explore whether the increased task demands 

due to increased task interference during training (bivalency) would diminish the 

transfer-costs in Task-switching performance which we observed before (Sabah et 

al., 2018) in the fixed-content group. To this end, the results of the current study 

will be compared to those obtained by Sabah et al. (2018).  

Finally, even though not being part of our main question, the design allows to explore 

training effects on the voluntary switch rate as a function of varied vs. fixed content. Given 

 
2 Yoked control means that for every participant in the voluntary switching groups, we created 

a “forced twin” that received the exact same task sequence. That way we made sure that the 

respective groups only differ with respect to the voluntary aspect of task choice.  
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the evidence for bottom-up (e.g. Mayr & Bell, 2006) and context effects (Fröber & Dreisbach, 

2017) on voluntary task-switching, one may predict higher switch rates when stimuli and 

tasks change in every block. On the other hand, given the literature on motivation and 

boredom one could predict the opposite, namely increased switch rates when stimuli and tasks 

never change (Inzlicht et al, 2014).  

Methods 

Participants  

One hundred and sixty Regensburg University students (16 males; Mage = 22.9, 95% CI [22, 

23]) were compensated with either one-hour course credit (n = 21) or were paid 6€ (6.89$; n = 

99). All participants reported having normal or corrected-to-normal vision and gave written 

consent prior to their participation in the study. 

Apparatus  

All experimental tasks were programed in E-prime (Psychology Software Tools, 

Pittsburgh, PA, USA). The experiment was controlled by Dell computer with 19” flat screen.  

Verbal fluency task (baseline and transfer).  Stimulus presentation and response 

recording were computerized. Vocal responses were collected using an external voice 

recorder (TASCAM linear PCM recorder DR-05). The test began with a general instruction 

slide, which was followed by two test blocks. Participants were instructed to produce as many 

words that start with the target letter in 60s while avoiding proper names, same stem words, 

verb conjunctions or numbers. Participants were presented with two letters (either F, B or N, 

T), one in each block. We counterbalanced (between participants) the assignment of letter-

pair to blocks (e.g., whether F-B were presented in Block 1and N-T in Block 2 or vice versa) 

and also counterbalanced the order of letters (e.g., F→B or B→F) within the block. (It is 

worth noting that the chosen letters were validated in German where each pair consisted of 

one hard and one easy item; see Schmidt et al., 2017). Each test block started with a screen 

asking participants to press the space-bar button when ready to perform the first task, 
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followed by a visual and auditory presentation of the target letter for 1000 ms. A presentation 

of a one-minute sand clock followed, indicating the remaining time.    

Task-switching (baseline, transfer and training). In total, nine different task pairs 

were employed, each composed of two task rules, one for pictures and one for words stimuli 

(See Table 1). The pictorial stimuli were sized 1.57” x 1.18” whereas the word stimuli were 

printed in 30px Calibri Light font. For each task rule, eight exclusive stimuli were used (four 

stimuli for each category) that were assigned to either a left response key (z or n) or right 

response key (x or m) on a QWERTZ-keyboard, depending on the respective category. The 

response key assignment to a given category was counterbalanced across participants. A 

modified version of the task-switching paradigm was used, including solely mixed blocks. 

Baseline and transfer. In baseline and transfer we used a predictable task order of 

alternating runs (task sequence Picture-Picture-Word-Word… etc.), with univalent stimuli 

(when the task involved a picture, only a picture was presented, and when it involved a word, 

only a word was presented).  We used the exact same baseline (Pair A) and transfer (Pair I) 

tasks as in Sabah et al (2018).  

Training. The stimuli were bivalent (involving the simultaneous presentation of a 

picture and a word).  For a given participant, stimuli pertaining to the one rule were constantly 

presented above and stimuli pertaining to the other rule were presented below the fixation 

cross (counterbalanced across participants). Whether the two tasks remained the same 

throughout training and whether participants could choose the tasks, was determined by the 

experimental group (see General Procedure).   

In all, baseline, transfer and training, each task-switching block started with two 

instructional slides presenting the task rules, followed by eight practice trials. Thereafter, a 

block of 64 experimental trials started, ending with a feedback slide presenting the statistics 

for this block including percentage of correct responses, mean reaction time, and switch rate 

(in the voluntary group). In each trial, participants were asked to classify picture stimuli (Task 
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Rule 1) or word stimuli (Task Rule 2) to a corresponding rule. In the voluntary conditions, 

participants chose which task rule to execute.  In the forced conditions, the required task rule 

(Picture/Word) was indicated by placing a rectangle around the relevant target stimulus. 

Stimuli remained on screen either until a response was given or until 3,500 ms had elapsed. 

After an inter-stimulus interval of 500 ms the next trial started. Feedback was only presented 

for errors or too slow reaction times (slower than 3,500 ms).  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Part II – Peer Reviewed Articles                            73 

  

Table 1. Task rules used in the training and transfer blocks. The order of pairs B-H was 

counterbalanced across participants. In the fixed content groups, Pair A from baseline was 

also used in all experimental blocks. Pair I was the same for all groups. 

 

Pair  

Task Rule 1 

(Pictorial) 

Task Rule 2 

(Words) 

Pair A 

(Baseline, the same for all 

groups) 

Is it summer or winter 

related? 

Is it a man’s or woman’s name? 

Pair B Is it sea or land  

transportation? 

Can it be seen or heard? 

Pair C Is it vegetable or fruit? Is it black or white material? 

Pair D Is it shoes or body parts? Is it alcoholic or non-alcoholic 

drink? 

Pair E Is it mammalian or bird? Is it old or new invention? 

Pair F Is it a cat or dog? Is it located in Asia or Europa? 

Pair G Is it clothes or furniture?  Is it sweet or salty? 

Pair H Is it an electronic device 

or road sign? 

Is it a hot or a cold meal? 

Pair I 

 (same for all groups) 

Is it a musical or a sports 

instrument? 

Is it a flower or tree? 
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General Procedure 

Participants were randomly assigned to one of four equal sized groups: (a) voluntary VC, (b) 

forced VC, (c) voluntary FC, and (d) forced FC. They attended a one-hour experimental 

session, starting with baseline: verbal fluency test block, followed by one baseline task-

switching block (with univalent targets).  Training consisted of seven task-switching blocks 

with bivalent targets.  In the task-switching training blocks, participants in the VC conditions 

received two new task rules on each block whereas the same two task rules were performed 

across all blocks in the FC conditions (i.e., Pair A).  In the voluntary switching conditions, 

participants were asked to freely choose which task to perform on a given trial, with the 

restriction to perform each task equally often and in random order as if “flipping a coin” (cf. 

Arrington & Logan, 2004). In the forced switching conditions, each participant was yoked to 

one of the individuals in either the voluntary FC or VC condition depending on group 

assignment, so it matched in task selection on each corresponding trial and switch rate. The 

session ended with one task-switching transfer block (univalent targets) followed by a verbal 

fluency transfer block. 

 

Results: Task-Switching 

 

Data analysis was conducted following the protocol of our previous study (Sabah et al., 

2018) to maintain a high comparability between the two studies. Thus, following the same 

exclusion criteria, participants with excessive error rates (above 20% as compared to 4% in 

the remaining sample) in either the task-switching baseline or transfer blocks were excluded 

from the analysis. Consequently, data from two participants in the forced FC group were 

discarded.   



Part II – Peer Reviewed Articles                            75 

  

For response time (RT) analysis, practice trials, erroneous trials, trials following an error 

as well as the first experimental trial of each block were discarded (11%).  For mean error 

rates, see Figure 1 and Figure 2 in supplementary material for study 2.  

In addition, Bayes Factor (BF) analyses were carried out using JASP (JASP team, Version 

0.11.1.0), contrasting H0 (no effect) with H1 which was specified using the default priors.  

We report BF10 (advantage of H1 over H0) and BF01 (advantage of H0 over H1).  BF10 for 2-

way interaction effects was computed by dividing the BF10 of a model with main effects and 

interaction by the BF10 of a (respective) main-effect-only model.  Similarly, BF10 for triple 

interactions was computed by dividing the BF10 of a full model including all the main effects, 

2-way interactions and the triple interaction by the BF10 of a similar model not including the 

triple interaction.    

Initial Differences between the Groups 

To look for potential initial differences between the training groups, 4 (Group: 

voluntary VC, forced VC and voluntary FC and forced FC, between participants) x 2 (Trial 

Type: repeat, switch, within participants) Frequentists  and Bayesian analysis of variance 

(ANOVAs) were conducted on (a) RTs and (b) error rates of the baseline block.   

RTs. The results revealed the typical switch cost pattern (Mrepeat = 612 ms, 95% CI 

[597, 628]; Mswitch = 764 ms, 95% CI [737, 791]), F(1,154) = 245.64, p <.001, ηp2 = .62, BF10 

> 100, whereas no significant difference was found between groups, F(3,154) = .48, p = .69, 

ηp2 = .01, BF10 = 0.05 . Additionally, group did not interact with trial type, F(3,154) = 1.04, p 

= .37, ηp
2 = .02, BF10 = 0.12.  

Error rates. Error rates were generally low (M = .04; 95% CI [.03, .04]). The typical 

switch cost pattern was also revealed in error rates, with participants making more errors on 

switch (Mswitch = .04, 95% CI [.04, .05]) when compared to repeat trials (Mrepeat = .03, 95% CI 

[.02, .03]), F(1,154) = 20.05, p <.001, ηp2 = .11, BF10 > 100. Neither the main effect for 
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group, F(3,154) =.19, p = .90, ηp
2 = .004, BF10 = .06, nor the interaction between group and 

trial type reached significance , F(3,154) = 1.28, p = .28, ηp
2 = .02, BF10 = 0.07.   

 

 

Fig1. Mean reaction time (RT) in ms as a function of trial type across the experimental blocks 

in the groups. Error bars represent standard error of the mean. 
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Training Performance (Block 1-7) 

To analyze training performance, a four-way Frequentists and Bayesian ANOVA was 

performed with content (fixed vs. varied) and learners’ control (Forced vs. VTS) as between-

subject variables and block (1-7) and trial type (repeat, switch) as within-subject variables for 

both RTs and error data (see ANOVA table 2 and 3, respectively).  

 

Table 2. Main effects and interaction of the Content X Learners’ Control x Block (1-7) x Trial 

Type ANOVA (RTs). 

 Statistic p value Effect 

Size (ηp
2) 

BF10 

Content  F(1, 142) = 4.34 < .05* .03 1.60 

Learners’ control F(1, 142) = 10.23 < .01** .07 17.50 

Block F(6, 852) = 22.34 < .001*** .14 >100 

Trial Type F(1, 142) = 273.96 <.001*** .66 >100 

Content x Learners’ control  F(1, 142) = 4.43 < .05* .03 2.35 

Trial type x Block F(6, 852) = 9.23 <.001*** .13 59 

Content x Block  F(6, 852) = 2.935 < .01** .02 0.22 

Learners’ Control x Block  F(6, 852) = 1.41 .21 .01 < 0.01 

Content x Trial Type F(1, 142) = 10.18 < .01** .07 >100 

Learners’ Control x Trial 

Type 

F(1, 142) = 21.82 <.001*** .13 >100 

Content x Learners’ Control 

x Block 

F(6, 852) = 0.10 .99 .001 < 0.01 

Content x Learners’ Control 

x Trial Type 

F(1, 142) = 0.09 .77 .001 0.20 
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Content x Trial Type x Block F(6, 852) = 1.10 .40 .01 < 0.01  

Learners’ Control x Trial 

Type x Block 

F(6, 852) = 3.40 <  .01** .02 0.08 

Content x Learners’ Control 

x Trial Type x Block 

F(6, 852) = 0.86 .53 .06 < 0.01  
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Table 3. Main effects and interaction of the Content x Learners’ Control X Block (1-7) x Trial  

Type ANOVA (error rates) 

 

  

Statistic 

 

p value 

 

Effect Size (ηp
2) 

 

BF10 

Content  F(1, 146) = 0.28 .60 .001 0.12 

Learners’ Control F(1, 146) = 0.14 .71 .07 0.11 

Block F(6, 876) = 1.57 .15 .01 0.004 

Trial Type F(1, 146) = 4.52 < .05* .03 0.64 

Trial Type x Block F(6, 876) = 0.53 .78 .004 < 0.01 

Content x Block  F(6, 876) = 2.34 < .05* .02 <0.01 

Learners’ Control x Block  F(6, 876) = 1.26 .27 .01 <0.01 

Content x Trial Type F(1, 146) = 0.01 .93 .001 0.07 

Learners’ Control x Trial 

Type 

F(1, 146) = 0.03 .85 .001 <0.01 

Content x Learners’ 

Control x Block 

F(6, 876) = 0.59 .74 .004 <0.01 

Content x Learners’ 

Control x Trial Type 

F(1, 146) = 2.69 .10 .02 <0.01 

Content x Trial type x Block F(6, 876) = 1.39 .21 .01 <0.01 

Learners’ Control x Trial 

Type x Block 

F(6, 876) = 0.99 .43 .01 <0.01 

Content x Learners’ 

Control x Trial Type x 

Block 

F(6, 876) = 0.57 .76 .003 <0.01 



Part II – Peer Reviewed Articles                            80 

  

 

RTs. Statistics are depicted in Table 2. The results reveal a significant main effect for block, 

pointing to generally decreasing RTs from block 1 to block 7 (MBlock1 = 809 ms, 95% CI [773, 

846]) vs. MBlock8 = 724 ms, 95% CI [698, 751]). Likewise, a significant main effect was 

obtained for trial type, showing the typical switch costs (MRepeat = 691 ms, 95% CI [663, 719]; 

MSwitch = 803 ms, 95% CI [774, 833]). A significant main effect was found for content, where 

faster RTs were observed in the FC (M = 718 ms, 95% CI [678, 757]) when compared to the 

varied content condition (M = 776 ms, 95% CI [737, 816]). However, the Bayes Factor (BF) 

for content was inconclusive (i.e., representing “anecdotal evidence” for the alternative 

hypothesis). The main effect for learners’ control also reached significance with participants 

being slower in the forced (M = 792 ms, 95% CI [753, 832]) as compared to the voluntary 

task-switching condition (M = 702 ms, 95% CI [663, 741]).  

