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Abstract (EN) 

Motor skill acquisition is essential to our survival, as it enables an efficient interaction 

with the changing world around us. The acquisition of novel sequential tasks, of 

particular relevance due to their pervasiveness in everyday life activities, can become 

more challenging at an advanced age, with structural and functional changes in the 

brain often resulting in diminished learning abilities. During the pursuit of my doctoral 

degree, I studied some of the processes leading to the acquisition of a novel sequential 

motor task, and how some of the mechanisms underlying these processes differ 

between healthy young and older adults. Young adults acquired the sequential task 

effectively by prioritizing its accurate execution early in training and focusing on 

increasing their speed thereafter, resulting in the generation of mechanically efficient 

execution patterns in the replication of the sequence. In contrast, older adults improved 

both the accuracy and the speed simultaneously and gradually after more extensive 

practice, which resulted in an overall decreased performance of the task. However, 

anodal direct current stimulation applied over the motor cortex partially restored skill 

acquisition in older adults by facilitating the early improvement of the accuracy, 

enabling an accelerated generation of efficient execution patterns in the sequence, 

similar to those seen in young adults. Further investigations into the effects of 

stimulation to improve skill acquisition in healthy older adults showed age not to be a 

determinant factor for an individual’s proneness to benefit from stimulation; rather, it is 

the state of the neural system of each individual what likely determines the potential 

benefits to be had from stimulation. Therefore, a better understanding of the 

mechanisms targeted by stimulation and the identification of parameters signaling an 

individual’s likelihood to benefit from it are needed to use these techniques to their full 

potential. Leveraging this knowledge and taking advantage of the portability, 

robustness and accessibility of this technique could represent an attractive option for 

applications involving extensive motor training, such as rehabilitative training provided 

after stroke.  
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Abstract (FR) 

L'acquisition d'habiletés motrices est essentielle à notre survie, car elle permet une 

interaction efficace avec le monde changeant qui nous entoure. L'acquisition de 

nouvelles tâches séquentielles, particulièrement pertinentes en raison de leur 

omniprésence dans les activités de la vie quotidienne, peut devenir plus difficile à un 

âge avancé, les changements structurels et fonctionnels du cerveau entraînant 

souvent une diminution des capacités d'apprentissage. Au cours de mon doctorat, j'ai 

étudié certains des processus menant à l'acquisition d'une nouvelle tâche motrice 

séquentielle, et comment plusieurs mécanismes sous-jacents à ces processus 

diffèrent chez des adultes en bonne santé, jeunes et plus âgés. Les jeunes adultes ont 

acquis la tâche séquentielle efficacement en donnant la priorité à son exécution 

précise au début de l’entrainement et en se concentrant sur l'augmentation de leur 

vitesse par la suite, ce qui a entraîné la génération de modèles d'exécution 

mécaniquement efficaces dans la réplication de la séquence. En revanche, les adultes 

plus âgés ont amélioré à la fois la précision et la vitesse simultanément et 

progressivement après une pratique plus intensive, ce qui a entraîné une diminution 

globale de la performance à la tâche. Cependant, la stimulation par courant continu 

anodique appliquée sur le cortex moteur a partiellement restauré l'acquisition de 

compétences chez les personnes âgées en facilitant l'amélioration précoce de la 

précision, permettant ainsi une génération accélérée de modèles d'exécution efficaces 

dans la séquence, similaires à ceux observés chez les jeunes adultes. Des recherches 

plus approfondies sur les effets de la stimulation pour améliorer l'acquisition de 

compétences chez les personnes âgées en bonne santé ont montré que l'âge n'est 

pas un facteur déterminant la propension d'un individu à bénéficier de la stimulation ; 

ce serait plutôt l'état du système neuronal de chaque individu qui déterminerait les 

avantages potentiels de la stimulation. Par conséquent, une meilleure compréhension 

des mécanismes ciblés par la stimulation et l'identification des paramètres signalant la 

probabilité qu'un individu en profite sont nécessaires pour utiliser ces techniques à leur 

plein potentiel. Tirer parti de ces connaissances ainsi que de la portabilité, de la 

robustesse et de l'accessibilité de cette technique pourrait représenter une option 

intéressante pour les applications impliquant un entraînement moteur approfondi, 

comme l'entraînement de réadaptation après un AVC. 



Mots-clés : Apprentissage moteur, acquisition de capabilités motrices, vieillissement 

en bonne santé, stimulation cérébrale non invasive, création des modèles, 

apprentissage automatique, évaluation des capabilités motrices 
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• atDCS: Anodal transcranial direct current stimulation 
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• CPD: Coherent point drift 

• C-SMB: Cognitive framework for Sequential Motor Behavior 
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• NIBS: Non-invasive brain stimulation 
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• NMF: Non-negative matrix factorization 

• PCA: Principal component analysis 
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• REML: Restricted maximum likelihood  

• RMT: Resting motor threshold 

• RMSE: Root means square error 



• ROC: Receiver operating characteristic 
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• S1: Primary somatosensory cortex 

• SVC: Support vector classifier  

• SVM: Support vector machines 
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• PMv: Ventral premotor cortex 
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• V: Verum 
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Chapter 1 Introduction 
 

During the pursuit of my doctoral degree, I focused on the study of motor skill 

acquisition and how it changes during healthy ageing. Isolating different mechanisms 

underlying the acquisition of a novel motor skill and finding them to be significantly 

different in older individuals, I applied non-invasive brain stimulation in an attempt to, 

at least partially, bridge the performance gap between healthy young and older adults. 

Encouraged by our results, I searched for additional effects of stimulation after 

extensive motor training, testing the feasibility of deploying such techniques at home 

along the way. Succeeding in this last regard, I implemented an automated tool to 

assess motor function in stroke patients, with the intention of offering home-based 

rehabilitative motor training with concomitant stimulation to stroke patients in a not-so-

distant future. 

 

This chapter offers a description of the principles constituting the foundation for the 

studies I conducted over the past years.  

 

1.1 On motor skill acquisition 
 

Motor learning is a broad term enclosing a variety of processes that allow us to interact 

effectively with our environment. Within the realm of motor learning, skill acquisition 

refers to a series of events enabling the accurate execution of novel, context-

dependent actions at increasing speeds (Krakauer et al., 2019). As such, acquiring a 

new skill requires identifying a specific objective or task to be performed, selecting an 

action or the set of actions that are more likely to meet the identified objective, and 

executing said actions rapidly and precisely. The neural components interacting to 

complete each of these stages vary depending on the task in question and likely 

overlap across stages. Over the past decades, a vast amount of research has focused 

on isolating different components of skill acquisition and associating them to different 

sources of neural activity, seeking to provide insight into the role different brain regions 

play on skill acquisition (Krakauer et al., 2019; Shadmehr & Krakauer, 2008; Verwey 

et al., 2019). In parallel, several attempts at modeling the interactions among brain 

regions have provided a variety of frameworks intended to advance our understanding 



of how skill acquisition occurs (Hikosaka et al., 1999; Shadmehr & Krakauer, 2008; 

Verwey et al., 2014; Wolpert & Kawato, 1998).  

 

Being trained as an engineer, I prefer descriptions framed within the context of 

System Control theory. In this context, skill acquisition can be described as a process 

regulated by a closed-loop control system. As mentioned before, the first stage in 

acquiring a new motor skill involves identifying an objective or a task to be completed. 

To do so, the system must gather information about the world around us, discriminating 

between context-relevant and context-irrelevant information (Wolpert et al., 2011). This 

discrimination is challenged by both internal and external constraints imposed on the 

system, such as delays inherent to the architecture of the nervous system and various 

sources of sensory noise (Faisal et al., 2008). Information is sampled from multiple 

sources, providing multimodal data (e.g., visual, sonorous, proprioceptive, etc.), and 

must be integrated by the system to draw meaningful information about the 

environment (Ernst & Bülthoff, 2004). The nervous system uses this higher-level 

information to generate and update what is commonly referred to as internal models 

about the world (Kawato, 1999). These models are crucial in the way we interact with 

our environment. As mentioned earlier, there are delays inherent to the configuration 

of the neuronal system, derived from the mechanisms involved in the generation and 

transmission of signals throughout the brain. As a result, the efficient generation of 

actions relies on predictions made by the nervous system about the dynamics of the 

world, and about the effects our actions may have on it. In the context of Bayesian 

inference, prior knowledge stored in the form of internal models is used to select an 

action likely to result in a favorable outcome for a specific situation and, acting like a 

biological Kalman filter (Welch & Bishop, 2006), the outcome of the generated action 

is compared to the expected outcome and the result is used to update the internal 

model attached to the action in that context.  

 

This closed-loop architecture involving the integration of sensory data from 

multiple sources and its processing to generate ever more effective actions for different 

situations may seem simple, but how does the brain perform these operations? 

Implementing a controller to regulate the temperature of an oven is indeed quite simple, 

but a system capable of dealing with virtually any task, constantly adapting to changing 

conditions internal and external to itself, is harder to envision.  



 

Sensory information is relayed from many sources throughout the body towards 

the central nervous system. The brain region where this information is integrated may 

vary depending on the context and the type of information being sent, but recent 

research shows that signals from different modalities, such as somatosensory and 

visual, converge at the primary motor cortex (Cross et al., 2021). As such, it would 

constitute the entry point for the feedback loop (or one of the feedback loops) feeding 

information to the controller. As for the controller, previous research shows that the 

different steps leading to the generation of context-dependent actions are governed by 

multiple brain areas. Internal models are believed to be built by the cerebellum, while 

the biological Kalman filter is operated by the parietal cortex, charged with comparing 

the expected against the sensed outcome of an action. The basal ganglia, which 

generates policies for recalibrating the internal models, aims to minimize the error and 

to maximize the rewards (Shadmehr & Krakauer, 2008). Finally, the outputted motor 

commands have traditionally been attributed to the premotor and primary motor (M1) 

cortices, with the former thought to regulate the velocity and the latter the position of 

the effector (i.e., the controlled body part) (Shadmehr & Krakauer, 2008). However, 

recent research suggests the role of M1 might be more related to acquiring a new skill 

and not so much to executing it, at least after the skill has been learned (Kawai et al., 

2015). 

 

 

Figure 3.1 The controller behind motor skill acquisition. a) Brain areas governing the different controller components in 
diagram (b). The colors of the different brain areas correspond to their assigned component within the closed-loop system. b) 
Closed-loop diagram describing different stages in skill acquisition, through which internal models and adequate controllers 
are generated. As described in the text, the system samples information about the world through multimodal sensory 
terminals (e.g., visual, auditory, proprioceptive, etc.), which are used by the parietal cortex for state estimation. The 



cerebellum uses this estimation to generate an internal model about the event. The estimated state is sent to the basal 
ganglia, which defines policies for the controllers based on context-dependent boundary conditions. The controllers regulate 
the trajectory and the speed of the outputted movements through parameters that are fed to the cerebellum and integrated 
into the internal model. A new state is estimated from the combination of the outputted movements and their effect on the 
environment (and vice-versa), which is compared to the pre-existing internal model. This comparison is used by the basal 
ganglia to adjust the motor output, and the present state is used to update the internal model. Note:  I adapted the diagram 
in (b) from the one shown in  (Shadmehr & Krakauer, 2008). 

Constructing and calibrating internal models takes time, as they need to be 

adjusted based on experience. When approaching a novel task, there is typically a 

tradeoff between speed and accuracy, with actions executed at higher speeds often 

being less accurate (Fitts, 1964; Reis et al., 2009), for review, (Heitz, 2014). With 

practice, individuals experience a shift in this tradeoff (Reis et al., 2009), resulting in 

an accurate execution of actions at increasing speeds.  

 

For a review on the subject of motor learning and many of the topics it encloses, 

I recommend (Censor et al., 2012; Krakauer et al., 2019). For a review in the context 

of system control theory, I recommend (Wolpert et al., 2011; Wolpert & Flanagan, 

2016). 

 

1.2 On motor sequence learning 
 

Humans can acquire a wide array of motor skills. Among them, skills involving the 

execution of sequential actions are of major importance due to their prevalence in 

everyday life, with activities as common as brewing a cup of coffee or the generation 

of spoken language. Sequential tasks can be classified as being either discrete, 

consisting of well-delimited individual actions executed successively (e.g., playing the 

piano), or continuous, in which the boundaries between successive actions are not 

clearly delimited (e.g., a tennis serve). The mechanisms underlying these two types of 

tasks may be different, with discrete actions thought to possess individual cortical 

representation, which does not seem to be the case for continuous actions (Krakauer 

et al., 2019). However, the process enclosing the transition from aware, rule-based 

action execution to higher levels of abstraction in which sequential actions are 

performed automatically may provide insight into how complex, continuous sequential 

movements are generated and refined.  

 

Under this assumption, scientists have developed multiple discrete sequential 

motor paradigms to study different aspects of sequence learning under controlled 



conditions (J. Doyon et al., 2017). Over the past years, I used one of these to study 

skill acquisition in healthy individuals, and how this process changes under different 

conditions (e.g., as a result of healthy aging). This task was designed to probe the 

gradual increase in skill, characterized by an increase in speed and in accuracy over 

the course of training. 

 

When facing a novel sequential task of this kind, individuals tend to break it 

down into smaller segments that are executed in sequence, with extensive research 

supporting the notion of hierarchical planning in the generation of sequential behavior 

(Rosenbaum et al., 2007). This reduces mental load (Bo & Seidler, 2009) and leads to 

optimized movement execution. As a result, individuals perform complex movements 

as a series of shorter commands, namely, motor chunks (Verwey, 1996), which 

emerge gradually with practice and allow for accurate execution at increasing speeds 

(Wymbs et al., 2012). Chunking patterns tend to differ between individuals executing 

the same motor sequence (Sakai et al., 2003), but previous research consistently 

shows the emergence of chunking patterns in healthy young adults (e.g., Acuna et al., 

2014; Verwey, 2001).  