The interaction between trial type and block was significant, pointing to decreasing 

switch costs along the course of training: Significantly lower switch costs were observed in 

the last training block (Block 7; M = 87, 95% CI [68, 107]) when compared to the first 

training block (M = 163, 95% CI [136, 189]), t(151)= 5.07 , p < .001, d =.41. Likewise, the 

interaction between content and trial type reached significance, with switch costs being higher 

in the VC (M = 134, 95% CI [114, 155]), when compared to FC groups (M = 89, 95% CI [69, 

109]), t(156) = 3.72 , p < .001, d =.59. Strong evidence for the alternative hypothesis is 

confirmed by the BF for the interactions of Trial Type x Block and Content x Trial Type.  

The interaction between content and block was significant. An improvement in RTs 

was noted among both the FC and VC conditions, t(77)= 4.20 , p < .001, d =.40, t(79)= 5.11 , 

p < .001, d =.57, respectively. Participants in the VC condition, showed slower RTs in both 

the first and last training block, t(156)= 2.8 , p < .01, d =.23, t(156)= 2.01 , p < .05, d =.32, 

respectively. Also, a significant interaction between content and learners’ control was found. 

In the VC condition, no significant difference in RTs was found between the forced and 
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voluntary task-switching condition, F(1,71) =.63, p = .43, ηp
2 = .01. In contrast, in the FC 

condition, significantly slower RTs were observed in the forced when compared to the 

voluntary task-switching condition, F(1,71) = 13.09, p < .01, ηp
2 = .16. The two-way 

interactions Content x Block and Content x Learners’ control should, however, be interpreted 

with caution, because the corresponding BF did not indicate sufficiently strong evidence.  

Moreover, the two-way interaction between learners’ control and trial type was further 

qualified by higher-order interaction between learners’ control, trial type and block. As shown 

in Figure 2, in the first training block, higher switch costs were observed in the forced vs. 

voluntary task-switching condition, t(150) = 4.87 , p < .001, d =.79. While participants in the 

forced condition showed a decrease in switch costs with increasing training, no distinct 

pattern was found within the voluntary task-switching condition. Significant reductions in 

switch costs between the first and last training blocks were observed in both the forced and 

voluntary task-switching conditions, t(74) = 4.74, p < .001, d = .55 ; t(76) = 2.39 , p < .05; d = 

.27, respectively . In the last training block, significantly higher switch costs were obtained in 

the forced as compared to the voluntary task-switching condition, t(148.16) = 3.14 , p < .001, 

d = .50. The Bayesian analysis results were not aligned with the frequentist statistics, with BF 

suggesting a strong evidence for the two-way interaction Learners’ Control x Trial Type but 

not for the three-way interaction Leaners’ Control x Trial Type x Block.   
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Fig 2. Mean switch cost (in msec) as a function of Block and Condition (forced vs. voluntary) 

collapsed collapsed across content. Error bars represent standard error of the mean    

 

The three way-interactions Content x Learners’ Control x Trial Type and Content x 

Trial Type x Block as well as the four-way interaction Content x Learners’ Control x Trial 

Type x Block did not reach significance. The corresponding Bayesian analyses in fact 

provided strong evidence for the null hypothesis.   

Taken together, fixed content incurred smaller switch costs than varied content. In 

addition, switch costs were smaller in the voluntary task-switching conditions as compared to 

the forced switching conditions. A notable reduction in switch costs along the training blocks 

was observed solely in the forced condition. However, this latter effect was very small and not 

confirmed by the Bayesian analysis. Likewise, the interaction Block x Content replicated 

previous findings (Sabah et al., 2018) in showing steeper learning in the FC as compared to 
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the VC groups. Note, though, that the effect was numerically small and its presence was not 

confirmed by the Bayesian analysis.     

The results reveal a significant main effect for block, pointing to generally decreasing 

RTs from block 1 to block 7 (MBlock1 = 809 ms, 95% CI [773, 846]) vs. MBlock8 = 724 ms, 95% 

CI [698, 751]). Likewise, a significant main effect was obtained for trial type, showing the 

typical switch costs (MRepeat = 691 ms, 95% CI [663, 719]; MSwitch = 803 ms, 95% CI [774, 

833]). A significant main effect was found for content, where faster RTs were observed in the 

FC (M = 718 ms, 95% CI [678, 757]) when compared to the varied content condition (M = 

776 ms, 95% CI [737, 816]). Moreover, the main effect for learners’ control also reached 

significance with participants being slower in the forced (M = 792 ms, 95% CI [753, 832]) 

when compared to the voluntary task switching condition (M = 702 ms, 95% CI [663, 741]).  

A significant interaction between content and learners’ control was found. In the VC 

condition, no significant difference in RTs was found between the forced and voluntary task 

switching condition, F(1,71) =.63, p = .43, ηp
2 = .01. In contrast, in the FC condition, 

significantly slower RTs were observed in the forced when compared to the voluntary task 

switching condition, F(1,71) = 13.09, p < .01, ηp
2 = .16. Also, the interaction between trial 

type and block was found significant, pointing to decreasing switch costs along the course of 

training: Significantly lower switch costs were observed in the last training block (Block 7; M 

= 87, 95% CI [68, 107]) when compared to the first training block (M = 163, 95% CI [136, 

189]), t(151)= 5.07 , p < .001, d =.41. Likewise, the interaction between content and block 

was significant. An improvement in RTs was noted among both the FC and VC conditions, 

t(77)= 4.20 , p < .001, d =.40, t(79)= 5.11 , p < .001, d =.57, respectively. Participants in the 

VC condition, showed slower RTs in both the first and last training block, t(156)= 2.8 , p < 

.01, d =.23, t(156)= 2.01 , p < .05, d =.32, respectively. The interaction between content and 

trial type reached significance, with switch costs being higher in the varied content (M = 134, 

95% CI [114, 155]), when compared to fixed content (M = 89, 95% CI [69, 109]), t(156) = 
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3.72 , p < .001, d =.59. Moreover, the two-way interaction between learners’ control and trial 

type was further qualified by higher-order interaction between learners’ control, trial type and 

block. As shown in Figure 2, in the first training block, higher switch costs were observed in 

the forced vs. voluntary task switching condition, t(150) = 4.87 , p < .001, d =.79. While 

participants in the forced condition showed a decrease in switch costs with increasing 

training, no distinct pattern was found within the voluntary task switching condition. 

Significant reduction in switch costs between the first and last training blocks were observed 

in both the forced and voluntary task switching conditions, t(74) = 4.74, p < .001, d = .55 ; 

t(76) = 2.39 , p < .05; d = .27, respectively . In the last training block, significantly higher 

switch costs were obtained in the forced as compared to the voluntary task switching 

condition, t(148.16) = 3.14 , p < .001, d = .50.  

Overall, fixed content incurred smaller switch costs than varied content.  Moreover, 

only with fixed content, switch costs were reduced over the course of training. Finally, higher 

switch costs emerged in the forced vs. voluntary task switching condition. Notable reduction 

in switch costs along the training blocks was observed solely in the forced condition. 

Interestingly, an effect for VTS training was limited to the FC condition, with overall slower 

RTs in the forced when compared to the voluntary condition.  

 Error rates. Overall, error rates were low (M = .04; 95% CI [.04, .05]). As shown by 

Table 3, the main effect for trial type reached significance. Participants made slightly more 

errors on switch (M = .05; 95% CI [.04, .05]) when compared to repeat trials (M = .04; 95% 

CI [.04, .05]). The interaction Block x Content was also significant. On the last training block, 

participants in the VC condition made less errors (M = .03; 95% CI [.03, .04]) when compared 

to the FC condition (M = .05; 95% CI [.04, .05]), t(156) = 2.55 , p < .05, d = .56. Neither the 

BF for the main effect trial type nor for the interaction Block x Content suggested strong 

evidence for the alternative hypothesis. All other effects did not reach significance with all 

corresponding BF10 values providing strong evidence for the null hypothesis.   
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Voluntary switch rate. To examine possible differential learning features, switching 

rates in the VS groups were analyzed. To capture all attempted switches, erroneous trials were 

also included (cf. Arrington & Logan, 2004). To this end, a 2 x 7 mixed model Frequentists 

and Bayesian ANOVA were conducted with group as a between-subject variable (voluntary 

VC and voluntary FC) and block (block 1-7) as within-subject variable.  The results brought 

up a significant main effect for group, pointing to higher switch rates (M = 53, 95% CI [49, 

56]) in the FC group when compared to the voluntary VC group (M = 47, 95% CI [43, 50]), 

F(1,78) = 6.66, p < .05, ηp
2= .08, F(6, 468) = 16.06, p < .01, ηp

2= .17, BF10 = 3.622, 

respectively. In addition, the main effect for block reached significance, reflecting the 

continuous increase in switch rate with increasing training, F(6, 468) = 16.06, p < .01, ηp
2= 

.17, BF10 > 100  (See figure 3).  The interaction between block and content was not 

significant (F < 1, p = 0.89, BF10 < 0.01).  

 

Figure 3. Mean Switch rates in the voluntary FC and VC conditions along the training blocks. 

Error bars represent standard error of the mean. 
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Transfer Costs and Gains    

To investigate whether there is a difference in pre-post performance, 2 (Content: fixed, 

varied) x 2 (Learners’ control: forced, voluntary) x 2 (Block: baseline, transfer block) x 2 

(Trial type: repeat, switch) mixed model Frequentists  and Bayesian ANOVAs were 

conducted on both RTs and error rates.  

RT. As can be seen in Table 4, a significant main effect for block was found. Faster 

RTs were obtained on the transfer block (M = 648 ms, 95% CI [634, 662]) when compared to 

baseline (M = 688 ms, 95% CI [668, 708]).  The typical main effect for trial type was also 

significant with slower RTs on switch (M = 735 ms, 95% CI [714, 756]) when compared to 

repeat (M = 602 ms, 95% CI [590, 613]). The corresponding BFs for the two aforementioned 

main effects indicate strong evidence for the alternative hypothesis.  

The interaction between content and block was significant. As can be seen from Figure 

4, participants in the VC condition show higher training gains (M = -63 ms, 95% CI [-86, -

39]) in comparison to the FC condition (M = -17 ms, 95% CI [-41, 6.54]). However, the BF 

suggested only anecdotal evidence for the alternative hypothesis. No other effect reached 

significance.     

 In sum, the results point to a small but significant contribution of varied content 

training to inducing better transfer gains in task-switching performance. 

Error data. Differences in error rates revealed the typical switch costs. In addition, 

the interaction between block and learners’ control was significant (see Table 5).  Participants 

in the voluntary task-switching condition seemed to show slightly higher error rates on the 

transfer block (M = .04, 95% CI [.04, .05]) when compared to the forced Task-switching 

condition (M =. 03, 95% CI [.02, .04]), t(156) = 2.64 , p < .05, d = .28.  
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Table 4. Main effects and interactions of the Content x Learners’ Control x Block (Baseline 

vs. Transfer) x trial type ANOVA (RTs).  

  

       Statistic 

 

p value 

 

Effect Size (ηp
2) 

 

BF10 

Content  F(1, 154) = 0.41 .52 .003 0.17 

Learners’ Control F(1, 154) = 0.38 .54 .001 0.16 

Content x Learners’ Control F(1, 154) = 0.14 .71 .001 0.21 

Block F(1, 154) = 22.57 <.001*** .13 >100 

Block x Content F(1, 154) = 7.37 <.01** .04 2.53 

Block x Learners’ Control F(1, 154) = 0.12 .72 .001 0.12 

Block x Content X Learners’ 

Control 

F(1, 154) = 1.63 .20 .01 0.30 

Trial Type F(1, 154) = 326.66 <.001*** .68 >100 

Trial Type x Content F(1, 154) = 0.30 .59 .002 0.14 

Trial Type x Learners’ 

Control 

F(1, 154) = 0.42 .52 .003 0.16 

Trial Type x Content x 

Learners’ Control 

F(1, 154) = 0.93 .33 .006 0.07 

Block x Trial Type F(1, 154) = 16.68 <.001*** .10 2.98 

Block x Trial Type x 

Content 

F(1, 154) = 1.34 .25 .01 0.22 

Block x Trial Type x 

Learners’ Control 

F(1, 154) = 0.05 .82 .001 0.17 

Block x Trial Type x 

Content x Learners’ Control 

F(1, 154) = 1.73 .19 .01 0.48 
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Table 5. Main effects and interactions of the Content x Learners’ Control x Block (Baseline 

vs. Transfer) x trial type ANOVA (error rates).  

 

 

 

        Statistic 

 

p value 

 

Effect 

Size 

(ηp
2) 

 

BF10 

Content  F(1, 154) = 0.01 .91 .001 0.12 

Learners’ control F(1, 154) = 1.98 .16 .01 0.29 

Trial Type F(1, 154) = 23.65 <.001*** .13 >100 

Block F(1, 154) = 0.11 .74 .001 0.09   

Block x Content F(1, 154) = 1.41 .24 .01 0.27 

Content x Learners’ Control F(1, 154) = 0.99 .32 .006 0.23 

Block x Learners’ Control F(1, 154) = 6.30 < .05* .006 2.37 

Block x Trial Type F(1, 154) = 0.50 .48 .003 0.72 

Block x Content x Learners’ 

Control 

F(1, 154) = 0.84 .36 .005 <0.01 

Trial Type x Content F(1, 154) = 0.70 .40 .004 0.18 

Trial Type x Learners’ Control F(1, 154) = 0.70 .40 .004 0.19 

Trial Type x Content x Learners’ 

Control 

F(1, 154) = 0.80 .37 .005 0.25 

Block x Trial Type x Content F(1, 154) = 0.52 .47 .003 0.25 

Block x Trial Type x Learners’ 

Control 

F(1, 154) = 0.20 .65 .001 0.25 

Block x Trial Type x Content x 

Learners’ Control 

F(1, 154) = 1.15 .28 .007 <0.01 
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Figure 4. Pre-Post score differences in ms between the groups. Positive values show transfer 

costs and negative values show transfer gains. Scores are calculated as the difference between 

baseline and transfer block. Error bars represent standard errors of the mean. 

Comparison of Transfer Costs\Gains with Sabah et al (2018)  

An additional aim of the current study is to examine whether the previously observed 

effect for content variability (Sabah et al., 2018) replicates across studies. Moreover, we 

intended to explore whether enhanced task interference (the use of bivalent target stimuli in 

this study as opposed to univalent target stimuli in Sabah et al., 2018) might bear an 

additional benefit beyond content variability, diminishing the previously observed transfer 

costs following FC task-switching training condition. To this end, transfer costs and gains 

between this study and Sabah et al. (2018) were compared. Due to the discrepancies between 
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studies, resulting from the utilization of VTS, only the forced conditions from the current 

study were considered for analysis. In addition, only the first transfer block from Sabah et al. 

(2018) was included in analysis, matching exactly the employed transfer block in the current 

study both in content and task sequence (AA-BB).  It is noteworthy that the lack of random 

assignment between studies results in a possible confound and thus the results of the current 

set of analyses should be interpreted cautiously.   

 For the purpose of the current analysis, Study (Current study, Previous study) x 

Content (FC, VC) x Block (Baseline, Transfer) x Switch (Repeat, Switch) mixed model 

Frequentists and Bayesian ANOVAs were performed on RTs (See Table 6). A significant 

main effect for block was obtained, with faster RTs observed on the transfer (M = 620 ms, 

95% CI [610, -640]) when compared to the baseline block (M = 642 ms, 95% CI [627, 657]). 

The main effect for study was also significant. Overall, slower RTs were observed in the 

current study (M = 673 ms, 95% CI [655, 691]) when compared to Sabah et al. (2018) (M = 

589 ms, 95% CI [576, 601]). Moreover, the main effect for trial type was significant where 

faster RTs were obtained on repeat (M = 589 ms, 95% CI [580, 599]) as compared to switch 

trials (M = 672 ms, 95% CI [659, 686]).  

A significant two-way interaction was found between study and block with higher 

gains in the current study (M =-43 ms, 95% CI [-65, -21]) when compared to Sabah et al. 

(2018) (M = -1 ms, 95% CI [-17, 14]). Furthermore, the interaction between block and trial 

type reached significance (See Figure 5). Smaller switch costs were obtained in the transfer 

block as compared to the baseline block, t(230) = 4.22 , p < .001, d = .27. Importantly, the 

interaction between content and block was also significant, pointing to higher gains in the VC 

condition (M = -38 ms, 95% CI [-56, -19]) as compared to the FC condition (M = -6 ms, 95% 

CI [-25, 12]). This was further supported by the BF, indicating strong support for the 

alternative hypothesis. In addition, falling in line with the frequentist results, this interaction 

was not modulated by study, as indicated by the BF for the three-way interaction Study x 
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Content x Block. This last result means that H0 concerning lack of difference between the 

studies (in this regard) is ~32 times more probable than a difference between the studies, 

given the results (and equal priors for H0 and H1). 

Overall, the benefit for content variability to Task-switching performance is successfully 

replicated, where across studies we see lower costs\higher transfer gains following VC 

training. Moreover, relative to Sabah et al. (2018), higher transfer gains emerged, possibly 

due to the utilization of bivalent target stimuli, enhancing task demands.  
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Table 6.  Main effects and interactions of Study x Content x Block x Trial Type ANOVA 

(RTs). 

 

 

 

        Statistic 

 

p value 

 

Effect Size 

(ηp
2) 

 

BF10 

Study  F(1, 227) = 57.26 < .001*** .20 >100 

Content F(1, 227) = 1.09 .30 .005 0.20 

Trial Type F(1, 227) = 467.62 < .001*** .67 >100 

Block F(1, 227) = 10.78 < .01** .04 3.75  

Block x Study F(1, 227) = 9.49 < .01** .04 56 

Block x Trial Type F(1, 227) = 21.45 < .001*** .09 1.11 

Block x Content F(1, 227) = 5.59 < .05* .02 13.06 

Study x Trial Type F(1, 227) = 139.74 < .001*** .38 >100 

Study x Content F(1, 227) =  0.13 .71 .001 0.20 

Content x Trial Type F(1, 227) = 0.76 .38 .003 0.02 

Content x Block x Trial 

Type 

F(1, 227) = 0.20 .65 .001 0.17 

Study x Content x Block F(1, 227) = 0.38 .57 .001 0.21 

Study x Content x Trial 

Type 

F(1, 227) = 0.004 .95 .001 0.19 

Study x Block x Trial Type F(1, 227) = 3.71 .05 .02 0.25 

Study x Content x Block x 

Trial Type 

F(1, 227) = 0.51 .47 .002 0.26 
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Figure 5. Comparison in transfer costs\gains (difference between baseline and transfer block) 

between Sabah et al. (2018) and the current study as a function of content variability and trial 

type. Note that the tasks and sequence in baseline and transfer-block were exactly the same in 

both studies. Error bars represent standard errors of the mean 

Training Outcomes on Verbal Fluency Measures  

To examine potential training modulation on a structurally dissimilar task of cognitive 

flexibility, here, verbal fluency, we first calculated a mean score for the total of generated 

words in the baseline and transfer block. To exclude initial difference between the groups, a 

one-way Frequentists and Bayesian ANOVAs were performed, pointing to no significant pre-

existing difference, F(3, 152) =1.20, p = .311, ηp
2 = .02, BF10 =  between the groups. Then, 
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post-pre scores were calculated by subtracting the post from the pre-testing scores. Two-way 

Frequentists and Bayesian ANOVAs were performed on post-pre scores, entering content 

(fixed vs. varied) and learners’ control (forced vs. voluntary) as between subject variables. No 

significant main effect was found for either content or learners’ control, F(1,152) =.13, p = 

.71, ηp
2 = .001, BF10 = 0.26, F(1,152) =.001, p = .97, ηp

2 = .001, BF10 = 0.27. The scores were 

overall negative (M = -2.15), showing a general practice effect that was not further modulated 

by group (all BF10 < 0.33).  

Discussion 

The current study attempted to examine the mutual contribution of variability and learners’ 

control to training and transfer in short-term Task-switching training. To manipulate content 

variability, same or different task rules and stimuli were introduced during training. Learners’ 

control was manipulated by applying either voluntary or forced Task-switching procedure. To 

enhance task demands during training, bivalent stimuli were used.  

Three main findings stand out: First, we replicated the variability effect, found by Sabah 

et al. (2018), with content variability producing smaller practice effects yet higher transfer gains 

when compared to the FC condition. In contrast, learners’ control did not induce additional 

beneficial effect on transfer beyond content variability. Lastly, we compared the present results 

to those of our former study, in which the exact same tasks during baseline and transfer were 

performed on univalent stimuli. This comparison showed that the current study yielded more 

pronounced transfer gains following VC training along with absent transfer costs after FC 

training. Thus, it is assumed that the enhanced control demands during training (usage of 

bivalent stimuli) underlie these more favorable outcomes. This latter result however is based 

on between study comparisons and therefore has to be treated with caution.  

As expected, content variability is again found to promote better transfer outcomes in 

short-term Task-switching training. In line with Sabah et al (2018), disrupting learning by 
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introducing practice variability seems to enhance transfer, with more pronounced benefit on 

switch when compared to repeat trials. Taken together, these results support the proclaimed 

notion of “desired difficulty”, denoting the paradoxical nature of learning (Schmidt & Bjork, 

1992). As such, it is postulated that creating challenging practice conditions can in fact facilitate 

deeper learning and retention yet withot any observable improvement during training. Despite 

the encourging pattern of near transfer gains (seen in Task-switching following VC training), 

no generlization effects were seen on the verbal fluency task. This in turn, falls in line with 

many recent indications that question the occurance of far transfer in CT (e.g., Dougherty, 

Hamovitz, & Tidwell, 2016; Melby-Lervåg, Redick, & Hulme, 2016; Soveri, Antfolk, 

Karlsson, Salo, & Laine, 2017).    

With regard to learners’ control, the resultts have failed to support our predictions. No 

additional transfer benefits beyond content variability were obtained in the voluntary when 

compared to the forced VC training condition. Consequently, the observed effect for learners’ 

control  in the trainig phase seems to merely reflect the different underlying cognitive process 

between the two procedures. Similar to Arrington and Logan (2005) our results revealed smaller 

switch costs in the voluntary when compared to the forced condition. The lack of modulating 

effect for learners’ control on transfer is quite surprising when considering the existing litreature 

on learning and motivation, pointing to the contribtion of self-controlled practices to skill 

acquision across domains (e.g., Chiviacowsky, Wulf, Lewthwaite, et al., 2012; León, Núñez, & 

Liew, 2014; Sanli & Patterson, 2013). Hence, self-regulated practice has been suggested to 

underly effective learning, boosting key motivational componates, such as self-efficacy, higher 

task engagement and percieved competence (e.g., Bell & Kozlowski, 2008; Chiviacowsky, 

Wulf, & Lewthwaite, 2012; Deci & Ryan, 2008; Lewthwaite & Wulf, 2012; Ryan & Deci, 

2000; Tafarodi, Milne, & Smith, 1999). In turn, the reason why we did not find any additional 

beneficial effect of learners’ control might be due to the specific task instructions. That is, while 

participants were free to choose one of two tasks on each trial, they were also told to choose 
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each task equally often but in a random order. This instruction might in fact have increased 

overall task demands rather than motivation. Furthermore, given that task demands were 

already high with varied content and bivalent stimuli, performance might have already reached 

ceiling. The overall higher transfer benefits and lower transfer costs as compared to Sabah et 

al. (2018) point to this direction.      