 

In the previous subsection, the process of skill acquisition was described as a 

closed-loop control system. The Cognitive framework for Sequential Motor Behavior 

(C-SMB) presents a model with similar architecture, in a setting involving the 

acquisition of a novel sequential task (Verwey et al., 2014). Within the C-SMB, there 

are three stages or modes present in the acquisition of a motor sequence: a) the 

reaction mode, during which individuals generate actions as a response to specific 

stimuli, establishing a stimulus-action map, b) the central-symbolic mode, during which 

spatial and/or verbal representations of the sequence emerge, and c) the chunking 

mode, during which distinct temporal patterns emerge, enabling a rapid and efficient 

execution of the sequence (Verwey et al., 2014).  

 

In the context of the closed-loop system described in the previous subsection, 

reaction mode would rely on the activation of M1, both for incoming sensory feedback 

and for the generation of stimulus-specific actions, and on the cerebellum to build the 

“first draft” of an internal model for the task in question. Indeed, a network including 

M1, the primary somatosensory cortex (S1) and the cerebellum was associated with 



the execution of finger-tapping tasks (Laird et al., 2011). The spatial representation of 

the sequence, thought to emerge during the central-symbolic mode, seems to reside 

in premotor and parietal areas (Yokoi & Diedrichsen, 2019), with a clear separation 

from the temporal coordinates (Kornysheva & Diedrichsen, 2014) assumed to emerge 

during chunking mode. In our control loop, the temporal patterns would be gradually 

refined by the basal ganglia, defining policies enforcing a balance between motor 

efficiency and mental load (Acuna et al., 2014). At this stage, the sequences are 

executed in more of an open-loop manner, relying less on sensory feedback 

(Abrahamse et al., 2013), which may partially explain the drop in metabolic activity at 

M1 (Picard et al., 2013), where sensory information converges (Cross et al., 2021). 

 

 

Figure 1.4 Sequence-tapping task described within the C-SMB framework. The sequence-tapping task we used consisted on 
the replication of a nine-digit numerical sequence by means of a four-button box. The keys of the button box were numbered 
from two to five, with the number “2” assigned to the index finger and the number “5” assigned to the little finger of the left 
hand. During the execution of the task, a dot indicated the key to be pressed next. We asked participants to replicate the 
sequence as fast and as accurately as they could, and provided no external feedback on the correctness of their presses. In the 
context of the C-SMB framework, reaction mode involves generating actions according to specific stimuli (i.e., pressing the 
right key with its assigned finger), and relies mainly on brain areas such as the primary motor (M1) and the primary 
somatosensory (S1) cortices, as well as the cerebellum (colored in blue). The spatial coordinates of the task, consisting of the 
ordered elements of the sequence, are stored while in central-symbolic mode, with the dorsal premotor (PMd) and the 
posterior parietal (PPC) cortices playing a major role (colored in orange). Finally, the rhythmic temporal patterns emerging as 
a result of practice, referred to as motor chunks, appear during chunking mode and are represented in the dorsal premotor 



cortex (PMd, colored in green). Please note that this is an illustrative caricature providing some intuition on the areas involved 
at each stage, while the true representation of the areas involved is not as well-delimited and representations may overlap. 

 

1.3 On neuroplasticity 
 

Neuroplasticity, or brain plasticity, is a property of the brain that allows for its structure 

and its function to change and adjust as a response to external events, internal 

physiological variations and individual experiences (Alvaro Pascual-Leone et al., 

2005). As such, brain plasticity constitutes the grounds for learning and the mechanism 

through which our internal models about the world are built and updated (Kawato, 

1999). 

 

Neuroplasticity allows the brain to reconfigure itself locally to represent task-

relevant salient information, enabling the optimization of its processing and the 

generation of ever more precise and adequate responses (Mahncke et al., 2006). Such 

changes in configuration are apparent even after relatively short periods of practice (A. 

Pascual-Leone et al., 1995) (for a review, please see (Alvaro Pascual-Leone et al., 

2005)). Plastic changes resulting from short-term practice are not persistent, but 

extensive training like that undergone by professional musicians lead to persistent 

changes in cortical representations (Elbert et al., 1995; Pantev et al., 2001).  

 

Long-term potentiation (LTP) and long-term depression (LTD) are synaptic 

effects assumed to play an important role in learning (for review, please see (Malenka 

& Bear, 2004)). LTP was first identified in monosynaptic neurons of the hippocampus, 

and it arises when neurons sharing synapses fire simultaneously at high frequency 

(≥100 Hz), which causes a sustained increase in the efficiency of synaptic transmission 

(Bliss & Collingridge, 1993). In LTD, low frequency pulses (1-3 Hz) result in a 

depression effect on the excitatory post-synaptic potential (Dudek & Bear, 1992). LTP- 

and LTD-like plastic changes are driven by neurotransmitters in the glutamatergic 

synapsis and GABA (gamma-amino-butyric acid) neurotransmission, with NMDA (N-

methyl-D-aspartate) and AMPA receptors in the former promoting neuroplasticity, and 

GABA neurotransmission hindering it (Hess, 1996) (for review, please see (M. Nitsche 

et al., 2005)). Previous studies on mice suggest that the upregulation of GABAergic 

neurotransmission in the cortex is essential for motor learning (Liguz-Lecznar et al., 

2015). However, decreased GABAergic activity after training has been associated with 



improved skill acquisition (Floyer-Lea et al., 2006), with larger releases in inhibition 

correlating positively with better motor performance (Stagg et al., 2011).  

 

1.4 On healthy ageing 
 

Healthy ageing involves neurophysiological and structural changes in the brain, 

leading to a decline in cognitive (Bishop et al., 2010) and motor (Frischknecht, 1998; 

Seidler et al., 2010) functions, often resulting in reduced independence and quality of 

life (Craik & Bialystok, 2006; Logsdon et al., 2002). Specifically, the coordinated 

interaction of multiple brain areas involved in the execution of higher-order cognitive 

functions is altered in older adults, which likely affects the integration of context-

relevant information (Andrews-Hanna et al., 2007). Additionally, the downregulation of 

many genes involved in GABA-mediated inhibitory neurotransmission can result in an 

imbalance between inhibitory and excitatory activity, as seen in the prefrontal or in the 

motor cortex in older adults (Heise et al., 2013, 2014; Loerch et al., 2008), which 

besides being liable to cause cellular damage due to increased excitability (i.e., 

excitotoxicity), can impede the effective integration of information for learning (Abbott 

& Nelson, 2000) and have an impact on the neuroplastic properties (Lu et al., 2004). 

The diminished synchronization among brain areas could result from this imbalance in 

neuronal activity, or from the damage to the myelinated fibers often seen in older adults 

(Andrews-Hanna et al., 2007). This could also explain the compensatory reallocation 

of neuronal resources seen in older adults, in which focal brain activity seen in young 

adults is replaced by more diffuse activity involving broader brain areas (Cabeza, 2002; 

Heuninckx et al., 2008; Monteiro et al., 2019; Quandt et al., 2016). 

 

In older adults, the up- and down-regulation of GABA neurotransmission in 

different regions of the brain is meant to compensate for local imbalances between 

excitatory and inhibitory activity in the brain (Rozycka & Liguz-Lecznar, 2017). 

Nevertheless, these adjustments can sometimes be detrimental to the overall 

performance of the system. As mentioned in the previous subsection, the upregulation 

of GABA neurotransmission seems to be essential for learning (Liguz-Lecznar et al., 

2015), and there is evidence of diminished intracortical inhibition also being related to 

reduced dexterous function in humans (Cassady et al., 2019; Cuypers et al., 2020; 

Kirstin F. Heise et al., 2013). Indeed, older adults with higher inhibitory activity before 



motor training (as seen in young adults) are able to better modulate the excitability of 

sensorimotor areas during training, which results in a more effective skill acquisition 

(King et al., 2020). Therefore, even if the downregulation of inhibitory activity within a 

specific region restores balance in neuronal activity locally, it may be globally limit 

plastic changes and be detrimental for learning which could, at least partially, explain 

the diminished ability of older adults to acquire new motor skills. 

 

For a review on the neural mechanisms leading to cognitive decline in older 

adults, please see (Bishop et al., 2010). 

 

1.5 On non-invasive brain stimulation (NIBS) 
 

In the previous sections of this chapter, I tried to present a layout of the controller 

enabling motor skill acquisition and how this controller manages the acquisition of 

sequential skills. Additionally, I mentioned that older adults sometimes experience 

changes at specific brain regions, which may restore a physiologic balance locally, but 

may alter the overall performance of the controller at a larger scale. Having identified 

some of the main brain regions involved in the acquisition of a motor skill, it would be 

ideal to be able to modulate the plastic properties of the brain to “restore” the 

functionality of the neural system components showing age-related decreases in 

performance.  

 

In the previous subsection, I mentioned that a mechanism that might play a 

central role in motor skill acquisition and that appears to be diminished in older adults 

is GABAergic neurotransmission. As such, a possible approach for driving 

neuroplasticity in older adults towards adaptive forms of reconfiguration could reside 

in acting on the inhibitory circuits themselves. Doing so is possible through different 

techniques, such as the use of pharmacological substances and non-invasive brain 

stimulation (Hummel & Cohen, 2005). Non-invasive brain stimulation has the potential 

to enhance failing motor (Zimerman et al., 2013; Zimerman & Hummel, 2010) and 

cognitive functions (Indahlastari et al., 2021; Martins et al., 2017; Perceval et al., 2016) 

in older adults. In particular, anodal transcranial direct current stimulation (atDCS) – 

an affordable and simple to deploy non-invasive brain stimulation method – showed 



heterogeneous but predominantly positive effects in older adults (Summers et al., 

2016; Zimerman & Hummel, 2010).  

 

Figure 1.5 Setup to apply atDCS over the motor cortex during motor training. a) Laboratory setup we used to apply atDCS 
during motor training of a sequence-tapping task in a laboratory setting (please see Chapter 2 for details). The anode (red 
electrode) was placed over the left-hand representation on the motor cortex, while de cathode (blue) was placed above the 
left eye.  b) Electric field modeling of atDCS applied over the motor cortex, for which warmer colors represent a higher 
concentration of the electric field. I adapted and modified this image from the one provided in (Antal et al., 2017).  

 

Applying atDCS requires placing two electrodes on the scalp, which are in turn 

connected to a stimulator applying currents (typically) lower than 4 mA, following safety 

recommendations (Antal et al., 2017). The current flowing between the electrodes 

induces an electric field on the brain (please see Figure 1.3). The mechanisms of action 

of atDCS on individuals are complex and not yet entirely understood. During 

stimulation, atDCS is assumed to decrease the neuronal resting membrane potentials, 

resulting in an increased neuronal firing rate (Nitsche & Paulus, 2000). After stimulation 

(long enough to observe long-lasting effects (Nitsche et al., 2005)), LTP-like plasticity 

is induced (Fritsch et al., 2010) in intracortical interneurons (Stagg & Nitsche, 2011), 

facilitating motor skill acquisition (Maceira-Elvira et al., 2021; Zimerman et al., 2013).  

 

atDCS has differentiated effects depending on the time course of application 

(i.e., during or after stimulation). During the application of stimulation, atDCS acts on 

the neurons’ membrane potential, lowering it and, thus, increasing the likelihood of the 

neuron firing due to the accumulation of afferent signals (Stagg et al., 2018). After 

sufficiently long stimulation, atDCS reduces GABAergic neurotransmission (Nitsche et 

al., 2005), which gates the glutamatergic synapses, particularly on the NMDA 

receptors, which depend on context-specific neural activity, causing a high-rate influx 

of calcium ions, inducing LTP-like plasticity (Stagg et al., 2018).  



 

For a review on the physiology behind the mechanisms of action of tDCS, please see 

(Stagg et al., 2018). 

 

tDCS is a popular non-invasive brain stimulation technique due to its simplicity 

and portability, alongside other electrical stimulation techniques used to target different 

brain mechanisms, such as transcranial alternating current stimulation (tACS) and 

transcranial random noise stimulation (tRNS) (Paulus, 2011). However, the application 

of electrical currents is not the only way to influence brain activity non-invasively. 

Transcranial magnetic stimulation (TMS) is a technique that allows applying focal 

magnetic fields to the cortex of the brain. This technique can be used to modulate brain 

activity when pulses are applied with a certain frequency, with low frequency (~1 Hz) 

pulses decreasing and high frequency (>5 Hz) pulses increasing cortical excitability 

(R. Chen & Seitz, 2001). Interestingly, applying sporadic magnetic pulses does not 

modulate brain activity, but it can serve as a probe to explore different brain properties, 

without inducing changes in brain activity. As such, this technique constitutes a useful 

tool to quantify different properties of the brain and to assess how these properties 

change as a result of motor training or of applying neuromodulation techniques such 

as tDCS. Indeed, over the past years, I used single and double-pulse TMS paradigms 

to search for age-related differences in learning-related brain properties, and to follow 

their evolution during motor training. 

 

TMS relies on the generation of strong electromagnetic fields to induce currents 

in relatively localized cortical brain areas. To do so, a high-intensity current is applied 

to a wire coil over a short period of time (~100 µs (Tofts, 1990)). This transient current 

generates a magnetic field around the coil, which when placed on the scalp of a person, 

induces currents on neuronal populations of the brain’s cortex (please see Figure 1.4). 

Currents are only induced on neurons that are perpendicular to the magnetic field 

(Tofts, 1990) and, as the coil is placed on the scalp, those neurons are parallel to the 

surface of the head. When applying TMS pulses over the motor cortex, the variation of 

the magnetic field occurring in a very short amount of time induces local electrical 

gradients that lead to the generation of action potentials in the pyramidal neurons, 

which travel down the corticospinal tract and recruit motoneurons at the spinal cord. 

This causes what is commonly referred to as motor-evoked potentials (MEPs) 



(Rothwell et al., 1999), which (if strong enough) elicit a twitch on the muscles 

innervated by the recruited motoneurons. This provides a readable output, typically 

quantified using electromyography (EMG), which consists of electrodes measuring the 

electrical activity generated during muscle contraction. The intensity of the applied 

magnetic field can determine the kind of responses and where they are predominantly 

elicited: either by acting on the more easily excitable interneurons sharing synapses 

with the pyramidal neurons (lower intensity, causes I-wave volleys) or through direct 

activation at the soma (higher intensity, can trigger D-wave volleys in addition to I-

waves) (Rothwell et al., 1999).  

 

 

Figure 1.6 TMS setup for neurophysiological investigations and general workings of TMS. a) TMS setup used during our 
experiments. In the picture, we can see the machine behind the experimenter, through which the intensity of the magnetic 
field can be regulated. The research subject is wearing wireless electromyography (EMG) sensors, which measure the electric 
potential generated during muscle contraction. b) This diagram illustrates the process leading the generation of motor evoked 
potentials (MEPs) by applying TMS over the motor cortex. A wire coil is placed on the scalp of the research subject, and a high-
intensity electric pulse is applied to the coil. A magnetic field is induced as a result of this rapidly varying current, and polarizes 
the pyramidal neurons that intersect the magnetic field perpendicularly. This results in an electric current being induced in 
these neurons, which run parallel to the scalp (and to the coil’s surface). The activation of these neurons can result in different 
combinations of signal volleys descending along the corticospinal tract until they reach the motoneurons innervating the 
targeted muscle. If the machine output is lower than that necessary to produce a minimal MEP five out of ten times (in practice, 
the minimal value is set to 0.05 mV, considered as the resting motor threshold, RMT), the TMS pulse is assumed to depolarize 
the pyramidal neurons by firing the interneurons sharing synapses with them, generating indirect waves (i.e., I1 and I4). If the 
output of the machine is increased above the RMT, the depolarization of the neurons is assumed to occur at the soma, resulting 
in a direct depolarization of the neuron. 

 

The intensity of the applied magnetic field is defined in practice as a percentage 

of the TMS machine output regulating the magnitude of the current delivered through 

the coil (Tofts, 1990). The percentage necessary to elicit a MEP in an individual 

provides some information on the corticospinal excitability for that person, although the 

skin, the skull and the dura are all elements that can reduce the strength of the 



magnetic field as perceived by the neural populations being stimulated. In the 

experiments I conducted over the past years, I used TMS as a probe to quantify 

intracortical inhibition and intracortical facilitation in the motor cortex (Heise et al., 2010; 

Kujirai et al., 1993). As I mentioned in the previous subsections, inhibitory activity 

regulated by GABAergic neurotransmission plays a crucial role on the acquisition of 

novel motor skills (Liguz-Lecznar et al., 2015; Stagg et al., 2011). As such, measuring 

inhibitory activity at different stages of learning can potentially improve our 

understanding about the role this mechanism plays on skill acquisition, and help us 

understand how the apparent changes in GABAergic neurotransmission seen in older 

adults impact the way they learn (Heise et al., 2013, 2014). With this intent, we used a 

paired-pulse TMS paradigm called SICI (i.e., short-interval intracortical inhibition) 

(Kujirai et al., 1993), which is thought to probe neurotransmission mediated by the 

GABA type A receptor (GABAAR) (Müller-Dahlhaus et al., 2008; Ziemann et al., 1996). 

This paradigm involves applying two pulses in short succession. The intensity of the 

magnetic pulses delivered is determined in proportion to the intensity necessary to 

elicit a MEP for each individual. The minimal intensity to elicit a MEP with a peak-to-

peak amplitude of 0.05 mV on five out of ten consecutively applied pulses is called the 

resting motor threshold (RMT). In the SICI paradigm, the first pulse is called the 

“conditioning stimulus”, and it is typically delivered with an intensity of 80% of the RMT 

(although an alternative approach is based on the active motor threshold related to 

voluntary muscle contraction (Groppa et al., 2012)). As such, this pulse would not elicit 

a MEP by itself. The second pulse, delivered about 3 milliseconds after the conditioning 

stimulus, is called the “test stimulus”. During our experiments, we adjusted the intensity 

of the test stimulus to elicit a response of 1 mV when applied by itself, which was often 

close to a value of 120% of the RMT. The MEP elicited by the SICI paradigm is normally 

smaller than the testing stimulus alone, and the ratio of the peak-to-peak amplitude of 

the SICI-MEP to the test-MEP reflects a measure of intracortical inhibition within the 

motor cortex.  

 

 

 

 

 



1.6 Offline improvements in skill 
 

Consolidation is the process through which newly acquired skills, initially vulnerable to 

interference, stabilize into long-term memories. In the context of these thesis, the 

appearance of representations for the spatial and temporal coordinates related to the 

acquisition of a new motor sequence would constitute an engram, which consists of a 

biological manifestation of task-relevant information (for review, please see (Klinzing 

et al., 2019)). As we will see in a later chapter, these engrams are labile to change, but 

once stabilized, they can be recalled even after long periods without practice. Previous 

research on individuals suffering from retrograde amnesia provided the first indication 

of the hippocampus being a key structure for memory consolidation (Nadel & 

Moscovitch, 1997). The hippocampus generates neural representations of events, 

which are replayed during sleep, and activate the corresponding event-/task-related 

components on the cortex, which strengthens these representations on the cortex 

(Diekelmann & Born, 2010). In the case of the acquisition of novel sequential motor 

skills, increased activity on the premotor cortex during REM sleep was related to 

training a sequential task during sleep (Maquet et al., 2000), which agrees with more 

recent findings about the spatial and the temporal components of motor sequences 

being represented in that area.  

 

While the notion of declarative memory consolidation relying on sleep is widely 

accepted, procedural memory and, specifically, motor memory consolidation has more 

recently been placed under scrutiny. Recent studies on motor skill acquisition have 

reported overnight improvements in skill being artefactual, saying that what has been 

measured as an improvement between sessions, is the result of learning-unrelated 

effects, such as fatigue (Rickard et al., 2008). However, the consolidating and 

enhancing effects of sleep on motor skill acquisition appear to vary among motor tasks. 

King and colleagues (2017) conducted a review of the literature and reported that, for 

explicit sequential motor task, the improvements in performance after sleep were 

consistently reported (n.b., they only considered studies in which an “awake” control 

group was present). Further research testing the differentiated consolidation of spatial 

and motor coordinates found sleep to promote the consolidation of the former 

exclusively (Cohen et al., 2005).  

 



The extent of this consolidation might depend on different sleep-related factors 

(Appleman et al., 2016). In older adults, previous research shows impaired 

consolidation of motor learning (Spencer et al., 2007; Yan et al., 2010), potentially 

related to reduced sleep spindle oscillations and an associated decrease in activity in 

the cortico-striatal network (Fogel et al., 2014). Diminished sleep quality in older adults, 

derived from changes in the circadian rhythm and fragmented sleep (Pace-Schott & 

Spencer, 2014), could also contribute to the lack of offline gains. 

 

1.7 On the remotely-regulated self-application of tDCS for home-based 
motor training 
 

The portable quality of tDCS makes it an attractive option for telemedicine applications, 

allowing individuals to train for extended time periods in the setting of their choosing. 

This could be of particular interest for individuals suffering from diminished learning 

abilities, such as those attributed to old age, or from long-term disabilities, such as 

those seen in many stroke survivors. Stroke is one of the leading causes of disability 

worldwide (Feigin et al., 2017), with 80% of stroke survivors showing motor 

impairments six months after stroke (Kwakkel et al., 2003a). At this stage, regaining 

motor functions is still possible, but it requires extensive training (Kwakkel et al., 2004), 

which is often limited by practical matters, such as costs, accessibility to healthcare 

centers, etc. 

 

The advancement in information technologies and the increasing pervasiveness 

of the “internet of things” property in everyday life presents vast possibilities in the 

implementation of telemedicine applications (Albahri et al., 2021). Offering the 

possibility to train during extended periods of time and without a need to commute, 

telemedicine constitutes an attractive option for older adults towards the restoration of 

diminished brain functions. Stroke survivors could also benefit from such a setup; 

indeed, there is a strong trend towards such a home-based, rehabilitative form of 

training in stroke patients (Gauthier et al., 2017; Nijenhuis et al., 2017; Sulfikar Ali et 

al., 2021), showing encouraging results (Wittmann et al., 2016).  

 

Well fitted to this trend, tDCS constitutes an attractive possibility for long-term 

restorative/rehabilitative training in older adults and in stroke survivors. Besides the 



reported beneficial effects of tDCS in older adults discussed in previous sections of 

this chapter, tDCS applied to the cortex can improve motor skill acquisition in stroke 

patients (Kang et al., 2016), with previous research showing that this technique can 

lead to significant improvements in motor function (Bornheim et al., 2022; Butler et al., 

2013; O’Brien et al., 2018). First attempts have been made towards applying tDCS and 

motor training to stroke survivors at home for simple tasks, either supervising (i.e., 

quantifying) the performance of the task (Van de Winckel et al., 2018) or asking them 

to repeat a series of exercises without any supervision (Prathum et al., 2021).  

 

However, the implementation of a robust, reliable and safe system allowing 

individuals to receive stimulation-enhanced motor training is not a trivial matter, with 

many aspects to consider and control for (Sandran et al., 2019; Talal et al., 2019). 

Practical complications that may seem trivial, such as connecting a device to a wireless 

network or operating software for setting up training and stimulation, can be very 

difficult for individuals without prior experience at using technological devices, and 

ensuring compliance requires following the users’ progress over time (Maceira-Elvira, 

et al., 2019). In turn, ensuring that users comply with the activities expected from them 

might be easier with well-delimited, simple motor tasks, but if the objective is 

quantifying the extent up to which individuals can complete every-day life tasks, as 

would be relevant in applications involving stroke survivors, the assessment becomes 

more difficult.  

 

1.8 Thesis layout 
 

The remainder of this thesis provides a detailed account of the work I conducted over 

the past years. Chapter 2 describes two studies we conducted to assess motor skill 

acquisition in healthy adults, how the involved processes change with age, and how 

we can use atDCS to influence some of these processes to restore motor skill 

acquisition in older adults. Chapter 3 describes the results we obtained in a fully-home 

based version of the second study of Chapter 2, as well as the challenges we faced in 

implementing a system enabling prolonged motor training with concomitant brain 

stimulation at home. The results of this study confirmed our findings from the studies 

discussed in Chapter 2 and emphasized the need for a personalized approach at 

applying non-invasive brain stimulation. With a future application of this system in mind, 



intended to provide rehabilitative motor training to stroke patients at home, I performed 

a thorough search for the best means to quantify motor function in stroke patients, 

which appears on Chapter 4. Based on the outcome of this search, I implemented an 

automated setup to assess motor function in stroke patients using low-cost wearable 

sensors, which alongside the system we implemented for home-based motor training 

and stimulation, may enable future applications intended for the reacquisition of lost 

motor functions after stroke. 

 

  



Chapter 2 Age-related decline in motor learning and its 
enhancement through atDCS 
 

2.1 Dissecting motor skill acquisition: Spatial coordinates take precedence 
 

 

 

2.1.1 Abstract 
 

During learning of novel motor sequences, practice leads to the consolidation of 

hierarchical structures, namely motor chunks, facilitating the accurate execution of 

sequences at increasing speeds. Recent studies show that such hierarchical structures 

are largely represented upstream of the primary motor cortex in the motor network, 

suggesting their function to be more related to the encoding, storage, and retrieval of 

sequences rather than their sole execution. We isolated different components of motor 

skill acquisition related to the consolidation of spatiotemporal features and followed 

their evolution over training. We found that optimal motor skill acquisition relies on the 

storage of the spatial features of the sequence in memory, followed by the optimization 

of its execution and increased execution speeds (i.e., a shift in the speed-accuracy 

trade-off) early in training, supporting the model proposed by Hikosaka in 1999. 

Contrasting the dynamics of these components during ageing, we identified less-than-

optimal mechanisms in older adults explaining the observed differences in 

performance. We applied noninvasive brain stimulation in an attempt to support the 

This subsection contains an article with the same name, accepted for publication 
in Science Advances, reformatted to match the style of this thesis. A publicly 
available, slightly different version (as it was before review) is available under the 
title “Black-box testing in motor sequence learning”, as: 
 
Maceira-Elvira, P., Timmermann, J. E., Popa, T., Schmid, A. C., Krakauer, J. W., 
Morishita, T., ... & Hummel, F. C. (2021). Black-box testing in motor sequence 
learning. bioRxiv. doi: https://doi.org/10.1101/2021.12.01.470563 
 
Contribution: I acquired approximately 50% of the experimental data, involving 
electrophysiological recordings (TMS) and motor training with concomitant brain 
stimulation. I processed all the behavioral and electrophysiological data, and 
developed a new method to detect characteristic execution patterns in the 
execution of a motor sequence, as well as to characterize and follow their 
progression during training. Extensive discussions with some of the co-authors, 
namely Prof. F. Hummel, Dr. T. Popa and Prof. J.W. Krakauer shaped my 
interpretation of the results and allowed me to propose an engineering approach 
as means to contrast motor learning in young and older adults, leading us to a 
description of the process of optimization of sequential tasks in humans and 
extending our understanding of the effects of atDCS on motor skill acquisition. 



aging brain to compensate for these deficits. The present study found that anodal direct 

current stimulation applied over the motor cortex restored the mechanisms involved in 

the consolidation of spatial features, without directly affecting the speed of execution 

of the sequence. This led older adults to sharply improve their accuracy, resulting in 

an earlier yet gradual emergence of motor chunks. The results suggest the early 

storage of the sequence in memory, largely independent of motor practice, is crucial 

for an optimal motor acquisition and retrieval of this motor behavior. Nevertheless, the 

consolidation of optimal temporal patterns, detected as motor chunks at a behavioral 

level, is not a direct consequence of storing the sequence elements, but rather of motor 

practice. 