Directly related to that, another aim of the current study was to explore whether 

enhancing task demands by utilizing bivalent stimuli might counteract the training costs 

following FC training condition (Sabah et al., 2018). As such, the results of the current study 

were compared to Sabah et al. (2018), excluding the voluntary conditions from analysis. The 

reason for this exclusion was to minimize the influence of excessive procedural variation 

between the studies when using VTS. As showed by the results, the effect for content variability 

was preserved across studies with higher training gains obtained here when compared to Sabah 

et al. (2018). In part, this falls in line with previous findings (Kray & Fehér, 2017), showing 

that enhanced interference demands in Task-switching (as a result of bivalency) leads to 

improved transfer effects. Nevertheless, unlike these authors, our results suggest that this 

advantageous outcome is not only restricted to older but also apparent among younger adults. 

Importantly, in contrast to Sabah et al (2018), no transfer costs in Task-switching performance 

emerged following FC training in the current study.  This suggests on the one hand that higher 

task engagement by means of increased control demands might have prevented the occurrence 

of negative transfer. One the other hand, we cannot exclude the possibility of a failure to 

replicate Sabah et al.’s findings concerning costs. Lastly, it could also be possible that any 

observed differences between studies might be confounded by task structural differences (i.e., 

task sequence). In addition to content variability, Sabah et al (2018) introduced another 

variability manipulation on the deeper level of the task structural configuration, comparing 

fixed (i.e., alternating runs) with random task sequence.  Conversely, in the current study, task 

sequence in the forced condition was determined by the choices of participants in the VTS 
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conditions (i.e., by the yoking procedure), with task choices only approximating randomness. 

However, as task structure did not yield any notable effect in Sabah et al.’s (2018) study, such 

confounding effect seem quite implausible.   

A noteworthy unexpected observation relates to the training effect on VSR in the FC 

and VC condition. Two lines of evidence would have suggested that varied content should 

increase the rate of voluntary task switching: Fröber and Dreisbach (2017) showed that frequent 

forced task switching increases cognitive flexibility and thus voluntary task switching (for a 

review see Dreisbach & Fröber, 2019). Additionally, Mayr and Bell (2006) had shown that 

single stimulus changes (from one trial to the next) invoke higher switch rates than stimulus 

repetitions. Both of these findings thus suggest that bottom up changes can motivate or 

otherwise cause voluntary task switching. However, VSR rates in the training blocks clearly 

point to the opposite direction. In fact, participants switched more often in the FC group and 

not in the VC group. It seems that at least during repetitive training of the same two tasks, 

participants tended to switch tasks more frequently, pointing perhaps to the possibility that 

switching serves as means to prevent boredom (e.g., Inzlicht et al., 2014; see also Jersild, 1927). 

Another interesting observation is the significant increase of VSR over the training blocks, a 

trend which was observed in both groups. Given that participants were asked to choose tasks 

equally often and in a random order (which would ideally result in a switch rate of 50%), this 

increase can in part be explained by the feedback (VSR in %) provided after the end of each 

block. However, participants in the FC condition had already reached the required 50% in Block 

2 but still showed an increasing switch rate over the remaining blocks (see Fig. 2). This further 

speaks to the idea that participants in the FC may have avoided boredom. Alternatively, and not 

mutually exclusively, the VSR increase may be an instance of learned industriousness 

according to which effort is experienced as rewarding, and hence reinforces higher performance 

(Eisenberger, 1992). Future research is clearly needed to further disentangle the mechanisms 

underlying the differences in switch rates between content conditions   
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In sum, the current study provides additional support for the advantage of varied training 

regimes in short-term Task-switching training, with even more pronounced gains when coupled 

with increased task demands (i.e. bivalency). Although no notable impact for leaners’ control 

on transfer was found, the (unpredicted) data pattern of VSR during practice (increasing VSR 

with increasing practice, higher VSR with fixed than varied content) points in interesting new 

directions. Future research may therefore address more directly the impact of boredom as an 

intrinsic modulator on task engagement and training outcome. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Part II – Peer Reviewed Articles                            99 

  

STUDY III 

The Role of Working-Memory Gating Polices in Short-Term Cognitive Training 

Sabah, K., Meiran, N. & Dreisbach, G. The Role of Working-Memory Gating Polices in 

Short-Term Cognitive Training. Journal for Cognitive Enhancement (In Review) 

 

Abstract 

Internal working memory (WM) gating control polices have been suggested to constitute a 

critical components of task-sets that can be learned and transferred to very similar task 

contexts (Bhandari & Badre, 2018). Here we attempt to expand these findings, examining 

whether such control policies can be also trained and transferred to other untrained cognitive 

control tasks, namely to the task switching and AX-CPT. To this end, a context-processing 

WM task was used for training, allowing to manipulate either input (i.e., top-down selective 

entry of information into WM) - or output (i.e., bottom-up selective retrieval of WM) gating 

control policies by employing either a context-first (CF) or context-last (CL) task structure, 

respectively. In this task two contextual cues were each associated with two different stimuli. 

In CF condition, each trial began with a contextual cue, determining which of two subsequent 

stimuli is target relevant. In contrast, in the CL condition the contextual cue appeared last, 

preceded by a target and non-target stimuli successively.  Participants completed a task 

switching baseline assessment, followed by one practice and six training blocks with the WM 

context-processing training task. After completing training, a task-switching and AX-CPT 

transfer blocks were administrated, respectively. As hypothesized, compared to CL training 

condition, CF training led to improved task-switching performance. However, contrary to our 

predictions, training type did not influence AX-CPT performance. Taken together, the current 

results provide further evidence that internal control policies are (a) inherent element of task-

sets, also in task switching and (b) independent of S-R mappings. Importantly, our results 
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open a new venue for the realm of cognitive enhancement, pointing here for the first time to 

the potential of control policies training in promoting wider transfer effects. 
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Introduction 

 

Cognitive enhancement studies are faced with the challenge to produce transferable and 

durable learning effects to untrained structurally dissimilar contexts (i.e., far transfer) and 

real-life situations (Dougherty, Hamovitz, & Tidwell, 2016; Melby-Lervåg, Redick, & 

Hulme, 2016; Soveri, Antfolk, Karlsson, Salo, & Laine, 2017). Despite early encouraging 

results, the effectiveness of cognitive training (CT) remains disputable, with current training 

protocols showing at best rather limited generalization effects to very similar tasks (i.e., near 

transfer; Karbach & Verhaeghen, 2014; Schwaighofer, Fischer, & Bühner, 2015) 

A central pitfall of current CTs seems to be anchored in their repetitive nature that may 

lead to automatization and task-specific learning, potentially incurring transfer costs (Sabah et 

al., 2018). In contrast, growing evidence suggests that the occurrence of learning 

generalization to novel contexts relies heavily on the human brain’s ability to learn and 

represent abstract knowledge (e.g., task rules) and flexibly exploit this knowledge across 

multiple unfamiliar contexts, allowing rapid adjustment to new demands and situations (e.g., 

Badre et al., 2010; Cole et al., 2011, 2013; Collins & Frank, 2013; Dreisbach, 2012). Indirect 

evidence for the contribution of abstract task represention to learning and transfer emerges 

from CT studies advocating the importance of training variability (Gopher et al., 1989; 

Karbach & Kray, 2009; Sabah et al., 2018). For example, recent evidence suggests that the 

commonly undertaken approch of training “more of the same” promotes bottom-up learning, 

limited to the trained task (Sabah et al., 2018). In contrast, changing task information such as 

task rules and stimuli throughout training (i.e., content variability) was shown to promote 

transfer gains and to prevent negative transfer (costs), presumably by encourging the 

formation of abstarct task-rules (Karbach & Kray, 2009; Pereg et al., 2013b; Sabah et al., 

2018; Shahar et al., 2018). Additional support for these claims comes from video game 

training studies, attributing the favourable transfer outcomes to variability in contextual 
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information and to the related variability in cognitive processes offered (for review see 

Bavelier, Green, Pouget, & Schrater, 2012).  

 A form of abstract knowledge that is pertinent for task execution, are internal control 

policies or task models – a mental program that organizes task relevant information including 

rules, facts, stimuli, responses and timing in WM to control current behaviour (Bhandari & 

Badre, 2018; Duncan et al., 2008). Here, we aim to investigate more directly how the training 

of internal control policies may influence transfer to new tasks that might benefit from its 

application. 

Rules We Can’t See or Hear: The Trainability and Transferability of Working Memory 

Gating Control Policies  

Internal control policies or task models are considered to encompass critical information for 

task execution such as facts, rules and task requirements, enabling real-time cognitive 

adjustments to task’s dynamical structure (Bhandari & Badre, 2018; Bhandari & Duncan, 

2014; Duncan et al., 2008). Within the domain of WM, the operation of such control policies 

can be embodied by gating mechanisms, which regulate the flow, updating and maintenance 

of information in alignment to task dynamics through the work of input and output gates 

(Chatham & Badre, 2015; Frank et al., 2001; Frank & Badre, 2012; O’Reilly & Frank, 2006; 

Todd et al., 2009). According to the gating framework, input gating selects which information 

is to be entered and updated in WM (top-down control) while output gating determines which 

information held in WM is response relevant. Recently, WM gating control policies were 

suggested to be trainable, supporting flexible behaviour and learning generalization (Bhandari 

& Badre, 2018).  To train and compare between input and output gating policy training, Badre 

et al. (2018) employed a second-order context processing tasks (see figure 1).  
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        Figure 1. The second-order WM task rules and structure.  

In this task, two contextual higher-order items (numbers) were each associated with 

two lower-order items. The cue 11 was associated with the letters A and G whereas the cue 53 

was associated with the symbols ⊙ and π. Each trial presented a sequence of three items: a 

number cue, a letter and a symbol. Which of the two items (letter or symbol) was response 

relevant in a given sequence was determined by the number cue. Hence, whenever the cue 

“11” appears, participant need to respond to the letter. In contrast, whenever the cue “53” 

appears, a response to the symbol is required. To manipulate input and output gating policies, 

the number cue that discriminated the response relevant item either occurred first (context-

first, CF) or last (context-last, CL) As such, the early appearance of the cue enables the 

selective entry of the target item into WM. In the given Context-First (CF) example, the first 

screen (“11”) indicates that the response relevant item was a letter (figure 1, upper pannel). 

Response was determined in the last screen, here requiring a left-key response because the 
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letter “A” appeared on the lower left side of the response panel. Conversly, in the CL 

condition the number cue appeard last in the sequence, supporting the usage of out-put gating 

processes, as it requires a selective retrieval of the relevant target item (figure 1, lower 

pannel). Here, the cue (53) appeared last after being preceded by the lower-order items G and 

⊙. Here, the response relevant item was the symbol (⊙). Because the response-relevant item 

(⊙) appeared on the lower right side of the response panel, a right-key response is required.   

The outstanding finding in Bhandari & Badre (2018) was that experience with either the CL 

or CF conditions led to transfer of the trained gating policy to new contexts with the same ( 

e.g., CF -> CF) and different structure (e.g., CL-> CF).  

 The current study attempted to examine whether a similar short-term training in WM 

gating policies will produce a wider transfer effect to other cognitive control tasks sharing 

similar task dynamics. To this end, we used Bhandari and Badre’s task (Bhandari & Badre, 

2018) for training, examining possible transfer effects to cued task switching and to a context 

processing paradigm (the AX-contious performance task AX-CPT).  

Examining the Contribition of WM Gating Policies to Task-Switching and AX-CPT 

Performance   

Task-switching (for reviews, see Kiesel et al., 2010; Monsell, 2003;Vandierendonck, 

Liefooghe, & Verbruggen, 2010) and AX-CPT (e.g., Braver & Cohen, 2000; Braver, Paxton, 

Locke, & Barch, 2009; Hefer & Dreisbach, 2016; 2017; Paxton, Barch, Racine, & Braver, 

2008) are prominent  paradigms to study cognitive control processes, underlying goal-directed 

and flexible behaviour (for reviews see Braver, 2012; Gratton, Cooper, Fabiani, Carter, & 

Karayanidis, 2018). Importantly, both the task-switching and AX-CPT paradigms were 

suggsted to involve gating processes (Braver & Cohen, 2000; D’Ardenne et al., 2012b; 

Kessler, 2017; Kessler et al., 2017; Rougier & O’Reilly, 2002), making them adequate 

transfer tasks for the current study.   
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The task switching paradigm is a widely used measure for cognitive flexibility and the 

main measure being the latency and accuracy rates when switching as compared to repeating 

tasks. A popular variant is the cued task-switching paradigm, in which a cue announces which 

of two tasks has to be executed in response to a bivalent stimulus (that in principle allows the 

application of both tasks ; Meiran, 2014). Cue-processing encourages proactive control 

(comparable to a CF condition) and thus eases the selection of the appropriate task. The AX-

CPT is a context-processing task, applied for the study of WM processes and cognitive 

control dynamics. In this paradigm, a target response is required whenever an A-cue is 

followed by an X-probe, with AX sequences occurring with high frequency (70%), making 

the A cue highly predictive of the X probe. That way, the A-cue processing (comparable to a 

CF condition) encourages a proactive control mode leading to increased behavioural costs 

(higher error rates) when the A -cue is not followed by an X probe (i.e., AY trials) and to less 

errors when the X-probe is not preceded by an A (i.e. BX trials). Note that the typical 

assumption is that using a selective retrieval of contextual information is assumed to lead to 

higher interference on BX trials as the X- probe is strongly associated with a target-response 

(cf. Gonthier et al., 2016) .     

Cued task switching and the AX-CPT thus share task dynamics with the second order 

WM task, used by Bhandari & Badre (2018).  Namely they require hierarchical ta sk 

representation, in which response selection is bound to a higher-order contextual cue, the task 

cue or the A-cue, respectively (Braver & Barch, 2002). This structural similarity might 

facilitate transfer of cognitive control policies, here learned after exposure to the second-order 

WM task. For this purpose, a short-term WM gating policies training was applied, 

manipulating the type of trained gating policy by assigning participants to either a CF (input 

gating policy training) or a CL condition (output gating policy training). Task-switching 

performance was assessed prior and after training, utilizing a cued bivalent variation of the 
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task-switching paradigm. Ultimately, participants were presented with an AX-CPT transfer 

block3. The following predictions were made:  

1) For task-switching, higher transfer gains are expected to occur following CF as 

compared to CL training, reflected in higher reduction in RTs, both for task 

switches and task repetitions. There is a long-lasting debate on whether task 

switches and task repetitions profit to the same extent from pre-cues (e.g. 

Dreisbach, Haider & Kluwe, 2002). Therefore, it cannot be predicted whether 

switch costs should also be reduced in the CF condition as compared to the CL 

condition.  In any case, we hypothesized that a selective operation of input gating 

control policies should encourage a selective entry of information within WM by 

means of enhanced cue processing, allowing for advanced preparation. This is 

supported by line of research suggesting benefits of enhanced cue processing and 

preparation processes to task switching performance (e.g., Meiran, 1996; Savine & 

Braver, 2010; for review see Kiesel et al., 2010 ).  

2) For the AX-CPT, CL training was presumed to promote selective output gating 

policies that promote enhanced reactive control mode, leading to lower errors rates 

on AY-trails in the CL condition and to higher error rates on the BX trials in 

comparison to the CF condition. Moreover, CF might increase usage of the A cue, 

thereby leading to higher AY errors as compared to the CL condition.             

 

 

 
3 We decided against an AX-CPT block prior training, because the AX-CPT itself can be seen 

as a paradigm that promotes proactive control and cue usage like the CF condition does (for a 

detailed review on time on task effects in the AX-CPT see Hefer & Dreisbach, 2020). For the 

same reason, the order of task switching and AX-CPT was not counterbalanced but AX-CPT 

always was presented last.  
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Method 

Participants  

Eighty Regensburg University students (16 males; Mage = 21.96, SD = 2.74) were compensated 

with either one-hour course credit or were paid 6€. All participants reported having normal or 

corrected-to-normal vision and gave written consent prior to their participation in the study4.  

Apparatus and Task Design  

All experimental tasks were programmed in E-prime (Psychology Software Tools, 

Pittsburgh, PA, USA). The experiment was controlled by Dell computer with 19” flat screen.  

The second order WM control task (Training). The task was adapted from 

Bhandari and Badre (2018) based on the work of Chatham, Frank, and Badre (2014). On each 

trial, participants were presented with three stimuli, appearing in sequential order (see figure 

1). Each sequence was composed of a number cue (11 or 53), a letter (A or G) and a symbol 

(π or ⊙). The contextual cue (number) determined for each trial whether the letter or symbol 

(lower level items) was response relevant. In specific, participants were instructed to 

memorize two rules through which the number 11 was associated with the letters whereas the 

number 53 was associated with the symbols (Please see Figure 1). For example, in a sequence 

composed of 11 → G → ⊙, the response relevant item was the letter G whereas the symbol 

⊙ was response irrelevant. Alternatively, in a sequence composed of 53→A→ π, the 

response relevant item was the symbol π and the letter A was response irrelevant. 

Simultaneously with the presentation of the last item in a sequence, a response panel appeared 

on the lower part of the screen. On each side of the response panel, two pairs of lower level 

items, each comprising a letter and a symbol appeared.  Participants were asked to press either 

a left (y) or right (m) response key, depending on where the target appeared in the response 

panel. For example, in the sequence 11 → G → ⊙, “G” was the target.  Hence, the required 

 
4 It is noteworthy that 11 participants were replaced during data collection phase following 

exceptionally overall high error-rate on either the training task (>30%;   CF: n=2; CL: n=3) or 

testing tasks  (>50%; Task switching: n=2; AX-CPT: n=4).     
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response was the (right/left) side on which “G” appeared.  In the response panel, there was an 

equal chance of congruent and incongruent item arrangement.  In a congruent arrangement, 

the target and irrelevant item which appeared in a sequence appeared together on the same 

side of the response panel, hence both associated with the same response key. For example, 

the arrangement in the Context-First (upper) panel of Figure 1 is congruent since the target 

“A” and irrelevant item “π” appeared together on the left side of the response panel, both 

affording a left-key response. In contrast, in an incongruent arrangement, the target and 

irrelevant item which appeared in a sequence were presented on opposing sides of the 

response panel, each associated with different response key. As such, the Context-Last 

example in Figure 1 (lower panel) depicts an incongruent arrangement as the target “⊙” and 

irrelevant item “G” are associated with opponent response-keys (the right and left response 

key respectively). The location of the lower level items in the response panel was randomized, 

each appearing equally often on either the left or right side of the screen, with half of the trials 

requiring a right/left target response. Which of the lower item appeared first in the sequence 

was also randomized and balanced. All stimuli were printed in white, on a black background. 

We used the same stimuli set as Bhandari & Badre (2018) , extracted from 

(https://osf.io/exyks/). 

Training consisted of six blocks, preceded by a short practice block to familiarize 

participants with the task and assure that the instructions were understood. Each block started 

with four instruction screens, followed by 48 trials. Two possible task structures were 

introduced, depending on the group assignment (see general procedure). For the CF group, 

each trial started with the cue (“11 or “53”), followed successively by two lower-level items, 

one response-relevant and the other response irrelevant (one letter and one symbol). In 

contrast, for the CL group, the cue appeared last in the sequence.    

https://osf.io/exyks/
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The first two items in the sequence appeared always for 300 ms whereas presentation 

of the last item was terminated upon response within a window of 3000 ms. A fixation cross 

was presented between stimulus presentation (pseudo-randomly jittered between 600-1600 

ms) and between trials (ITI; 500). In the practice block, feedback was provided following 

incorrect trails, presenting the German word “Falsch” [incorrect] printed in red in the center 

of the screen. 

Task-switching (Baseline and Transfer blocks). We used a modified version of the 

task-switching paradigm, including only mixed-tasks blocks. As stimuli, we used bivalent 

picture stimuli (meaning that the stimuli were relevant for the two tasks) depicting animals 

and objects. The size of the pictures was 1.57” x 1.18”. Participants switched between two 

task rules.  One task rule was to classify the animals/objects as fly/can’t fly (Rule 1).  The 

other rule was to classify these stimuli as living or non/living (Rule 2). We used four stimuli 

all affording the two task-rules that were assigned to either a left response key (y) or right 

response key (m) on a QWERTZ-keyboard, depending on the respective category. The 

response key assignment was counterbalanced across participants.  

In both, baseline and transfer, the task-switching block started with two instructional 

slides presenting the task rules, followed by eight practice trials and a block of 64 

experimental trials. Each trial started with a fixation cross for 500 ms, followed by cue for 

650 ms. The target stimulus was then presented, remaining on screen either until a response 

was given or until 3500 ms had elapsed. Feedback was only presented for errors or too slow 

reaction times (slower than 3500 ms). 

AX-CPT (Transfer). This paradigm (Servan-Schreiber, Cohen, & Steingard, 1996) is utilized 

as a measure of context-dependent cognitive control processes in which the cue determines 

the relevant response to consecutive lower-level item (i.e., probe). A target response was 

required whenever the letter A appears as a cue, followed by the letter X (AX trials), 
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occurring 70% of all trial. Three non-target trial conditions were introduced (10% each): (a) 

AY condition  in which the “A” cue was followed by a Y-probe (Y- all letters other than X); 

(b) BX condition in which the “X” probe was preceded by a B-cue (B – all letters other than 

A) or BY condition (the cue and probe were neither the letters A nor X). The higher 

frequency of the AX trials results in a strong expectation for a target response following the 

A-Cue, leading to high error rate on AY trials.     

For response collection, a left response key (y) and right response key (m) on a 

QWERTZ-keyboard were used. The assignment of the response key to target and non-target 

response was counterbalanced between participants. The letters were printed in 24px Calibri 

Light font.  

The block started with three instructional slides followed by 120 experimental trials. 

Each trial started with a cue (300 ms), a delay of 1500 ms which was then followed by the 

probe (300 ms). Participants had 1300 ms to respond. A feedback was presented for too slow 

reaction times (slower that 1300). The trial ended with a blank screen (ITI; 1000 ms).      

General Procedure 

Participants were randomly assigned to one of two equal sized training groups: (a) CF 

condition and (b) CL condition. They attended a one-hour experimental session, starting with 

task-switching baseline block, followed by one practice block with the WM training task, six 

training blocks and subsequently with task- switching and AX-CPT transfer blocks, 

respectively.  

Results 

 

Practice trials as well as the first experimental trial were excluded from analysis. In addition, 

for calculating mean RTs, erroneous trials, trials preceding an error and trials deviating 3 SDs 

from the individual participant’s mean in each block and trial type were discarded (24%). 

Following data processing, one participant from the CL was excluded from analysis due to 
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exceptionally high error rate (40%), leaving only seven analyzable trials in the switch 

condition for that participant. Thus, data from 39 participants entered analysis eventually.   

To look for potential initial differences between the training groups, 2 x 2 analysis of 

variance (ANOVA) was conducted just for the baseline block on both RTs and error rates, 

with trial type (repeat or switch) as within-subjects variable and group (CF or CL) as a 

between-subjects variable. For the RT data, the results revealed the typical switch cost 

pattern, such that slower responses were obtained on task-switch (M = 811 ms, 95% CI [765, 

857]) as compared to task-repeat trials (M = 743 ms, 95% CI [703, 784], F(1, 77) = 26.75, p < 

.001, ηp
2 = .26, BF10 > 100. Unexpectedly, the main effect group reached significance with the 

Bayes Factor (BF) favoring H1, F(1, 76) = 6.25, p < .05, ηp
2 = .07, BF10= 4.80. Participants in 

the CF group showed overall slower RTs (M = 832, 95% CI [744, 891]) as compared to the 

CL group (M = 723, 95% CI [664, 782]). In contrast, the evidence for an interaction between 

group and trial type provided evidence in favor of H0, F = 1.09, p = .30, BF10= 0.32.  

No significant effects were obtained in error data (all F < 2.23, all p > .13). The BFs for 

trial and group were indecisive tending to favour H0, BF10 (Trial) = 0.49, BF10 (Group) = .40, 

whereas evidence for H0 was obtained for the interaction Group x Trial, BF10 = 0.28.      