 

2.1.2 Introduction 
 

Completing daily life activities often requires the sequential execution of actions in a 

specific order. A large amount of research has focused on how humans acquire 

sequential motor skills using well established experimental paradigms alongside 

different imaging techniques to study the processes that lead to skill improvement (J. 

Doyon et al., 2017). One of these paradigms, known as the sequential finger-tapping 

task (M. P. Walker et al., 2003; Zimerman et al., 2013), has been used in past years 

due to its similarity to certain activities requiring higher dexterous skill, such as piano 

playing or typing on a computer. Performance improvement of a sequence-tapping 

task is characterized by a shift in the speed-accuracy tradeoff, in which the speed of 

execution of the motor sequence increases without sacrificing the accuracy (Reis et 

al., 2009). The execution of sequential elements at increasing speeds leads to the 

spontaneous emergence of execution patterns (Rosenbaum et al., 2007; Sakai et al., 

2003), namely motor chunks (Verwey, 1996), which reduce mental load (Bo & Seidler, 

2009) and facilitate a further increase in speed without sacrificing accuracy 

(Abrahamse et al., 2013).   

 

Recent discussions about this type of motor task are concerned with its validity 

for probing changes in motor ability (Wong & Krakauer, 2019). Motor chunks seem to 

be crucial for the optimization of such a task. In spite of the ongoing debate on the role 

of the primary motor cortex (M1) in motor skill acquisition (Kawai et al., 2015; Picard et 

al., 2013), recent studies have not found a representation of such structures in the 



primary motor cortex (Yokoi et al., 2018; Yokoi & Diedrichsen, 2019), so it would 

appear the task is probing mainly the cognitive aspects of motor learning, specifically 

the efficient retrieval of the sequence elements from memory (for a detailed discussion, 

please see (Krakauer et al., 2019)). Nevertheless, most studies looking at the 

consolidation of motor chunks have been done in healthy young adults, a population 

in which the involved mechanisms, such as the encoding, storage and the successful 

retrieval of sequence elements may be acting too quickly to be captured by the applied 

methods.  

 

A common approach in systems engineering is to examine the functionality of 

an application by comparing the expected behavior of the system (i.e., requirement) 

and its actual performance. This approach can be applied to biological systems as well. 

For example, Shadmehr and Krakauer (2008) compared computational models 

describing motor control to specific populations of patients with lesions in the central 

nervous system, mapping different model parameters to lesioned brain areas and 

attributing distinct roles to them (e.g., state estimation, optimization, etc.). Similarly, 

understanding the mechanisms involved in motor sequence learning may be better 

achieved through the juxtaposition of individuals constituting the requirement (e.g., 

young adults, depicting optimal performance) and individuals in which the involved 

mechanisms may no longer function optimally (e.g., older adults). 

 

Previous research shows neurophysiological, structural and functional changes 

occurring in the aging brain that lead to a decline in cognitive (Bishop et al., 2010) and 

motor functions (Frischknecht, 1998; Seidler et al., 2010; Heise et al. 2014, 2013; 

Schulz et al. 2014; for review MacDonald & Pike 2021; Tan et al. 2019). As such, motor 

skill acquisition is typically diminished in older adults (Shea et al., 2006; Verwey, 2010; 

Zimerman et al. 2013). However, the application of anodal transcranial direct current 

stimulation (atDCS) to the motor cortex seems to enhance the motor skill acquisition 

(e.g., Summers et al., 2016; Zimerman et al., 2013). Even though the mechanisms of 

action of atDCS in individuals are complex and not yet entirely understood, its 

application can be used as an additional probe to dissect motor skill acquisition.  

 

We designed a study intended to identify (a) the main factors leading to 

differences in motor skill acquisition with aging, and (b) the effect of applying 



noninvasive brain stimulation during motor training. Comparing different components 

of motor skill acquisition in young and older adults, constituting the extremes of 

performance in this study, we found that the improvement of the sequence-tapping 

task is maximized by the early consolidation of the spatial properties of the sequence 

in memory (i.e., sequence order), leading to a reduced error of execution, and by the 

optimization of its temporal features (i.e., chunking). We found the consolidation of 

spatiotemporal features to occur early in training in young adults, suggesting the 

emergence of motor chunks to be a direct consequence of committing the sequence 

elements to memory. This process, seemingly less efficient in older adults, could be 

partially restored using atDCS by enabling the early consolidation of spatial features, 

allowing them to prioritize the increase of their speed of execution, ultimately leading 

to an earlier consolidation of motor chunks. This separate consolidation of spatial and 

temporal features seen in older adults suggests that the emergence of temporal 

patterns, commonly identified as motor chunks at a behavioral level, stem from the 

optimization of the execution of the motor sequence resulting from practice, which can 

occur only after the sequence order has been stored in memory. 

 

2.1.2 Methods 

Experimental protocol (Figure 2.1). The participants in both Experiment 1 and 

Experiment 2 came for seven visits. The participants in Experiment 1 started with motor 

training, while the participants in Experiment 2 started the first day with a set of 

electrophysiological investigations: identification and neuro-navigated registration of 

the FDI hotspot coordinates, identification of the RMT and 1-mV intensity, and a battery 

of 24 single and 24 double TMS pulses. After these measurements, the participants 

executed the motor training described above with concomitant atDCS for 20 min. We 

repeated the session of electrophysiological investigations after the first and fifth 

training sessions and the 60th day control session. For each of these investigations, 

we adjusted the intensity of the test TMS pulse to maintain a 1-mV amplitude of the 

single-pulse MEP. We registered our study as a clinical trial (SNCTP000003872 | 

BASEC2017-00301), and additional, publicly available information may be found using 

the following link: https://www.kofam.ch/de/studienportal/nach-klinischen-versuchen-

suchen/147028/studie/50668. 

 



 

Figure 2.1 Experimental protocol. a) Experiment 1 tested the behavioral outcome of five days of training in three groups: 

young, middle-aged, and older healthy adults. b) Experiment 2 tested the behavioral and electrophysiological outcomes of 

five days of training with atDCS delivered to the motor cortex in six different groups: young, middle-aged, and older healthy 

adults receiving either verum or placebo stimulation in a double-blind parallel design. c) The motor training consisted of 

pressing, as quickly and accurately as possible, four buttons corresponding to the non-opposable fingers of the left hand (5 = 

pinky finger) according to an explicit sequence displayed on a computer screen. 

 

Participants. We based the sample size calculation on the effect sizes of two previous 

studies from our group, specifically (Zimerman et al., 2013) (standardized mean 

difference 1.33) and (Kirstin F. Heise et al., 2014) (standardized mean difference 0.53) 

and aimed for the average of both (0.93). A total of 113 subjects volunteered to 

participate in our study, categorized as young (18-30 y/o; n = 41, 27 female; age𝜇 = 

24.5 y/o), middle-aged (50-65 y/o; n = 34, 20 female; age𝜇 = 57.7 y/o), and older (>65 

y/o; n = 38, 21 female; age𝜇 = 72.3 y/o) healthy participants. All participants were right 

handed as determined by the Edinburgh Handedness Inventory (Oldfield, 1971). The 

participants reported not having a previous history of serious medical conditions 

(General Health Questionnaire, GHQ) or contraindications for tDCS and TMS 

(questionnaire based on safety recommendations for these techniques (S. Rossi et al., 

2009)). We performed a neurological examination on all participants over the age of 

50 to ensure that participants were healthy and performed the Mini-Mental State Exam 

(MMSE, (Folstein et al., 1983)) to ensure that all participants scored at least 26 out of 

30 points. The participants gave their informed consent under protocol guidelines 

approved by the cantonal ethics committee Vaud, Switzerland (project No. 2017-

00301) and the ethics committee Hamburg, Germany (PV 3770) according to the 

Declaration of Helsinki. All participants completed the required training to its full extent, 



but we excluded from the analysis one middle-aged female participant who could not 

perform the sequence-tapping task properly for having arthritis. 

Motor task. We used a well-established finger-tapping task (M. P. Walker et al., 2003; 

Zimerman et al., 2013) that required the participants to replicate a nine-digit numerical 

sequence displayed on a screen as quickly and as accurately as possible, using a four-

button box with buttons labeled from “2” to “5” (“2” for the index finger, “5” for the pinky 

finger). A white dot on the screen, displayed beneath the numbers, indicated the button 

to be pressed next. The dot would move to the next digit as soon as a key was pressed, 

regardless of whether or not it was pressed correctly. Before starting the first training 

session, we asked all participants to perform a 90-second familiarization block to use 

as a reference for general initial skill level (please refer to Supplementary Materials for 

details on how we used this sequence). Training started immediately after this block. 

The participants trained their left hand for 20 min each day for five consecutive days. 

Each day of training consisted of seven 90-second blocks interspaced by 90-second 

rest periods. Six of the blocks from each day contained the same sequence (i.e., 

training sequence). The seventh block consisted of a “catch” block presented halfway 

through training on each day and contained a sequence different from the training 

sequence. Each day of training had a catch block with a different sequence. We used 

the catch blocks to test whether the observed improvements were specific to the 

training sequence or generalizable to any sequence. We presented the catch blocks 

at different stages of the training session on each day, alternating between the third, 

fourth and fifth blocks to avoid interfering with overnight consolidation of learning and 

anticipation of its appearance (M. P. Walker et al., 2003). The participants returned for 

follow-up sessions on the 10th and 60th days after the beginning of training, during 

which they executed three blocks of the training sequence; we used these visits to test 

for long-term retention related to the intervention. We did not provide any form of 

feedback on the participants’ performance at any time. Before and after each block, 

we inquired about the participants’ state of attention and fatigue using a visual analog 

scale (VAS), consisting of an ungraded line ranging from “completely attentive” (0) to 

“completely inattentive” (10) in the case of attention, and from “awake” (0) to “tired” 

(10) in the case of fatigue. 

Electrophysiological exploration of changes within M1. We used TMS to identify 

the representation of the FDI muscle of the left hand and quantified the interneuronal 



GABAA receptor-mediated inhibitory networks within the right M1. TMS was delivered 

with a 70-mm figure-of-eight coil linked to a Magstim BiStim2/Magstim Bistim machine 

(Magstim Ltd., Whitland, UK), and we recorded electromyography (EMG) signals from 

the FDI muscle. We first empirically identified the cortical target as the spot on the 

scalp eliciting the largest motor evoked potential (MEP) under EMG control in the left 

FDI. Then, we identified the resting motor threshold (RMT) as the minimum single 

pulse intensity to evoke 50-µV MEPs 50% of the time and the single pulse intensity to 

evoke 1-mV MEPs (test intensity). The SICI was quantified with a well-established 

paired-pulse paradigm using a conditioning pulse delivered at 80% RMT intensity 

followed 3 ms later by a test pulse delivered at the test intensity (K. F. Heise et al., 

2010; Kirstin F. Heise et al., 2013; F. C. Hummel et al., 2009; Kujirai et al., 1993; Liuzzi 

et al., 2014; Siebner & Rothwell, 2002). We assessed the RMT, 1-mV test intensity, 

and SICI before and after the first training session, after the 5th day of training, and on 

the 60th day after long-term retention testing. 

Electrical stimulation of M1 during training. When applying atDCS, the anode was 

placed over the FDI hotspot, and the cathode was placed over the left supraorbital area 

(Zimerman et al., 2013) using squared electrodes (25 cm2), covered in sponges soaked 

in saline solution (0.9% NaCl), connected to a neuroConn DC-STIMULATOR 

(Germany recordings) or a DC-STIMULATOR PLUS (Switzerland recordings) 

(neuroConn GmbH, Ilmenau, Germany). Stimulation was applied in a double-blind, 

placebo-controlled, parallel design, with all experimenters involved in the acquisition 

and/or the analyses of results blinded until the end of the acquisition. A member of our 

research group not involved with the study in any way created a coded list for each 

group of the second experiment, specifying the type of stimulation (i.e., verum or 

placebo) assigned to each code in an aleatory fashion but ensuring balanced groups 

of each type of stimulation. We assigned the codes sequentially to all participants as 

they enrolled. The verum stimulation consisted of 20 min of stimulation with 1 mA direct 

current (ramp-up/down times of 8 seconds). The placebo stimulation consisted of 40 

seconds of stimulation delivered at the beginning of training (with 8-s ramp-up and 5-s 

ramp-down times, as defined by neuroConn) to emulate the prickling sensation on the 

scalp often reported in the use of this technique during current intensity variation 

(Gandiga et al., 2006). 



Chunking strategy extraction. We extracted a single chunking pattern to 

characterize the execution of the training sequence for each day of every participant’s 

training. To this end, we applied the clustering approach proposed by Song and Cohen 

(Song & Cohen, 2014) and labeled successive interkey intervals (IKIs) of every 

sequence as either “fast” (i.e., “1”) or “slow” (i.e., “0”) considering adjacent keys with 

intervals labeled “fast” to belong to the same chunk. Please refer to the Supplementary 

Materials for a detailed exposition of our arguments in favor of using this approach. 

Each sequence had nine IKIs, with the first reflecting the interval between the last key 

press of the previous sequence and the first key press of the current sequence. After 

removing incorrect sequences from each block, we normalized the IKIs in each 

sequence to the total duration of the sequence (i.e., divided each IKI by its sequence 

duration) to account for the gradual increase in speed during training. After 

normalization, we applied the K-means clustering algorithm (Sklearn, https://scikit-

learn.org/) to sequences of each block, enforcing the notion of two clusters being 

present (i.e., “fast” and “slow”) by labeling the IKIs in each sequence based on their 

proximity to them. The outcome of this step was a chunking pattern for each individual 

sequence. To determine a single pattern describing strategies for each day, we defined 

a series of possible criteria: 

1. Maximum allocation: This criterion looks at the most frequently repeated chunk 

sizes generated by a participant and excludes patterns with chunk sizes 

different from these. It also assumes that participants will allocate all keystrokes 

to at least one of the chunks. These two constraints result in the choice of one 

dominant pattern for each day. 

2. Reclustering: This criterion sums all chunking patterns for each day and 

reclusters them using K-means clustering, outputting a single pattern for the 

entire day. 

3. Reclustering top: Similar to the previously mentioned clustering approach, with 

the difference that it reclusters only a percentage of the most frequently 

repeated patterns. In this case, we fixed this percentage to 15%. 

4. “More-often-than-not”: This criterion uses all chunking patterns generated on a 

day and generates a new sequence containing “1”s for each IKI labeled “1” in 

more than 50% of the sequences of that day and zeros otherwise. 



5. Highest frequency: This criterion takes the most frequently repeated pattern on 

each day. 

For some participants, the pattern found to characterize their execution for a given day 

varied depending on the criterion used. For this reason, we used all five criteria and 

generated a single chunking pattern by performing a majority vote on the five patterns. 

In other words, we obtained five chunking patterns for every participant on each day. 

Then, we performed a majority vote for each bit (i.e., each IKI label) of the five chunking 

patterns and obtained a single pattern characterizing chunking on that day. Please 

refer to the Supplementary Materials for more information on this process. 

Chunking pattern classifier. We fitted a support vector classifier (Sklearn, 

https://scikit-learn.org/) to chunking patterns generated on the first day by young and 

older participants of the first experiment (i.e., training without stimulation). We used 

80% of these chunking patterns as the training set and the remaining 20% as the test 

set. We did not keep any of these data as the validation set, as we intended to use the 

patterns generated by young and older adults receiving placebo stimulation in 

Experiment 2 (i.e., training with stimulation) as the validation set. To fine-tune the 

model, we performed a grid search cross-validation on different parameters, namely, 

the regularization parameter (C) and the model kernel, and chose the model yielding 

the highest F-scores in both cross-validation and testing. We repeated this process ten 

times, varying the samples used as training and testing datasets. After this step, we 

obtained ten models with parameters optimized to the training set used each time. 

Among these ten models, we chose the one with the highest F-scores, with the optimal 

parameters being C = 0.1 and a linear kernel, for which the training F-score was 0.88 

and the test score was 1. We chose this model as the final model and used it to classify 

chunking patterns generated on the second day onwards in the first experiment and all 

days in the second experiment. As previously mentioned, we validated this model with 

the chunking patterns generated by the young and the older groups receiving placebo 

in Experiment 2, with a classification accuracy of 88.88% (i.e., F-score of 0.8888). 

We used the decision boundary from the final model, separating the “young” and “old” 

classes, to quantify the resemblance of chunking patterns from every individual to each 

class. Specifically, we obtained the distance from each nine-dimensional data point 



(corresponding to nine IKIs) to the nine-dimensional hyperplane separating both 

classes and used this amount to assess changes in chunking strategy during training. 

Statistical analysis. We performed all statistical analyses in R (RCoreTeam, 2019). 

We used the lme4 package from Bates and colleagues (2015) to fit LME models to 

our data, and we used the emmeans toolbox (Lenth, 2020) for post hoc testing. For 

the effect sizes, we used the calculation implemented in emmeans, which looks at 

pairwise differences and divides them by the standard deviation, and used 

confidence intervals to account for uncertainty in estimated effects and estimated 

standard deviation. We fitted all models using restricted maximum likelihood (REML). 

We tested the significance of fixed effects by means of ANOVA Type III on the model 

using Satterthwaite's method, and obtained p-values using the lmerTest package 

(Kuznetsova et al., 2017). We performed post hoc tests on significant fixed effects 

and corrected for multiple comparisons using Tukey’s HSD method (Tukey, 1949). 

We ran two-tailed post hoc tests on the estimated marginal means (i.e., least-squares 

means) from our fitted models, with degrees of freedom estimated using the 

Kenward-Roger method (Kenward & Roger, 1997). The present manuscript 

discusses, with a few exceptions, significant results only (with a cutoff for statistical 

significance of p < 0.05). Please refer to the Supplementary Materials for the results 

for all statistical tests applied to the data from both experiments. 

 

2.1.3 Results 

Age-related behavioral differences in the execution and practice of a sequence-

tapping task. We studied differences in motor performance related to healthy aging 

using a well-established sequence-tapping task (M. P. Walker et al., 2003; Zimerman 

et al., 2013), and followed their evolution during training. We recruited a cohort of 52 

healthy adults belonging to three age groups: young (18-30 y/o; n = 22, 13 female; 

age𝜇 = 24.7 y/o), middle-aged (50-65 y/o; n = 15, 9 female; age𝜇 = 57.4 y/o), and older 

(>65 y/o; n = 15, 8 female; age𝜇 = 74.1 y/o). Each participant trained for twenty minutes 

each day on five consecutive days. The training consisted of six 90-second training 

blocks interspaced by 90-second blocks of rest. The participants had to replicate a 

nine-digit sequence displayed on a screen, as quickly and as accurately as possible, 

using their left (nondominant) hand. We inserted a seventh block with a different 

sequence (i.e., “catch” block) halfway through training to evaluate the difference 



between the pure motor execution of a random sequence and that of the trained 

sequence. The participants returned on day 10 and day 60, from the beginning of 

training, to evaluate the long-term retention of the learned sequence. 

Figure 2.2a shows the main results of this experiment. We found no transfer of 

learning from the training sequence to the catch blocks, so we removed these blocks 

for the subsequent analyses (please refer to Supplementary Materials to find the 

scores including the catch blocks). Previous studies (Nettersheim et al., 2015; 

Zimerman et al., 2013) considered only the number of correct sequences as the 

primary outcome. However, as we instructed our participants to be both as fast and as 

accurate as possible, we added an extra factor to the more traditional measure, scoring 

the participants by considering the number of correct sequences produced in each 

block, weighted by the ratio of the correct to absolute number of sequences (i.e., 

percent correct). To capture individual improvement on the training sequence, we 

corrected individual scores by subtracting the score in the first block from the scores 

in the following blocks as a normalization procedure (please refer to Supplementary 

Materials for more information on the choice for scoring, as well as to find the 

uncentered scores of all groups). 



 

Figure 2.2 Motor skill acquisition in Experiment 1. a) Scores generated during Experiment 1, in which participants trained on 

the motor sequence with no stimulation. Scores are averaged per age group, and the error bars correspond to the standard 

error of the mean. The blocks of “catch trials” with a different sequence (one block every training day) are not presented. b) 

Percentage of total learning over the entire training week represented by different aspects of learning (i.e., fast-online learning 

during D1, online learning during D2-5, and offline learning between training days). The outer ring captures the proportion of 

total learning by these three aspects, while the inner rings present their time course during the week (anticlockwise): 1st inner 

circle is the online performance gain during D1, 2nd inner circle is the offline performance gain between D1 and D2, 3rd inner 

circle is the online gain during D2, etc. Yellow and blue represent improvements, while black and gray represent worsening of 

performance. Please note that young adults show offline improvement between days, while middle-aged and older adults not 

only lack such improvement but also worsen overnight. c) Speed and accuracy, normalized to the values in the first block of 

training, reflect relative changes with respect to initial levels. All groups show consistent increases in speed with similar 

dynamics; relative differences in magnitude between age groups show young adults being fastest and older adults slowest. 

Please note the different accuracy dynamics when comparing young adults, who sharply improve accuracy on the first day, to 

older adults, who gradually improve accuracy during the entire training week. Of particular import is the fact of all age groups 

displaying consistently increasing speeds, without ever dropping in accuracy, constituting a shift in the speed-accuracy 

tradeoff. The shading represents the 95% confidence interval for the logarithmic curve fitting (this type of curve is for display 

purposes only and not included in the LME analysis). 

We used a linear mixed-effects (LME, please refer to Methods for details) model 

to quantify differences between groups. Scores on the fifth day (i.e., total learning, 

relative to the first block of training) were significantly higher in the young adults than 

in the middle-aged (T[55] = 5.19, d = 2.61, p < 0.0001) and older (T[55] = 8.23, d = 4.14, 

p < 0.0001) adults, with the middle-aged group scoring significantly higher than the 



older group (T[55] = 2.78, d = 1.52, p = 0.01). At the follow-up testing days (i.e., day 10 

and day 60), the relative differences between the age groups persisted. Performance 

in all groups continued to increase significantly by the tenth day (T[414] = 1.39, d = 0.31, 

p = 0.01), but dropped back to the level of day five on day 60. 

The performance of individuals executing explicit motor sequence learning tasks 

has been characterized by nonlinear improvement dynamics, showing sharp 

improvements occurring during the first training day and modest improvements in 

subsequent days (Dayan & Cohen, 2011). Therefore, we compared the rate of 

improvement (i.e., slopes) between age groups on each training day. We found a 

marked difference on the first day, where the slope for the young group was 

significantly steeper than the slope for the middle-aged (T[245] = 2.97, d = 0.99, p = 

0.008) and older (T[245] = 5.39, d = 1.8, p < 0.0001) groups. In young individuals, this 

slope was significantly steeper than that on the second day (T[245] = 6.46, d = 1.94, p < 

0.0001). Differences between slopes in middle-aged and older groups on the first day 

and differences among all groups from the second day onward were not significant. 

This suggested that the dynamics of the learning process, especially on the first day, 

are one of the main factors leading to the differences observed by the end of training. 

We also tested overnight consolidation (i.e., offline learning), which is known to 

be diminished in aging populations (Spencer et al., 2007; Yan et al., 2010) due to 

different sleep patterns, such as lower quality or fragmented sleep (Pace-Schott & 

Spencer, 2014). We found offline learning, quantified as the score difference between 

the last training block of a day and the first training block from the following day, to be 

significantly higher in the young adults than in the middle-aged (T[196] = 3.34, d = 0.55, 

p = 0.002) and older (T[196] = 3.47, d = 0.58, p = 0.001) adults, with no differences found 

between the middle-aged and older groups (T[196] = 0.12, d = 0.02, p = 0.99). There is 

an ongoing discussion about overnight consolidation leading to seemingly enhanced 

performance being an artifact of increased fatigue towards the end of a training session 

(Rickard et al., 2008). To test if this was the case, we used a visual analog scale (VAS) 

to inquire about the state of fatigue and attention in all participants before and after 

each training block. We did not find a significant correlation between either of these 

factors and our estimation of offline learning, which does not provide evidence of 

neither fatigue nor attention biasing our estimate of offline learning. Offline gains were 

only consistently apparent in young adults, for whom attention and fatigue did not vary 



significantly over the course of the training sessions (please refer to the Supplementary 

Materials to find the results of these tests). 

Figure 2.2b shows the proportion of total learning represented by fast online 

learning during the first day, slower online learning during the subsequent days, and 

offline learning between training days. Of note was the lack of offline learning in the 

middle-aged and older adults, which was replaced by offline forgetting. Previous 

research has shown learning consolidation after sleep for finger-tapping tasks (Julien 

Doyon et al., 2009; M. P. Walker et al., 2003), an effect apparent here in young 

participants. The extent of this consolidation might depend on different sleep-related 

factors (Appleman et al., 2016). In older adults, previous research has shown impaired 

consolidation of motor learning (Spencer et al., 2007; Yan et al., 2010), potentially 

related to reduced sleep spindle oscillations and an associated decrease in activity in 

the corticostriatal network (Fogel et al., 2014). Diminished sleep quality in older adults, 

derived from changes in the circadian rhythm and fragmented sleep (Pace-Schott & 

Spencer, 2014), could also contribute to the lack of offline gains. Diminished 

performance after rest has been reported to come from warm-up decrements, which 

may bias the estimation of the improvement rate during training (Joseph et al., 2013). 

However, as offline losses are absent in young adults and we still see comparable 

slopes among all groups from the second day on, it is unlikely the seemingly diminished 

retention seen in older adults is artificially altering the learning curves seen in this 

group. 

Age-dependent differences in speed and accuracy. As motor skill acquisition refers 

to the practice-related increase in speed and accuracy in the execution of a motor task 

(Willingham, 1998), these parameters could explain differences in the slope on the first 

day. Speed in the young adults was significantly higher than that in the middle-aged 

(T[49] = 4.41, d = 2.64, p = 0.0001) and older (T[49] = 7.35, d = 4.40, p < 0.0001) adults, 

and speed in the middle-aged adults was higher than that in the older adults (T[49] = 

2.69, d = 1.76, p = 0.02). Accuracy on the first day was not significantly different 

between age groups, but the young group was significantly more accurate than the 

older group on day two (T[76] = 2.98, d = 0.82, p = 0.01) and day three (T[76] = 2.93, d 

= 0.81, p = 0.01). 



We normalized the speed and accuracy in each group to study the dynamics of 

these two parameters. Figure 2.2c shows the changes in both speed and accuracy 

relative to the first block of training for all three groups (please refer to Supplementary 

Materials for more details on the calculation of speed and accuracy). Speed 

consistently increased across training in all age groups, albeit to different extents 

(Figure 2.2c, dashed lines). Accuracy in the young and older adults followed different 

dynamics; starting from similar levels of accuracy on the first day, the young 

participants sharply increased their accuracy in the early stages of training and reached 

a plateau, whereas the older group gradually reached its maximum accuracy over the 

course of the training week (Figure 2.2c, solid lines). In other words, young adults 

improved their execution following a pattern reminiscent of the model presented by 

Hikosaka and colleagues (1999), in which the spatial coordinates of the task (i.e., the 

accurate mapping of numbers to fingers stored in memory) are optimized before the 

motor coordinates (i.e., rapid execution of motion). In contrast, older adults seem to 

develop both coordinates in parallel, gradually increasing both speed and accuracy. 