 

 

 

Training Performance – Context Processing Task  

 A 2 x 6 mixed factors ANOVA was performed with block as a within-subjects variable (2-7) 

and group (CF or CL) as a between-subjects variable for both RTs and error rates (See Table 

1 and Figure 2).  
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 As seen in Tables 1, the main effect for group was significant for both RTs and error 

data, pointing to generally faster RTs and lower error rates in the CF (MRTs = 731, 95% CI 

[669, 794]; MErr= .04, 95% CI [.02, .06]) as compared to the CL group (MRTs = 1167, 95% CI 

[1103, 1231]; MErr = .08, 95% CI [.06, .10]), thus replicating the findings of Bhandari & 

Badre (2018). The BF for group was aligned with the frequentist analysis, favoring H1. 

 The main effect block was significant in the RT data only, indicating to a reduction in 

RTs from Block 2 (MRTs = 967, 95% CI [916, 1017]) to Block 7 (MRTs = 922, 95% CI [876, 

968]). The BF for block in the RT data provided only anecdotal evidence for H1 while that for 

the error data provided evidence for H0. The two-way interaction Group x Block was neither 

significant in RT nor error data (see Figure 2). The respective BF was indecisive for RT but 

provided evidence for the H0 in the error data.   

Table 1. Main effects and interaction of the Group X Block ANOVA in the context processing 

training task (RTs and Error rates) 

   

Statistic 

 

p value 

 

Effect Size 

(ηp
2) 

 

BF10 

RTs Group  F(1, 77) = 93.37 < 

.001*** 

.55 >100 

Block F(5, 385) = 3.13 < .01** .04 1.08 

Group x Block  F(5, 385) = 2.05 = .07 .03 0.32 

Error 

Rates 

Group  F(1, 77) = 10.04 <  .01** .11 15.17 

Block F(5, 385) = 0.86 = .50 .01 0.01 

Group x Block  F(5, 385) = 0.84 = . 52 .01 0.04 
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Figure 2. Mean RT in ms (left panel) and error rates in % (right panel) across the training blocks as a function of group. Error bars denote 95% 

confidence interval of the means.  
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Transfer Performance – Task Switching  

To examine training effects on task switching performance, a 2 x 2 mixed factors ANOVA 

was conducted, with pre-test vs. post-test, trial type (repeat, switch) as within-subjects and 

group (CF, CL) as a between-subjects variable (for full Table of statistics, see Tables 2 and 3). 

Table 2. Main effects and interaction of the Group X Block ANOVA in task-switching (RTs) 

  

Statistic 

 

p value 

 

Effect Size (ηp
2) 

 

BF10 

Group  F(1, 77) = 2.93 0.09 .03 0.88 

Block F(1, 77) = 77.18 < .001*** .50 >100 

Trial Type F(1, 77) = 29.82 < .001*** .28 24.01 

Group x Block  F(1, 77) = 8.34 < .01** .11 >100 

Trial Type x Block F(1, 77) = 7.14 < .01** .08 0.40 

Trial Type x Group F(1, 77) = 0.07 = . 79 .001 < 0.01 

Trial Type x Block x Group F(1, 77) = 6.76 < .05* .08 0.56 
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Table 3. Main effects and interaction of the Group X Block ANOVA in task-switching (Error 

rates) 

  

Statistic 

 

p value 

 

Effect Size (ηp
2) 

 

BF10 

Group  F(1, 77) = 1.51 0.22 .02 0.38 

Block F(1, 77) = 52.32 < .001*** .40 >100 

Trial Type F(1, 77) = 8.04 < .01** .09 1.77 

Group x Block  F(1, 77) = 0.04 0.84 .001 0.16 

Trial Type x Block F(1, 77) = 0.31 = .57 .004 0.18 

Trial Type x Group F(1, 77) = 0.71 = .40 .01 0.24 

Trial Type x Block x Group F(1, 77) = 0.001 

 

=.82 .001 0.34 
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Figure 3. Mean RT in ms in baseline and transfer task-switching blocks in the CF (left panel) 

and CL condition (right panel). Error bars denote 95% confidence interval of the means.   

 

RTs. As seen in Table 2, the main effect of block was significant, pointing to a reduction 

in RT from the baseline (M = 778 ms, 95% CI [736, 819]) to the transfer block (M = 633 ms, 

95% CI [595, 670]). The BF provided very strong evidence for H1.  

In addition, the main effect for trial type reached significance, denoting the typical switch 

costs, namely, slower RT on switch (M = 731 ms, 95% CI [691, 770]) as compared to repeat 

trials (M = 680 ms, 95% CI [645, 714]). This was further confirmed by Bayesian analysis, 

providing evidence in favor of H1. Conversely, the main effect of group did not reach 

significance, obtaining only anecdotal evidence for H0.  
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Importantly, the two-way interaction Group x Block was found to be significant. Despite 

the disadvantage in RT on the baseline block as compared to the CL group, higher reduction 

in RTs from baseline to the transfer block was found in the CF group (M = -193 ms) as 

compared to the CL group (M = -97 ms), t(77)= 2.89 , p < .01, d = .65. The BF provided very 

strong evidence for H1. The two-way interaction Group x Trial Type was not significant, 

finding a strong evidence for H0. A significant three-way interaction was found between 

group trial type and block (see Figure 3), indicating to a reduction in switch costs in the CF 

group, t(39)= 3.50 , p < .01, d =.55, but not in the CL group (p= .64). In the transfer block, the 

CL group produced significantly higher switch costs as compared to the CF group, t(77)= 

2.07, p < .05, d =.46. However, the BF for the three-way interaction was indecisive.  

Due to pre-existing differences between the groups in overall RT, we ran an additional 

analysis excluding participants from each group so that the slowest participants (as 

determined during pre-test) were ~equally slow in the two groups and the quickest 

participants were likewise ~equally quick, thus eliminating the initial group differences.  In 

detail, we excluded participants in the CF whose RTs were higher than the RTmax in the CL 

group (>1184 ms) and participants in the CL groups who responded faster than the RTmin in 

the CF (< 559ms) (n=11; nine from the CL and two from the CF group). We then reanalyzed 

the trimmed data, the initial group differences were no longer significant and BF, albeit 

undecided, favored H0.  Importantly, the statistical conclusions regarding a group by block 

interaction in task-switching remained unchanged (see Table S1 and S2 in supplementary 

material for the ANOVA results)5. 

Overall, the results indicate that CF training seems to lead to improved overall task 

switching performance as compared to CL training condition, indicating a transfer of learned 

 
5 ANCOVA analysis, inserting baseline RTs for repeat and switch trials as covariates, 

revealed a significant two-way interaction between group and trial type, F(1, 75) = 6.86, p < 

.01, ηp2 = .08.  
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control policies to novel untrained contexts. Moreover, our data did not provide strong 

support for the reduction of switch costs in the CF group as compared to the CL group.    

Error rates. The results point to significant main effect for block and very strong 

evidence for H1, indicating to a reduction in error rates from baseline (M= 0.10, 95% CI 

[0.08, 0.11]) to the transfer block (M = 0.04, 95% CI [0.03, 0.05]). Moreover, the main effect 

for trial type was also significant, pointing to typical switch costs, namely, higher error rates 

on switch (M = 0.08, 95% CI [0.06, 0.09]) compared to repeat trials (M = 0.06, 95% CI [0.05, 

0.07]). The BF for trial was indecisive, tending to favor H1. No other effect reached 

significance. The found BF of group and that of the interaction Trial x Block x Group were 

indecisive, favoring H0 whereas the BFs for all two-way interaction provided strong evidence 

for H0. 

Transfer Performance – AX-CPT 

For RT analysis, the first trial as well as erroneous trials were excluded (5% of overall trials). 

A 4 x 2 mixed model ANOVA was performed on both RT and error rate, including condition 

as a within-subject independent variable (AX,AY,BX,BY) and group (CF,CL) as a between-

subject independent variable (See Tables 4 and 5 for the ANOVA results).  

Table 4. Main effects and interaction of the Group X Condition ANOVA in the AX-CPT block 

RTs) 

  

Statistic 

 

p value 

 

Effect Size (ηp
2) 

 

BF10 

Group  F(1, 77) = 0.65 0.42 .01 0.26 

Condition  F(3, 231) = 125.10 < .001*** .61 >100 

Group x Condition  F(3, 231) = 0.14 0.94 .001 0.04 

 



Part III – General Discussion                                     119 

  

 

 

Table 5. Main effects and interaction of the Group X Condition ANOVA in the AX-CPT block 

Error rates) 

  

Statistic 

 

p value 

 

Effect Size (ηp
2) 

 

BF10 

Group  F(1, 77) = 8.66 < 0.01** .10 8.63 

Condition  F(3, 231) = 26.93 < .001*** .26 >100 

Group x Condition  F(3, 231) = 0.09 2.03 .02 0.38 

 

        RTs. The results revealed the typical effect for condition, pointing to lower RT on AY 

(M= 493 ms, 95% CI [478, 0.508]) as compared to AX (M= 348 ms, 95% CI [335, 361]). All 

other effects were not significant, with results favoring H0 (All F< 1, p> .45, BF10 < 0.26).  

Error Rates. The expected main effect for condition was significant, pointing to higher 

error rates on the AY (M = 0.23, 95% CI [0.17, 0.28]) as compared to AX (M = 0.12, 95% CI 

[0.06, 0.19). The main effect of group reached significance showing higher error rates in CF 

group (M = 0.25, 95% CI [0.17, 0.33]) as compared to CL group (M = 0.08, 95% CI [- 0.17, 

0.16]). However, in contrast to our hypothesis, the two-way interaction Group x Condition did 

not reach significance, finding anecdotal support for H0. 

Discussion 

The goal of the current study was to examine whether practicing WM gating control polices 

can lead to beneficial transfer to different cognitive control tasks that arguably involve similar 

control policies. To this end, we used Bhandari & Badre's (2018) second-order WM task and 

assigned participants to either an input-gating or output-gating policy training. Following 
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training, transfer effects were assessed using the cued task-switching task and the AX-CPT 

task.  

First, and in line with our hypothesis, CF structure training, more than CL structure 

training led to improvement in task switching performance, as evidenced in RT in both switch 

and repeat trials. Second, we did not find any effect of CL vs. CF training on performance in 

the AX-CPT task. There exists the possibility that this null effect reflects a methodological 

limitation which we were well aware of. Remember that the AX-CPT always occurred after 

task switching. This means that all participants had already worked through the cued task 

switching blocks where they experienced a condition involving CF.  As a result, whatever 

group differences existed beforehand could have been eliminated.   

Adhering to Bhandari and Badre (2018), we choose to interpret our findings within the 

working-memory gating frameowrk, attributing the advantage of the CF over CL training in 

task-switching to the learning and transfer of selective input-gating policies. Specifically, the 

early appearance of the cue in the CF condition encouraged participants to exploit this 

contextual information in order to optimize their performance through selective selection of 

information into WM. Successful transfer of such form of control policy to task switching 

produced performance gains, presumably by promoting advance preparation for the upcoming 

task, shown previously to benefit task switching (e.g., De Jong et al., 1999; Dreisbach et al., 

2002; Meiran, 1996; Meiran & Chorev, 2005; Schuch & Koch, 2003). With respect to switch-

costs, our results were less clear. The seemingly promising and novel switch cost reduction in 

the CF condition, as shown in the frequentist data analysis, was not supported by the Bayesian 

analysis. While such outcome can point to noise in our data, one cannot exclude the 

possibility that the absent Bayesian support for the alternative hypothesis is due to 

methodological limitation such as sample size or training dosage. Nonetheless, as argued by 

several authors, in the cued version of the task switching task, switch and repeat trials share 
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preparatory processes (Dreisbach et al., 2002; Meiran et al., 2008; Shahar & Meiran, 2014; 

Sohn & Anderson, 2001).This is inherent in the unpredictable ordering of the task, requiring 

participants to know in advance the nature of the upcoming task (regardless if it repeats from 

the previous trial). These theories thus predict a benefit of CF training in both switch and 

repeat trials. With regard to training dosage, it remains less clear what is the optimal training 

dose for effective learning and promoting transfer effects. While some advocate for the 

importance of high training dose for transfer emergence, others suggest to the lack of any 

modulating effects for training dose on transfer (Brehmer et al., 2014; Jaeggi et al., 2008; 

Karbach & Verhaeghen, 2014a; Melby-Lervåg et al., 2016; Peng & Miller, 2016; Soveri et 

al., 2017a). In fact, recent studies suggest than transfer can actually occur even after single 

training sessions (Sabah et al., 2018; Shahar et al., 2018). This in turn seems to in line with 

existing evidence suggesting that the occurrence of skill acquisition per se requires only 

limited amount of practice with individuals reaching fast ceiling performance, developing 

automaticity (John R. Anderson, 1982; Logan, 1988).  