Motor chunks and age-related differences. Motor chunking is a well-established 

model of how individuals approach sequential tasks (Sakai et al., 2003). In the 

hierarchical model of sequencing, long sequences are segmented into shorter chunks 

(Rosenbaum et al., 1983), which consist of groups of individual movements prepared 

and buffered for their rapid successive execution, to balance execution efficiency and 

computational complexity (Ramkumar et al., 2016). We extracted chunking patterns 

from every participant by applying a cluster-based algorithm (please refer to Methods 

for details) that characterized their strategies for each day with a binary, nine-digit 

sequence. Figure 2.3 depicts a radial visualization of the patterns extracted for each 

participant on day one. 



 

Figure 2.3 Radial visualization of chunking patterns generated during the first day of training by participants in the first 

experiment that involved motor training without stimulation. Gray dots on the perimeter of the circle (S1, S2, …, S9) 

correspond to each bin of the chunking pattern extracted from each participant. Each value of the chunking patterns acts as 

a “rope” pulling on the data points. For example, a chunking strategy grouping almost exclusively the last three elements of 

the sequence (labeled [0, 0, 0, 0, 0, 0, 0, 1, 1]) would cause bits S8 and S9 to pull on the data point, resulting in the blue dot 

situated between S8 and S9 on the plot. 

The young and older adults clustered more densely in specific regions, whereas 

middle-aged adults were distributed between the other two. To quantify the differences 

in chunking strategies between age groups, we fitted a support vector classifier (SVC) 

to patterns generated by young and older adults on the first day (please refer to 

Methods for more details), as they represented the extremes in speed and general 

performance. After fine-tuning the classifier, we extracted the distance of each nine-

dimensional data point characterizing the chunking patterns to the decision boundary 

separating the “young” and “old” classes; we hereafter refer to this parameter as the 

“chunking distance”. Figure 2.4a shows the extracted chunking distances for the first 

and last days of training, as well as for day 60 post-training (i.e., the last follow-up 

session). On the first day, patterns from most young and older participants were 

correctly classified as such, confirming the presence of the clusters we detected by 

visual inspection in Figure 2.3. Regarding the middle-aged adults, most seemed to 



generate patterns that were more similar to those of the young adults on the first day, 

with some exceptions. 

 

 

Figure 2.4 Evolution of chunking patterns during motor skill acquisition in Experiment 1. a) Chunking distance for patterns 

generated on the first and last days of training, as well as on the last follow-up session (i.e., day 60), for each group in 

Experiment 1. b) Average chunking distance for each group on each day, with its corresponding standard error. The red dashed 

line in both panels indicates the boundary between the two classes that characterizes the chunking strategies of the young 

and older participants during the first training day, with any distance larger than zero being labeled “old” and any distance 

smaller than zero labeled “young”. 

We used the same model to separate chunking patterns for the remaining days, 

which consisted of data points previously unseen by the classifier. Figure 2.4a shows 

that most middle-aged and older adults generated chunking patterns similar to those 

of the young adults by the end of training, with young adults not significantly changing 

their strategies. This is consistent with reports from the literature showing “young-like” 

chunking in older adults after more prolonged training (Barnhoorn et al., 2019). Figure 

2.4b shows that this process was more gradual in older adults, which was consistent 

with the gradual increases in accuracy shown in Figure 2.2c. 



Motor training in combination with atDCS in an aging population. We conducted 

a separate experiment (Experiment 2) following the same design as in Experiment 1, 

with the addition of atDCS applied over the motor cortex contralateral to the training 

hand during motor skill acquisition to enhance performance of the task. We recruited 

a new cohort of 61 healthy adults belonging to the same age groups: young (18-30 y/o; 

n = 19, 15 female; age𝜇 = 24.4), middle-aged (50-65 y/o; n = 19, 11 female; age𝜇 = 

58), and older (>65 y/o; n = 23, 13 female; age𝜇 = 71.2) groups. We randomly assigned 

participants in each age group to receive either real (i.e., verum; young = 10, middle-

aged = 9, older = 14) or placebo stimulation (young = 9, middle-aged = 10, older = 9). 

The participants trained for the same amount of time as the unstimulated cohort (i.e., 

20 min/day for five days) and returned twice to test the long-term effects of learning 

and stimulation. We placed the anode electrode over the right motor cortex (M1), 

centered over the representation of the first dorsal interosseous (FDI) muscle of the 

left hand on the motor cortex, identified using single-pulse TMS. 

Figure 2.5a shows the main results of this experiment. We tested the placebo 

groups in the same way as we did the unstimulated cohort in the first experiment and 

found similar relative differences between age groups. All statistical tests for both 

experiments are detailed in the Supplementary Materials. The first row of Figure 2.5b 

shows the same lack of offline learning in middle-aged and older participants that was 

replaced by offline worsening, as seen in Experiment 1 (Figure 2.2b). 

After verifying the findings from the first cohort, we tested the effects of verum 

and placebo stimulation in each separate age group. Total learning was not 

significantly different in the young (T[20] = 0.90, d = 0.53, p = 0.37) or middle-aged (T[20] 

= 0.77, d = 0.44, p = 0.44) groups. In the older group, however, we found higher total 

learning in the verum group (T[24] = 2.76, d = 1.53, p = 0.01) with respect to placebo. 

In the follow-up sessions, we found no significant differences in scores between the 

verum and placebo stimulation in young and middle-aged participants. Performance 

on day 60 did not change in the young group with respect to day 5, but dropped 

significantly in the middle-aged (T[150] = 3.19, d = 0.59, p = 0.004) and older groups 

(T[150] = 2.57, d = 0.43, p = 0.02). However, the older group undergoing verum 

stimulation continued to score significantly higher than the group undergoing placebo 

stimulation (T[21] = 2.38, d = 1.49, p = 0.02). After retrieval of the motor memory on day 



60 (i.e., after the first block), scores were not significantly different from scores on day 

5, providing no evidence for skill loss, but a maintenance of the acquired skill even two 

months after training. 

We did not find a significant effect of stimulation in either online or offline 

learning when testing all training days. When testing fast online learning as a separate 

component of learning (Dayan & Cohen, 2011), we identified a steeper improvement 

rate in the older group receiving verum stimulation relative to placebo (T[21] = 2.68, d = 

1.14, p = 0.01). We illustrate this difference (and lack thereof in the other groups) in 

the second row of Figure 2.5b, showing the proportion of the different components of 

learning to total learning in the verum group (outer rings). These proportions were 

similar to those in the placebo group for both young and middle-aged adults. In the 

older group, the proportion of fast online learning to total learning was much larger than 

that in the placebo group. 

Figure 2.5c shows the dynamics of speed and accuracy in the second 

experiment. There were no significant differences in speed between the verum and 

placebo groups in any of the three age groups. In terms of accuracy, the young group 

receiving verum stimulation was significantly less accurate than the placebo group by 

the end of training (T[23] = 2.16, d = 0.97, p = 0.04). The middle-aged group receiving 

verum stimulation was significantly less accurate than the placebo group on the first 

(T[21] = 3.39, d = 1.67, p = 0.002) and second (T[21] = 2.45, d = 1.21, p = 0.02) days. In 

the older group, the verum group was consistently and significantly more accurate than 

the placebo group on all days, except the third (please refer to Supplementary 

Materials to find the results of the comparisons), even though we did not find a 

significant difference in accuracy on the first block (F[1] = 0.038, p = 0.84). As in the 

first experiment, the older group receiving placebo stimulation reached its maximum 

accuracy gradually over the course of the week. In contrast, the older group receiving 

verum stimulation displayed a sharp increase on the first day and quickly reached its 

plateau, with dynamics reminiscent of those observed in the young group in the first 

experiment (please see Figure 2.2c, solid lines). In summary, verum atDCS led older 

participants to score higher by the end of training. Yet, it appears not to have had any 

effect on the speed of execution of the task; our results suggest that verum atDCS led 

older adults to improve their accuracy quickly on the first day, much like young adults 

did in the first experiment. 



 

Figure 2.5 Motor skill acquisition in Experiment 2. a) Average scores generated during Experiment 2, consisting of motor 

training with stimulation, with the error bars depicting the standard error of the mean. The data are grouped by age group 

and stimulation type (i.e., verum (V) or placebo (P)). b) Percentage of total learning over the entire training week represented 

by fast online learning (D1), online learning during D2-5, and offline learning between training days. Each outer ring captures 

the proportion of total learning by these three aspects, while the inner rings present their time course during the week 

(anticlockwise): 1st inner circle is the online performance gain during D1, 2nd inner circle is the offline performance gain 

between D1 and D2, 3rd inner circle is the online gain during D2, etc. Yellow and blue represent improvements, while black and 

gray represent worsening of performance. Please note the large difference in regard to the proportion of total learning 

explained by fast online learning between the verum and placebo groups in older participants. c) Speed and accuracy 

normalized to the first block of training, grouped by age group and stimulation type (i.e., verum (V) or placebo (P)). Please 

note that while most groups show similar dynamics to those seen in the respective age-matched groups from the first 

experiment, the older group receiving verum stimulation shows dynamics more similar to those seen in young adults. As in the 

first experiment, the accuracy was maintained even at increasing speeds, although young adults receiving verum stimulation 

significantly dropped in accuracy on the last training day. The shading represents the 95% confidence interval for the 

logarithmic curve fitting (the type of curve is for display purposes only and not included in the LME analysis. 



Chunking and stimulation. In the first part of the analysis, we proposed that 

differences in accuracy could derive, at least in part, from differences in the 

consolidation and deployment of motor chunks during training between age groups. 

We applied the same classifier trained with data from the unstimulated cohort to the 

chunking patterns extracted from participants receiving verum and placebo stimulation 

(data were not seen before by the SVC). Figure 2.6a shows that on the first day of 

training, the model classified most young participants correctly, while it classified most 

middle-aged participants as young; this matched the results obtained from the 

unstimulated cohort. The model also correctly classified older participants receiving 

placebo stimulation. In contrast, the model classified almost half of the older 

participants receiving verum stimulation as young. By the end of training, most 

participants executed chunking patterns more similar to those of the young, matching 

our previous findings. Figure 2.6b shows the gradual evolution of chunking patterns in 

all groups, with young adults executing patterns in a consistent manner. Middle-aged 

adults start with patterns more similar to those of young adults, which become even 

more similar over the course of the training week. Older adults drift from “old-like” 

patterns to “young-like” patterns, as seen in the first experiment, with this transition 

occurring sooner in the verum group. 



 

Figure 2.6 Evolution of chunking patterns during motor skill acquisition in Experiment 2. a) Chunking distance for patterns 

generated on the first and last days of training, as well as on the last follow-up session (i.e., day 60), for each group receiving 

either verum (V) or placebo (P) stimulation. As described in Figure 2.4, the red dashed line indicates the boundary between 

the old (distance > 0) and young (distance < 0) classes. Please note that all groups present a similar set of distances as in the 

first experiment (Figure 2.4a), with the exception of the older group receiving verum stimulation, in which half of the 

participants generated chunking patterns similar to those seen in young adults on the first day of training. b) Average chunking 

distance for each group on each day, with its corresponding standard error. Please note the earlier appearance of "young-

like" chunking patterns in the older group receiving verum stimulation compared to the placebo group. 

To test whether these differences in chunking translate into different 

performances in the task for the older group, we identified the participants in the verum 

group classified as young on the first day and plotted their scores separately from the 

other participants in their group, as well as the speed and the accuracy. Figure 2.7a 

shows the scores of all older participants, with “young-like” participants in the verum 

group scoring significantly higher than those in the “old-like” participants in the verum 

group (T[27] = 6.17, d = 3.27, p < 0.0001). Older adults generating young-like patterns 

on the first day of training were significantly faster on the first training block (T[12] = 

2.61, d = 1.41, p = 0.02), and overall on the first training day (although this difference 

was only a trend, (T[12] = 1.94, d = 1.71, p = 0.07)), compared to their peers under the 

verum condition, but not chunking like young on the first day of training. From the 

second day onwards, young-like older adults were consistently and significantly faster 



than their peers. The rate of improvement in speed (i.e., the slope) was significantly 

steeper in older adults generating young-like chunking patterns on the first day 

compared to those who did not (T[80] = 2.85, d = 0.29, p = 0.005). As for the accuracy, 

even after the sub-division based on generated chunking patterns, all older adults 

receiving verum stimulation improved theirs sharply on the first training day, while older 

adults receiving placebo stimulation did so gradually over training. Older adults not 

chunking like young on the first training day (both in the verum and the placebo groups) 

required more extensive practice to generate young-like chunking patterns, an 

achievement they reached at different time points of training depending on their speed 

(please refer to Figure 2.7c and Figure 2.7d), supporting the notion of “a tendency to 

chunk facilitating rapid execution, and the need for rapid execution inducing chunking” 

(Zimnik & Churchland, 2021). 

 

Figure 2.7 Primary outcome of Experiment 2 for the older groups only, with the group undergoing verum stimulation 

stratified based on the chunking patterns generated on the first training day. a) Older participants in the verum (V) group 

generating “young-like” patterns on the first day show an enhanced performance compared to those generating “old-like” 

patterns in the verum group and those in the placebo (P) group. The error bars depict the standard error for scores averaged 

over each training block. Please note the steep increase in the older group who are chunking like the young group, that is, the 

increase in performance is reminiscent of the increase seen in participants in the young group. b) Older adults in the (P) and 

(V) groups (for the latter, regardless of whether they generated young-like chunking patterns on the first day or not) started 

training from comparable levels of accuracy. While the (P) group improved their accuracy gradually over the course of training, 

young-like and old-like members of the (V) group improved their accuracy sharply on the first training session, at a rate 



comparable to that seen in young adults of the first experiment. c) Older adults in the (V) group generating young-like chunking 

patterns on the first day were initially faster than their peers, and increased their speed at a steeper rate. d) This graph depicts 

the amount of practice, calculated as sum of total sequences generated, up until each individual generated young-like 

chunking patterns, and on which day they did so. Young-like older adults in the verum group required fewer practice than their 

peers, most of which required similar amounts of practice (~140 sequences) to generate young-like patters. Please note that, 

when considered alongside the speed of each group (i.e., Figure 2.7c), this suggests that at lower speeds (i.e., those seen in 

the old-like verum and placebo groups), the required amount of practice is higher than it is at higher speeds. 