More generally, our findings provide further support that internal control policies 

constitute a critical component of task switching and task-sets in general, which are 

independent from S-R associations. This in turn bares significant implications for the study of 

task switching, counteracting previous theoretical models speaking against the involvement of 

endogenous executive control processes (e.g., task reconfiguration upon switching and\or 

inhibition of previously activated task set) in cued task switching procedures, attributing 

switch costs to the benefits emerging on repeat trials due to mere cue priming effects (i.e., cue 

repetation; Logan & Bundesen, 2003; Schneider & Logan, 2005). Importantly and for the first 

time, we were able to show that the learning of control policies is not only transferable 

between very similar tasks (either CL or CF tasks; Bhandari & Badre, 2018) but also transfers 

to superficially dissimilar cognitive control tasks sharing similar task control dynamics. This 

in turn brings forward a new direction in cognitive training research, emphasizing the 
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necessity to step back and reconsider the learning mechanisms of cognitive control. For 

example, a relevant and new theoretical contribution comes from recent studies, looking at the 

interaction between learning and cognitive control. This line of research points to the critical 

role of building-up and leveraging task-set structures extracted via contextual information in 

the service of learning and transfer of abstract policies that support cognitive control 

processes (Braun, Mehring, & Wolpert, 2010; Collins & Frank, 2013; Gershman, Blei, & Niv, 

2010; Huys et al., 2015). Interestingly, such approaches draw among other on principles of 

categorial learning. Specifically, in their model, Collins and Frank (2013) propose that 

clustering via shared similarities between higher-order contextual features, that is how S-R 

contingences are conditioned by contexts, allows to identify applicable policies across 

unrelated contexts. Only recently, categorization-based learning has also been claimed to play 

an important role in the transfer problem, enhancing the frequency of spontaneous transfer 

(Kurtz & Honke, 2020). Others highlight the possibility that even abstract control settings 

such as flexibility can be learned and explained by way of associative learning (Abrahamse et 

al., 2016; Braem, 2017; Braem & Egner, 2018).  As such form of learning seems to occur on 

higher hierarchical levels of abstraction, similar context training approaches might allow to 

promote wider transfer effects as compared to the currently applied training protocols, limited 

to specific task-rules and S-R association (e.g., Badre et al., 2010; Bhandari & Badre, 2018; 

Collins & Frank, 2013; Frank & Badre, 2012). 

One possible noteworthy caveat of the current study might be the lack of control group 

(i.e., who did not undergo any control policy training) to decide whether it was really the CF 

training that improved and not the CL training that hampered task switching performance. 

However, this seems implausible here when considering that in both CF and CL groups, a 

reduction in overall RTs from baseline to transfer was observed. Additional downsize to 

consider is the absence of rest periods during training that might have led to fatigue, 

explaining as such the quite modest obtained learning effects. Instead, including rest periods 
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have been shown to enhance cognition compared to non-rest conditions, which might have 

encouraged here a steeper learning curve and even stronger transfer effects (Steinborn & 

Huestegge, 2016) .   

To conclude, our results support suggestions that internal control processes are an 

additional critical abstract entity constituting a task set that participants can learn through 

experience and reutilize across varied novel contexts (cf. Bhandari & Badre, 2018). For the 

first time, such control policies were shown to be transferable to novel untrained cognitive 

control task (i.e., far transfer), inducing performance gains. These results open a new venue 

for investigation for the domain of CT, allowing to better understand possible underlying 

mechanisms for its effectiveness.     
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Summary of Findings 

Following the wide controversy concerning the success of CT in producing generalizable 

improvements in cognitive ability, the current thesis endeavored on examining possible 

underlying mechanisms of generalizable training effects. Such investigation seems of extreme 

importance for the future advancement of cognitive enhancement domain.  

In study 1, we examined the role of training variability in short-term task switching 

training. Content as well as structure variability were manipulated, resulting in four training 

conditions: FC/FS, FC/VS, VC/FS and VC/VC. A single training session was carried out, 

starting with a baseline block followed by seven training blocks and then with two task 

switching transfer blocks, one with FS and one with VS, respectively. Our findings supported 

the contribution of content but not structure training variability to transfer. A disassociation 

between training and transfer performance was noted. During training, notable improvement 

in task switching along the training blocks was observed among the FC but not the VC group. 

However, when transferred to new tasks, FC training seemed to induce transfer costs, with 

VC training producing transfer gains. Taken together, these findings (a) support the 

contribution of desired difficulty conditions, here content variability, to diminishing the costs 

of repetitive training and (b) suggest that learning performance is not necessarily a valid index 

for transfer occurrence (Schmidt & Bjork, 1992).           

In study 2, we sought on expanding the results of our previous study, examining the 

additional benefits of enhanced task demands through the combined manipulation of content 

variability and increased task interference (i.e., bivalent stimuli utilization). Importantly, we 

examined the role of learners’ control as an additional possible moderator of learning and 

transfer in CT. To this end, the task switching paradigm, manipulating (a) whether content 

remined fixed or varied across training and (b) whether participants were allowed to 

voluntarily switch\repeat a task or whether it was forced. A pre-post design was applied 
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starting with a task switching and verbal fluency baseline blocks, followed by seven training 

blocks, task switching block (near transfer) and finally with verbal fluency block. To be able 

to compare between the two studies’ results, we used the same baseline and transfer blocks as 

in study 1. As pointed out by our results, the content variability effect was replicated, failing 

however to show additional transfer benefits of learners’ control beyond that of training 

variability. Interestingly, between-study comparison revealed an even higher transfer gains in 

study 2 when compared to study 1, modulated presumably by the enhanced task demands due 

to bivalent stimuli utilization.  

Study 3 draws on the previous findings of Bhandari & Badre (2018), suggesting that 

internal control policies, such as WM gating policies, are one critical aspect of task 

knowledge that can be learned and reutilized in novel similar contexts (near transfer). The 

study was conducted to expand these findings to the context of CT, assessing the possible 

contribution of WM gating policies to promoting wider transfer effects to other cognitive 

control tasks (far transfer). Similar to Bhandari & Badre (2018), the second order WM task 

was employed for training. Participants worked through a cued task switching block 

(bassline), followed by six training blocks with either a CF or CL task structure, affording the 

use of either input or output control policies respectively. Transfer was then assessed on the 

task switching and AX-CPT paradigm. When compared to CL training, CF task structure 

seemed to promote higher gains in task switching performance, due to transfer of selective 

input gating strategies. No impact of CL training was found. For the first time, we were able 

to show that WM control policies can be transferred to novel untrained cognitive control task 

(i.e., far transfer), promoting performance gains.  

Taken together, the current work highlighted the role of desirable difficulty conditions 

such as [content] training variability in producing wider transfer gains. Enhanced task 

demands but not learners’ control was found to promote even higher gains beyond that of 
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training variability. For the first time, we showed that promoting abstraction on the higher-

level of task knowledge through control policy training promotes far transfer effects, 

producing performance gains on untrained cognitive control tasks.  

New Direction to Reconceptualizing Effective CT 

Insights from Task Switching 

The last decade has witnessed a huge revival of interest in cognitive enhancement, led by 

promising scientific evidence pointing to the success of WM and task switching training in 

promoting wide improvements in other untrained EF abilities and even GF. However, ample 

of consecutive attempts have failed to replicate these findings, showing only a very specific 

transfer effects in CT, resulting barely in near transfer effects to very similar tasks (see Lustig 

et al., 2009b; Melby-Lervåg et al., 2016; Melby-Lervåg & Hulme, 2013 for review). As such, 

stepping back to parse the underlying moderators of effective CT is necessary, offering new 

insights for future research.   

Variability, effort and in-between 

So far, the realm of CT has been driven by general-purpose theoretical accounts to learning, 

assuming that improving one aspect of cognitive ability through training can promote general 

cognitive improvements (i.e., far transfer). Hence, the brain is approached as muscle that can 

be “shaped up” through repetitive and recurrent practice (Baumeister et al., 1998; Muraven & 

Baumeister, 2000; Simons et al., 2016). The current work sought to challenge this approach, 

arguing instead that this repetitiveness nature of CT leads instead to rigid and automatic 

behavioral patterns, limiting the occurrence of transfer (e.g., DeWitt, Sih & Wilson, 1998; 

Kakade & Dayan, 2002; Mery and Kawecki, 2004).  

Accordingly, the finding of study 1 highlighted the incurred costs of “doing more of the 

same” approach, showing that training with fixed task rules and stimuli seemed to produce 
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significant performance costs when transferred to novel task switching contexts (near 

transfer). In contrast, we gave solid evidence in both study 1 and 2 that content variability is a 

key underlying factor for preventing the occurrence of negative transfer and for promoting 

wider near transfer effects. These findings coincide with the learning principles proposed by 

Schmidt and Bjork (1992), emphasizing the importance of substantial but desirable effort 

manipulations to improving retention and generalization. This beneficial interplay between 

variability and effort to near transfer in CT is further suggested by the results of study 2, 

showing that the resulting increase in task demands due to bivalent stimuli utilization lead to 

even higher near transfer gains in varied content training and abolished the observed costs 

following fixed content training in study 1. These findings add to previous suggestions that 

engagement in effortful interference\conflict resolution processes during training is a key 

determinant for transfer occurrence (Anguera et al., 2013; Kray & Fehér, 2017). However, it 

is noteworthy that these assumptions are based on between-study comparisons and thus 

should be treated with caution, as we cannot exclude replication failure of the found costs in 

study 1. Aside from the residing favorable effort component to variability, we advocate to its 

role in (a) fostering higher-order abstract representations, transcending simple S-R 

associations and\or (b) enabling the relaxion of task shielding processes operating during 

repetitive task encounter  (Dreisbach & Wenke, 2011; Miller & Cohen, 2001; Schmidt, 1975; 

Schmidt & Bjork, 1992).  

In contrast to content, structure variability was not found to have any impact on near 

transfer outcomes in task switching training in study 1. First, taking into account the observed 

advantages of the preparatory processes afforded through task sequence foreknowledge to 

improving task switching performance, it is intriguing that no benefit for the fixed over the 

random structure was observed during learning (e.g., Monsell et al., 2003; Sohn & Carlson, 

2000). Second, the absence of any benefits of the random task structure to near transfer in task 

switching seems to contradict theoretical accounts, advocating for the advantages of 
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interleaved (random) over blocked (fixed) training schedules to enhancing retention and 

transfer (Schmidt & Bjork, 1992; Shea & Morgan, 1979). Last, unlike previous results, 

transfer from fixed structure training to the random task switching block didn’t seem to incur 

any additional costs (Pereg et al., 2013). Taken together, this lack of modulating effect to task 

structure seems astonishing, especially when considering the suggested natural tendency of 

the human brain to create and learn abstract structures to benefit future behavior (Collins & 

Frank, 2013; Koch, 2005 Monsell et al., 2003). From here, this null effect of structure brings 

out possible methodological limitation in study 1, namely the use of univalent stimuli. In turn, 

this might lead participants to favor a less demanding waiting strategy, relying on bottom-up 

task-cuing (stimulus priming). This seems even more plausible when considering the more 

favorable transfer outcomes of using bivalent stimuli in study 2.                    

As we focused solely on near transfer outcomes in study 1, we wanted among other to 

further examine whether the favorable content variability effects in study 1 will replicate and 

extend also to measures of far transfer effects, namely verbal fluency. While the combination 

of training variability and increased task interference were found to promote wider near 

transfer effects in study 2, no indication to the occurrence of far transfer effects to another 

untrained measures of cognitive flexibility (i.e., verbal fluency) were obtained.  These results 

adjoin to large body of evidence casting dout on the occurance of far transfer in CT (e.g., 

Dougherty et al., 2016; Melby-Lervåg et al., 2016; Soveri et al., 2017). However, despite the 

scarce evidence for far transfer effects in CT, one cannot exclude that the failure to induce 

broader transfer effect beyond the trained task emerges from methodological rigors and the 

nature of the currently applied training protocols. For example, many of the existing training 

protocols target specific EF processes (i.e., process-based), applying one training task that 

taps this ability. Thus, it remains unclear whether this is sufficient to induce general 

improvement in the underlying targeted process, as it might promote superficial task-specific 

strategies, or whether variability in the utilized training tasks, not only task rules and stimuli, 
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is necessitated. This can explain to some extent the more favorable transfer outcomes of 

video-game training, which is not only characterized by rich sensory experience but also 

engages varied spectrum of cognitive abilities (Bavelier et al., 2012; Green & Bavelier, 2012; 

Green et al., 2016). Another pressing matter to the notion of far transfer, is training dosage. 