Chunking, stimulation, and neurophysiology. We used established TMS protocols 

to measure intracortical inhibition in all participants in the second experiment. We 

applied a well-established double pulse TMS paradigm (i.e., short-interval intracortical 

inhibition, SICI) (Heise et al., 2013; Heise et al., 2010; Kujirai et al., 1993) before and 

after the first training session to quantify interneuronal GABAergic inhibition within M1, 

which is directly involved in the learning and execution of the motor sequence. We 

applied the SICI paradigm while participants were at rest. Within the placebo groups, 

we found no significant differences in inhibition before or after the first training session 

or after the whole training week. Similarly, we did not find significant differences 

between verum and placebo in any of the age groups, thus confirming previous reports 

that SICI does not significantly change when atDCS is applied together with motor 

training (Amadi et al., 2015).  

  



2.1.4 Discussion 
 

Here, we studied age-related differences in the acquisition of a sequence-tapping task 

and applied atDCS concomitant to motor training seeking to enhance performance. 

We isolated different components of motor skill acquisition intrinsic to this task, and 

followed their evolution throughout and up to 2 months after training. We contrasted 

the dynamics of motor skill acquisition seen in young adults, assumed to be able to 

acquire the task optimally, to those seen in older adults, depicting a generally lower 

performance on this task. Our results suggest that mastering this motor task relies on 

the early internalization of the motor sequence, followed by the practice-dependent 

optimization of its execution, observed as motor chunks at a behavioral level.  

 

The results of the first experiment show that general performance of the 

sequence-tapping task decreases with age, with score differences between age 

groups coming mostly from the improvement dynamics present in the first training day. 

Our results show that speed decreases with age, with relative differences between age 

groups as expected from natural muscular deterioration (Doherty et al., 1993) and 

atrophy in cortical regions and the corpus callosum (Seidler et al., 2010) that occur 

during healthy aging. Accuracy, on the other hand, was initially comparable among the 

three groups, but improved sharply and reached a plateau on the first training day in 

young adults, while older adults improved theirs gradually over the course of training. 

These results suggest that young adults improve their performance of this task first by 

minimizing the error of execution and focusing on improving speed thereafter, a 

behavior reminiscent of the model proposed by Hikosaka and colleagues (1999). 

 

Instructing individuals to generate sequential movements in quick succession 

results in the spontaneous appearance of temporal patterns known as motor chunks 

(Sakai et al., 2003; Verwey, 1996). Our analyses on the chunking patterns produced 

by all participants showed that older adults did not generate chunking patterns as 

young adults did on the first training day, but did so after more extensive practice. 

Previous research on motor chunking assumes chunks emerge from the repeated 

sequential execution of single commands in close temporal proximity (Abrahamse et 

al., 2013). In our first experiment, young adults were faster, so one could deduce that 



this higher speed allowed for more intensive practice on the first day of training and 

that this led them to generate chunking patterns sooner.  

 

The second experiment revealed a significant effect of atDCS only in older 

adults, with those under the verum condition scoring significantly higher than their 

peers in the control group. The same analysis performed on the data from the first 

experiment revealed that older adults receiving verum atDCS during training reduced 

their error sharply on the first training day, much like young adults of the first 

experiment did. Additionally, they generated chunking patterns similar to those seen in 

young adults at earlier stages of training, with many of them doing so on the first 

training day. At a first glance, these results would suggest not all older adults 

responded to atDCS to the same extent. However, the speed and the accuracy of older 

adults under the verum condition, grouped according to whether they generated 

young-like chunking patterns or not on the first day of training, suggest that atDCS 

acted on all older adults by facilitating the encoding and the storage of the sequence 

in memory, leading to a sharp improvement in accuracy on the first training session. 

On the other hand, older adults with young-like chunking patterns were faster initially, 

which alongside an optimized accuracy achieved on the first training day, resulted in 

an earlier consolidation of motor chunks. 

 

Therefore, older adults under the verum condition improved their performance 

following a similar pattern as the one seen in young adults, optimizing the error first 

and improving the execution thereafter, albeit at different rates depending on their 

speed of execution. As previously mentioned, speeding up leads to chunk formation, 

and chunk formation allows further increases in speed, which is supported by faster, 

young-like older adults chunking earlier and increasing their speed more steeply.  

 

Motor and cognitive components of the sequence-tapping task 

Recent work has suggested that motor chunks are not represented within M1, but 

rather form in premotor cortical and striatal centers (Diedrichsen & Kornysheva, 2015), 

with patterns represented in the parietal cortex, as well as in dorsal and ventral 

premotor cortices (Yokoi & Diedrichsen, 2019). Subsequent chunk selection occurs in 

the striatum (Diedrichsen & Kornysheva, 2015) and bilateral putamen (Wymbs et al., 

2012), as well as dorsal premotor and supplementary motor areas (Nambu et al., 2015; 



Shima & Tanji, 1998), with chunk execution eventually occurring in M1 (Yokoi et al., 

2018). Krakauer and colleagues (2019) suggest that the lack of representation of motor 

chunks within M1 indicates these structures are not selectively motor, but rather 

cognitive elements independent of motor execution, whose function is limited to storing 

the order of the sequential elements for their efficient retrieval. If this were the case, it 

would suffice to memorize the sequence for such patterns to emerge and, in the case 

of the present study, to optimize its execution and minimize the error. In the real world, 

this would translate to a pianist being able to master a musical piece simply by studying 

the score, which appears not to be the case (Highben & Palmer, 2004).  

 

Our method captured behavioral differences in speed, accuracy, and generated 

chunking patterns. Considering speed increases consistently in all groups without 

accuracy ever decreasing, the observed improvement results from a shift in the speed-

accuracy trade-off (Hikosaka et al., 2013; Reis et al., 2009). The increase in accuracy 

likely reflects the storage of the sequence elements in memory, resulting from the 

transition from a state of high uncertainty (i.e., ignorance of the sequence) to a state 

of low uncertainty (i.e., knowing the sequence). This information constitutes the spatial 

feature set, specific to the trained sequence (Nambu et al., 2015), and likely enables 

an increase in speed (without sacrificing the accuracy) by boosting motivation and 

confidence in the execution itself (Wong et al., 2015). This process would indeed be 

independent of motor practice, and would capture the cognitive dimension of this task.  

 

The chunking patterns, as detected by our method, reflect a different set of 

features. As the present method uses the inter-key intervals to identify the chunks, it 

portrays the rhythm of execution, which constitutes the temporal feature set. Specific 

temporal patterns can be encouraged externally (for an example, refer to this 

experimental paradigm (Kornysheva & Diedrichsen, 2014)), much as the partition 

determines the tempo in music playing. Taught patterns can be suboptimal, requiring 

the execution of relatively difficult transitions in close temporal proximity, but in the 

absence of external temporal cues, easier transitions are normally grouped together 

(Popp et al., 2018). These patterns are optimized with practice, and their structure is 

constrained by a balance between computational cost and motor efficiency 

(Ramkumar et al., 2016). 

 



Kornysheva and Diedrichsen (2014) found neural activity encoding spatial and 

temporal features independently represented in lateral and bilateral medial premotor 

cortices. These findings suggest the emergence of motor chunks, as those captured 

by our method, result from the storage of both spatial and temporal features in higher 

brain areas, upstream from M1 in the motor network, a mechanism that appears to be 

diminished in older adults. Our results suggest that the most effective way to improve 

performance in this task is to first store the spatial components (i.e., sequence order), 

followed by the storage and iterative optimization of the temporal features (i.e., 

chunking patterns). This order may be specific to the present task, in the sense that no 

external temporal cues were provided; indeed, it may be that when both the sequence 

order and the temporal patterns are explicitly available, both may be consolidated in 

parallel. 

 

Dissecting motor skill acquisition 

There is an ongoing discussion on whether motor chunks are purely cognitive elements 

(Krakauer et al., 2019). In the presently discussed analysis, we consider young adults 

to be capable of acquiring motor skills optimally (within the constraints inherent to the 

human neuromotor system). As such, we consider them to embody the requirement of 

the system for the acquisition of our sequence-tapping task. In young adults, the 

accuracy reaches a plateau in the early stages of training, indicating the sequence has 

been stored in memory. Chunking patterns, on the other hand, also emerge on the first 

training day and remain relatively unchanged for the rest of training. This early 

optimization of both the accuracy and the chunking patterns could be interpreted as 

chunking patterns being a direct consequence of storing the sequence in memory. 

However, the process we observe in older adults suggests otherwise. In older adults, 

the mechanism for storing the sequence in memory appears to be diminished, as their 

accuracy increases gradually over the course of the training week. Nevertheless, 

atDCS seems to restore this mechanism early in training, similar to reactivating a 

dormant ability of the brain, leading to the early consolidation of spatial features and 

resulting in an optimized accuracy on the first training session, as seen in young adults. 

Chunking patterns appeared at different stages of training, which seems to depend on 

the amount of practice and, indirectly, on the speed of execution. Figure 2.7a shows 

faster older adults chunking sooner, which would support the notion of increased 

amounts of practice early in training leading to an earlier consolidation of chunks. This 



is not supported by the other older adults, as most of them need similar amounts of 

practice to generate young-like chunking patterns, regardless of differences in speed; 

please note that patterns emerging later in training, but requiring similar amounts of 

practice imply a slower execution. It appears that relatively high speeds (e.g., like those 

seen in young and middle-aged adults) place a prime on the optimal execution of the 

sequence, resulting in an accelerated formation of chunking patterns, while executing 

the sequence at lower speeds (e.g., old-like older adults under verum and all older 

adults under the placebo) leads to a slower consolidation of chunks, requiring more 

extensive practice.  

 

These results support the notion of a critically-important cognitive component 

intrinsic to sequence-tapping tasks (Krakauer et al., 2019). However, the structure of 

the patterns detected as motor chunks at a behavioral level is determined by the ease 

of the mechanical transition between key presses (Popp et al., 2018), and is optimized 

with practice (a process occurring more gradually in slower older adults). This might 

explain why pianists need extensive practice to perfect a musical piece, long after 

memorizing it. 

 

The effect of atDCS on the storage of spatial coordinates 

Our results suggest atDCS facilitates the consolidation of motor chunks in older adults 

when the anode is placed over the contralateral hand-knob representation at M1 

(though it is of note that the spatial resolution of the stimulation is limited) by facilitating 

the storage of the sequence order in memory. Given the non-focality attributed to this 

technique (Miranda et al., 2006), we cannot discard the possibility of physiologically 

relevant stimulation of other brain areas, like the premotor cortex, as spatial and 

temporal components of the sequence are encoded unilaterally and bilaterally, 

respectively, in these regions (Kornysheva & Diedrichsen, 2014). Therefore, the anode 

could be inducing LTP-like plasticity (Fritsch et al., 2010) in intracortical interneurons 

(Stagg & Nitsche, 2011) of the M1 contralateral to the trained hand, but also the ventral 

and dorsal premotor areas (i.e., PMv and PMd), facilitating the storage of the spatial 

coordinates in these regions.  

 

In search for likely causes behind the selective effect of atDCS, seemingly exclusive 

to older adults, we quantified intracortical (GABAergic) inhibition within M1, since 



previous studies have shown that less efficient SICI was associated with lower 

dexterity in executing rapidly alternating two-finger tapping (Heise et al., 2013; Heise 

et al., 2014). Nevertheless, we did not find significant differences between verum and 

placebo in any of the age groups, confirming previous reports that SICI does not 

significantly change when atDCS is applied together with motor training (Amadi et al., 

2015). This further supports the view that the effect of atDCS in older adults at a 

behavioral level does not directly act on the execution of the sequence itself, but likely 

on higher brain areas, upstream of the motor network. 

 

If we conceive the process of chunk formation as the transition from high-

uncertainty to lower-uncertainty in the execution of a motor sequence, we can consider 

each source of information to contribute to this change of state. In a recent study, Cross 

and colleagues found evidence for the primary motor cortex being a hub where both 

somatosensory and visual feedback converge (2021). This information is likely 

integrated in higher brain areas, such as premotor (Takei et al., 2021) and parietal 

cortices (Shadmehr & Krakauer, 2008), an essential process to decrease the error in 

the execution of our task. Sensorimotor integration decreases with age (Degardin et 

al., 2011), so atDCS could be compensating this process in older adults. 

 

Implications for using atDCS in motor sequence learning 

During the first day of training, young adults optimize their accuracy and focus on 

improving speed thereafter, experiencing a shift in the speed-accuracy tradeoff early 

in training. The consolidation of spatial coordinates allows the rapid optimization of 

temporal features, resulting in an early consolidation of chunking patterns. The fact 

that these patterns do not change much during the subsequent four days of training 

indicates that they reached an optimized strategy. As such, these strategies would 

constitute a ceiling on dexterous skill for this task. Our results suggest that atDCS 

influences accuracy, but not speed, as we did not find significant differences in speed 

related to stimulation in any age group. Nevertheless, it appears that only imbalanced 

neural systems that are less than optimal can benefit from stimulation. Neural 

responsiveness decreases with healthy aging, which is why enhanced plasticity 

induced by atDCS (Monte-Silva et al., 2013) likely benefits older adults (Zimerman et 

al. 2013). Greeley and colleagues (2020) reported improved motor chunk formation 

related to atDCS applied to M1 in young adults. Unfortunately, we cannot compare our 



results to theirs, as the metric they use is the number of chunks, which does not provide 

much information on how the sequences are segmented. Further, they consider fewer 

chunks to reflect greater improvement, which is based on the notion of an eventual full 

concatenation of chunks, which likely is not attained due to the related computational 

costs (Ramkumar et al., 2016). On the other hand, they did not find differences in 

speed nor accuracy, which matches our own findings.  