While some findings support contribution of lengthy training to transfer, others speak against 

any interdependence between training dose and transfer (e.g., Soveri et al., 2017; Weicker et 

al., 2016). As such, the optimal training dose for wider transfer outcomes remains 

undetermined. Moreover, in study 2 we suggested that enhancing task demands seems 

beneficial for obtaining higher transfer gains, but it remains unclear what is the amount of 

effort required to produce maximal transfer effects, that is how do we obtain the suggested 

optimal mismatch between the individual available resources and task demands to induce 

plastic changes that allow for wider transfer effects  (Lövdén et al., 2010)? 

Learners’ Control:  Food for Thought 

In contrary to our expectations, allowing for learners’ control in task switching training was 

not found to modulate training outcomes. Despite the many documented motivational merits 

of learners’ control in skill acquisition, no further advantages for voluntary over forced task 

switching training to transfer were observed (Bell & Kozlowski, 2008; Chiviacowsky, Wulf, 

Lewthwaite, et al., 2012; Deci & Ryan, 2008; León et al., 2014; Sanli & Patterson, 2013; 

Tafarodi et al., 1999). While our findings failed to present any evidence for the motivational 

benefits of learners’ control, several concerns need to be taken in to account when interpreting 

these null effects. First, learners’ control was manipulated in combination with training 

variability and task demands, thus it could be the case that a longer training was required to 

detect any additional benefits of the formers beyond those of the later. This in turn seems 

plausible when considering previous claims that motivational manipulations seem ineffective 

under short-term training conditions (Katz et al., 2014). Second, it is possible that by 
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restricting participants freedom through the specific instructions to choose each task equally 

often and in a random order, we have increased task demands and not motivation. What could 

also point to this direction is the observation that learners’ control seemed to modulate 

learning performance in the fixed but not varied content group. Moreover, as suggested by the 

overall higher transfer gains and reduced transfer costs in study 2 compared to study1, 

training was already highly demanding due to content variability and increased interference, 

which might have led participants to reach ceiling.  

Taken together, in light of the above raised concerns, further research is required to 

clarify whether leaners’ control might play a role in modulating training outcomes in CT, 

addressing the limitations of our study.  It would be also of great interest to examine other 

stronger manipulations of controllability such learning context, for example examining 

transfer outcomes in home-based training, allowing participants even more control over their 

learning process. In fact, there have been some preliminary suggestions to the utility of 

investigating self-paced home-based training to gauging the scope and limitations of transfer 

in CT (Payne & Stine-Morrow, 2017). Last, due to the so far scarce available knowledge on 

intrinsic underpinnings of effective CT, a deeper and more systematic exploration of 

individual differences and motivational influences on transfer is required.    

The Paradox of Learning: Lesson Learned  

An important outcome of study 1 and 2 is the found dissociation between training and 

transfer, emphasizing the necessity to distinguish between transient performance changes 

during practice and meaningful learning, that produces longer-term changes in behavior 

(retention) and transfer (Schmidt & Bjork, 1992). As suggested by our findings, disrupting 

learning during training by means of variability and enhanced task demands, seemed to 

promote higher transfer gains, despite the absence of any notable improvements during 

training (Schmidt & Bjork, 1992). These add to ample of empirical documentations, pointing 



Part III – General Discussion                                     132 

  

out that training performance is not a reliable indicator of learning and transfer emergence 

(see Soderstrom & Bjork, 2015 for review). In fact, it is suggested that those very conditions 

that disrupt learning the most might lead often to the most optimal learning and transfer to 

novel contexts (Lin et al., 2010; Schmidt & Bjork, 1992; Simon & Bjork, 2001; Soderstrom & 

Bjork, 2015). As such, our results bring out the problematics of the widely applied research 

practices, relying on training effects as a measure of training effectiveness (see also Tidwell et 

al., 2014). For example, one such popular method is the correlated gains approach, in which 

training and transfer difference scores are correlated as proxy for training effectiveness (e.g., 

Baniqued et al., 2015; Zinke et al., 2012). Instead, and in line with the valuable commentary 

by Seitz (2017), our results call for a reconceptualization of learning, addressing its different 

facets and the conditions of its joint emergence. Hence, arriving into such understanding is a 

prerequisite for designing effective training and to better gauge the occurrence and breadth of 

transfer.    

Gauging Training Effects in Task Switching:   

To date, task switching training studies have relied on switch and mix costs as the sole 

parameters for evaluating training effectiveness. With regard to transfer, findings have been 

intermixed, with some studies pointing to a reduction in pre-post performance on both these 

measures while others finding specific reduction limited to one type of costs (Karbach & 

Kray, 2009; Minear & Shah, 2008; Zhao et al., 2020). In both study 1 and 2, no transfer gains 

were obtained in switch costs, showing instead to a reduction in overall latency from baseline 

to transfer in the varied content conditions. Therefore, this tends to point to improvement in 

global task switching performance, mirrored typically by mixing costs (Pereg et al., 2013; 

Strobach, Liepelt, Schubert & Kiesel, 2011; Zinke et al., 2012). On the other hand, we 

introduced yet another measure of transfer performance, namely pre-post score differences for 

repeat and switch trials, revealing a more pronounced reduction in latency that was specific to 
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switch trials. An additional interesting venue to explore in future studies would be to evaluate 

possible transfer gains in VTS. Such examination will offer yet another training efficiency 

measure by examining possible increases in VSR following training, indexing increased 

flexibility (Arrington & Logan, 2004).  

 Open Sesame: The Role of Gating Policies in CT 

Throughout this dissertation, we continually highlighted the value of abstract knowledge 

representations to intelligent behavior in general and learning and transfer in specific. While 

in study 1 and 2 this interlink was indirectly addressed through the notion of variability, study 

3 attempted to explicitly explore this matter by focusing on one critical aspect of abstract task 

knowledge, namely internal control policies. Previously, the trainability and learnability of 

control polices has been demonstrated within the domain of WM, captured through higher-

order gating control mechanisms (Bhandari & Badre, 2018). Expanding this idea to the 

domain of CT, we provided further evidence that gating control policies are in fact trainable, 

constituting a critical component of task knowledge that is independent from S-R associations 

(Bhandari & Badre, 2018). Importantly and for the first time we showed that such knowledge 

can be reutilized to benefit performance on other distinct cognitive control tasks, here task 

switching, by exploiting regularities in task structure. As suggested by our results, training of 

selective input-gating control policies (CF condition) seemed to promote more efficient task 

preparation through enhanced cue processing, resulting in overall latency gains in task 

switching (e.g., De Jong et al., 1999; Dreisbach et al., 2002; Meiran, 1996; Meiran & Chorev, 

2005; Schuch & Koch, 2003). Remember that in both the CF condition and task switching, a 

higher-order contextual information (i.e., cue) determines which task/stimuli are response 

relevant, thus allowing for more efficient selection and entry of information into WM. Less 

conclusive were however the results concerning switch costs, as the found gains in the 

frequentist data were not confirmed by Bayesian inference, thus possibly signaling to noise in 
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our data. Nonetheless, the lack of support for the alternative hypothesis can also be related to 

possible methodological rigors such as sample size or training dosage. This can also explain 

the absence of any advantageous modulation for output over input gating policy training in 

the AX-CPT paradigm.  

One fully cognizant additional limitation was the possible emergence of sequence 

effects due to the constant presentation of the AX-CPT after the task switching transfer block, 

with the later encouraging rather the employment of proactive input gating policies. As the 

nature of the AX-CPT itself further fosters such control policy or control mode (see Hefer & 

Dreisbach, 2020), it is not that surprising that we did not find an effect of the respective 

training conditions. If anything, the null effect in the AX-CPT together with the CF transfer 

effect in task switching suggest that control policies can be flexibly learned and applied to 

different task and context conditions. Such account is consistent with the findings of Bhandari 

& Badre (2018), showing that participants who executed a CF transfer block immediately 

after CF block after being previously trained on CL structure  (i.e., CL → CF → CF) 

performed initially better than those exposed to only CL training structure (i.e., CL→CF).  

Alternatively, it could be the case that any indication for transfer of selective out-put gating 

might be observed only on the initial trails of the AX-CPT as with longer experience with the 

task, participants are encouraged to embrace a more proactive control mode. Unfortunately, 

such an analysis was not possible in the current study as the current design of the AX-CPT 

block didn’t ensure a balanced distribution of the different conditions (i.e., AX, AY, BX, BY) 

within different trial bins.  

 Taken together our results bring up valuable new insights to the domain of CT, 

opening promising venues for future investigation. In specific, it highlights the importance of 

reassessing the interplay between cognitive control and learning processes, motivating 

generalizable cognitive control related skills. For example, particularly of interest are 
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emerging hierarchical reinforcement learning accounts to cognitive control, pinpointing the 

role of policy abstraction in supporting flexible and adaptive cognitive control (see Bhandari 

et al., 2017 for a review). These suggest that learning and transfer of abstract control policies 

are facilitated in conditions that allow for hierarchical assemblance of task related 

contingencies, namely through the detection of abstract task structure, signaled by available 

contextual information (Collins et al., 2014; Collins & Frank, 2013; Frank & Badre, 2012).   

Alternatively, the acquisition of such abstract policies can be equally approached and 

investigated through the wider lens of associative learning (Abrahamse et al., 2016; Braem, 

2017; Braem & Egner, 2018). Such understanding of cognitive control pave the way for a new 

and promising direction in CT, exploring further the potential of similar context training 

procedures to promoting wider transfer effects (e.g., Badre et al., 2010; Bhandari & Badre, 

2018; Collins & Frank, 2013; Frank & Badre, 2012)   

Conclusion 

Our findings challenge the “brain as a muscle” approach to cognitive enhancement, 

accentuating the incurred costs of the repetitive nature of the currently applied training 

protocols. In contrast, examined within the context of task switching (study 1 and 2), our 

results point to the benefits of desired difficulty manipulations, by means of content variability 

and enhanced task demands, to promoting more meaningful learning experience and thus 

higher transfer gains. Related to this was the observed dissociation between performance 

during training and transfer outcomes, warning against the common practices of utilizing 

training performance as an index for learning and transfer. Moreover, we “bring a fresh wind” 

to the domain of CT, offering a new promising avenue for tackling the problem of learning 

specificity in EF training. The results of study 3 provide further support to the role of abstract 

control policy learning in supporting adaptive and flexible behavior in distinct cognitive 

control tasks, suggesting to the emergence of far transfer. This in turn brings us to the 
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importance of considering the joint mechanisms of learning and cognitive control that 

facilitates the build-up of such control policy repertoires and motivates its reutilization in 

novel contexts. Here we pinpoint to potential power of context in modulating learning of 

cognitive control related process, allowing to identify and leverage shared commonalities in 

task structure that facilitate the construction and transfer of such policies. 
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Table 1. Mean error rates across the training and transfer blocks in the four training conditions 

 

 

Condition 

Training Transfer 

Block1 Block 2 Block 3 Block 4 Block 5 Block 6 Block 7 Block 8 Block 9 Block 10 

M SD M SD M SD M SD M SD M SD M SD M SD M SD M SD 

FC/FS 0.04 0.02 0.04 0.03 0.04 0.03 0.04 0.03 0.04 0.03 0.04 0.03 0.03 0.02 0.04 0.03 0.04 0.03 0.03 0.02 

FC/VS 0.03 0.02 0.03 0.02 0.03 0.03 0.04 0.03 0.03 0.02 0.04 0.03 0.04 0.03 0.04 0.03 0.04 0.03 0.04 0.03 

VC/FS 0.04 0.04 0.04 0.05 0.04 0.04 0.04 0.03 0.05 0.04 0.05 0.03 0.05 0.04 0.05 0.04 0.04 0.04 0.04 0.04 

VC/FS 0.03 0.02 0.03 0.02 0.04 0.02 0.04 0.03 0.05 0.03 0.04 0.03 0.05 0.04 0.05 0.06 0.04 0.04 0.05 0.04 
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Fig 1. Mean error rates along the experimental blocks (collapsed across content and control 

conditions). Error bars represent standard errors of the mean. 
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Fig 2. Mean error rates along the experimental blocks in the different groups. Error bars 

represent standard errors of the mean. 

 

 

 