 

2.1.5 Limitations 
 

atDCS applied to enhance motor performance has low focality (Miranda et al., 2006), 

which limits the interpretation of how exactly stimulation restores motor and cognitive 

functions in older adults in regard to which brain areas of the motor network are mainly 

involved. Additionally, the fact that the electrophysiological evaluation (i.e., TMS) could 

not be achieved in all subjects limits the null-finding of SICI in relation to learning and 

atDCS in this study. In regard to the statistical analysis, we understand there are 

certain implications to centering the data, but as we use these comparisons just to lay 

down the grounds for the discussion on the actual analysis on the mechanisms behind 

apparent differences in motor skill acquisition, we consider the correction and 

corresponding statistical tests are justified.  

 

2.1.6 Conclusions 
 

Sequence learning is essential and ever present in the execution of many activities of 

daily life. The black-box approach, contrasting different components of skill acquisition 

between young and older adults, whose ability to acquire new skills is present but 

diminished, has revealed that mastering motor sequence tasks depends on the early 

storage of the sequence elements in memory (i.e., consolidation of spatial 

components), leading to the practice-dependent emergence of temporal patterns (i.e., 

motor chunks). Non-invasive brain stimulation, as applied here, might support and 

accelerate this process in systems not working at the optimal level, such in healthy 

older adults. 
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2.2 Supplementary material 
 

2.2.1 Scoring of the behavioral task 
 

We instructed participants to execute the sequence as fast and as accurately as 

possible, so we tried to score performance in a way that would consider both aspects. 

Dan and colleagues (2015) proposed a measure multiplying the exponential of speed 

times the exponential of accuracy: 

 

𝑃𝐼 = exp (−(
𝐵𝑙𝑜𝑐𝑘𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛

12
)) ∗ exp (− (

𝐸𝑟𝑟𝑜𝑟𝑠

12
)) ∗ 100 

 

In their equation, the “12” was the maximum number of correct sequences 

possible in their task per block, and Errors = 12 - CorrectSequences. We tried using 

this equation. In our case, it was the time that was fixed (i.e. BlockDuration) and the 

total number of sequences per block varied. We noticed that the equation weighted 

errors less severely if made at higher speeds, while weighting participants making 

mistakes at lower speeds more harshly. As data came from people from multiple age 

groups, some of them moving more slowly (e.g., older adults) we chose not to apply 

this asymmetric weighting. Additionally, we noticed that the time constant used greatly 

changed the shape of the learning curve (e.g., using either 90 seconds or 1.5 minutes). 

 

We thought about a hypothetical case in which two persons generated five 

correct sequences, with the difference that the first person generated a total of 10 

sequences (50% accuracy) and the second a total of 5 sequences (100% accuracy). 

Based on what we instructed in terms of speed and accuracy, we wanted to give higher 

credit to the person having higher accuracy. Directly multiplying speed and accuracy, 

namely 10*0.5 for the first and 5*1 for the second person, would yield scores of 5 for 

both. Therefore, we chose to multiply the number of correct sequences times the 

accuracy, which would yield 5*0.5 = 2.5 for the first and 5*1 = 5 for the second, placing 

the desired prime on both parameters. The resulting equation is: 

 

𝑠𝑐𝑜𝑟𝑒 = 𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑆𝑒𝑞𝑢𝑒𝑛𝑐𝑒𝑠 ∗ 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝐶𝑜𝑟𝑟𝑒𝑐𝑡 
 

 
 



Correction for individual skill level at the beginning of training 

 

We used a single baseline block as a benchmark (containing an independent 

sequence, the same for all subjects) for evaluating the initial motor capabilities of each 

subject. We do not use this block to normalize the performance during training under 

stimulation, for several reasons. First, it is a different sequence from the sequence 

people train on, and even if it is similar in structure and equivalent in complexity, 

previous research shows there is no transfer between different sequences (Sakai et 

al., 2003), which we also see when comparing the training blocks to the catch blocks 

in this study (please see Table 1). Second, the training kicks in from the very first 

execution of a sequence (Gheysen et al., 2017). Third, the performance averaged over 

the whole block might benefit already from the stimulation, so penalizing it with a 

different sequence executed under different circumstances (i.e., without stimulation) 

does not seem adequate. 

 

We used the baseline block as reference for initial skill levels. In the first 

experiment, we found significant differences in the scores of this block between age 

groups. Nevertheless, we found no significant differences in accuracy (please see 

Table 1). In the second experiment (placebo groups), we found no significant 

differences in neither the scores nor the accuracy in the baseline block, further 

supporting the notion of participants starting at the same skill level (please see Table 

2).  

 

As we confirmed all participants were healthy, we assumed all age groups could 

improve within the same range of values, allowing us to compare them within the same 

frame of reference. For this reason, we corrected individual performance by subtracting 

the score of the first training block. As participants’ improvement is in the same order 

of magnitude, we consider absolute improvement to be an adequate measure. 

 
 

2.2.2 Catch block scores 
 

In the main manuscript, we mention that we see no generalization of learning to 

sequences different from the training sequence. The scores below show average 

scores of all blocks, including the catch blocks (please see Figure S2.1).  

 



 
Figure S2.1 Primary outcome of all blocks (i.e. including catch blocks). a) Average score for all blocks of the first experiment 
(i.e. training without stimulation). The vertical lines represent the standard error of the mean. b) Average scores for all blocks 
in the second experiment (i.e. training with either verum (V) or placebo (P) stimulation), with vertical bars describing the 
standard error of the mean. The error bars depict the standard error of the mean.  

 

It is clear to see that the improvement seen in the training sequence does not 

transfer to other sequences. Scores were not significantly different between catch 

blocks (Table 1 and Table 2). 

 

2.2.3 Speed and accuracy 
 

In the main article, we only show the normalized speed and accuracy for each group. 

The reason is that we were interested in discussing the dynamics of both parameters, 

and intended to show both processes in the same plot. Here, we show the average 

speed and accuracy for each group. We describe the speed as the total number of 

sequences generated within a block (Figure S2.2). 



 
Figure S2.2 Group average accuracy and speed. Accuracy (top) and speed (bottom) in the first (a) and second (b) 
experiments. We defined speeds to be the total number of correct sequences generated within a block, while accuracy 
corresponds to the ratio of correct sequences to total sequences in each block. The error bars depict the standard error of 
the mean. 

 

2.2.4 Uncorrected scores 
 

In the main manuscript, we present centered average scores for all groups of both 

experiments, which was necessary to compare the scores statistically. Figure S2.3 

shows the uncentered scores. Interestingly, the unstimulated groups and the groups 

receiving placebo stimulation look almost exactly the same, and the absence of an 

effect of atDCS in young and middle-aged adults is more evident.  

 



 

Figure S2.3. Uncorrected scores for both experiments. The scores obtained by the three groups of the first experiment (a) 
match those obtained by the groups receiving placebo stimulation in the second experiment (b). Please notice that without 
the correction, the verum and placebo groups of both young and middle-aged adults are even more similar, highlighting the 
absence of an effect reported in the main manuscript. In contrast, older adults receiving verum stimulation outscore the 
unstimulated and the placebo groups of older adults.  

 

2.2.5 Motor chunk estimation from behavioral data 
 

A common approach at extracting chunking patterns in the execution of discrete 

sequence production tasks is to average the inter-key intervals (IKIs) and detect 

statistically significant increases, assumed to separate adjacent chunks (Abrahamse 

et al., 2013; Rosenbaum et al., 1983; Verwey, 1996). Acuna and colleagues (2014) 

implemented a probabilistic approach meant to estimate the likelihood of an individual 

performing a certain chunking pattern based on the IKIs and the errors generated 

during the execution of the task, as well as the correlation of these two components. 

The model they propose uses expectation maximization to estimate the most likely 

chunking pattern generated on each trial (i.e. sequence execution). For each trial (t), 

the model uses prior knowledge on the chunking pattern executed in the preceding 

trial (t-1). This approach stands on an assumption that makes its use difficult in our 

dataset. The model assumes that improvement is steady and consistent during 

training, with similar chunking patterns between adjacent trials. This could be the case 

in young adults, with average scores monotonically increasing between days. In 

contrast, middle-aged and older adults often show diminished performance at the 

beginning of a training session with respect to the previous day. On the other hand, 

the use of a catch block presented in the middle of training sessions often disrupted 

performance in the subsequent training block (as reported by several participants and 

as observed in the “dips” in the learning curves of each day, Figure S2.1), which 

probably had an impact on the executed chunking pattern. Additionally, errors in older 

adults, more frequent than in young, would likely obstruct finding the chunking pattern 



implemented by a participant, as errors cause participants to slow down (Ruitenberg 

et al., 2014). Furthermore, the probabilistic approach enforces the notion of chunks 

eventually being fully concatenated by the end of training, while chunk formation is 

likely constrained by the computational cost of retrieving a certain amount of sequence 

elements (Ramkumar et al., 2016). 

 

For these reasons, we decided to use the approach proposed by Song & Cohen 

(2014). In their method, chunking strategies are detected by applying a k-means 

clustering algorithm to the IKIs, forcing two clusters to label IKIs as either “fast” or 

“slow”.  

 

Each sequence had nine IKIs, with the first one reflecting the interval between 

the last key press of the previous sequence and the first key press of the current 

sequence. After removing incorrect sequences from each block, we normalized the 

IKIs of each sequence to the total duration the sequence (i.e. divided each IKI by its 

sequence duration), to account for the gradual increase in speed during training. After 

normalization, we applied the K-means clustering algorithm to sequences of each 

block (Sklearn, https://scikit-learn.org/) enforcing the notion of two clusters being 

present (i.e., “fast” and “slow”), labeling the IKIs of each sequence based on their 

proximity to them (Figure S2.4a). The outcome of this step was a chunking pattern for 

each individual sequence (Figure S2.4b). 

 

Figure S2.4 Extraction of chunking patterns from IKIs. a) We applied k-means clustering on IKIs from each block, defining two 
cluster centroids (i.e. “fast” and “slow”). b) After estimating the centroids, we labelled each IKI of the block as either “1” (i.e. 
fast) or “0” (i.e. slow), interpreting adjacent “1”’s as intervals belonging to the same motor chunk. 

 

Labelling each sequence in this way results in many different patterns. Figure 

S2.5a shows an example of such variability, in which each histogram bin corresponds 



to a different sequence pattern. As sequences are binary (i.e. consist of ones and 

zeros), we converted them to decimal to represent them as a single number. 

 

Figure S2.5 Chunking patterns generated by a single subject. a)Binary chunking patterns (e.g. [011011011]) are represented 
in decimal form (e.g. to (0)28+(1)27+(1)26+(0)25+(1)24+(1)23+(0)22+(1)21+(1)20=219). b) Output from each criterion for pattern 
selection. 

Because each participant generates multiple sequences, we defined the criteria 

described in the main text to determine a single pattern for each participant, on each 

day of training. Figure S2.5b shows the output from the five criteria for a single 

participant on the first day of training. As some patterns are slightly different from one 

criterion to the next, we perform a majority vote using the five criteria. In this example, 

the resulting pattern would be [0 1 1 0 0 1 0 1 1].  

 

2.2.6 SICI measurements 
 

In the main text, we mention that we used TMS to measure intra-cortical inhibition at 

rest in all participants of the second experiment. We applied the SICI paradigm before 

and after the first training day, to quantify the interneuronal GABAergic inhibition within 

the primary motor cortex, directly involved in the learning and execution of the motor 

sequence. We repeated these measurements on the fifth and sixtieth days. We show 

the group results below.  



 

Figure S2.6. SICI measurements at rest in participants of the second experiment.  Inhibitory efficiency, quantified as the ratio 
of the amplitude resulting from the SICI paradigm divided by the amplitude of the test stimulus (TS). Each marker corresponds 
to the average ratio per group, with its corresponding standard error. a) SICI at rest in all groups receiving placebo stimulation. 
Panels b to d show SICI measurements at rest in young (b), middle-aged (c) and older (d) adults receiving verum (V) and 
placebo (P) stimulation. 

 

2.2.7 Self-reports on attention and fatigue 
 

We used a visual analogue scale (VAS) to inquire about the state of attention and 

fatigue in all participants before and after each training block. This scale is presented 

as an ungraded line, with attention ranging from “completely attentive” (0) to 

“completely inattentive” (10), and fatigue ranging from “awake” (0) to “tired” (10).  

In Figure S2.7 we show the scores reported by the participants over the course of 

training, averaged per age and stimulation group, with the error bars representing the 

standard error of the mean. Figure S2.8 shows the difference in attention and fatigue 

between the last block of a training day and the first block of the following training day, 

plotted against the score difference between the same blocks (i.e., offline learning). 



 

Figure S2.7 Self-reports on the state of attention and fatigue over the course of training. Average attention (a) and fatigue 
(b) scores provided by the participants of all groups of the first and the second experiments, with young adults at the top and 
older adults at the bottom panels. The error bars correspond to the standard error of the mean. 

 

 

Figure S2.8 Offline learning as a function of attention and fatigue. The difference in attention and fatigue was calculated 
between the last block of a training session and the first block of the following training session. Please note that the figures 
depicting the relationship between offline learning and attention (a) and offline learning and fatigue (b) share the same y-
axis. Please note as well that the top row shows the young adults and the bottom row shows the older adults for both 
attention and fatigue 

 

 

 



2.2.8 Statistical analyses of the main results 
 

This subsection enlists all the statistical tests we ran for both experiments. In each 

table and for each aspect tested, we specify whether we fitted a linear model (LM) or 

a linear mixed-effect model (LMER) accounting for individual variation within each 

group; whenever between-subject variability warranted it, we used a linear mixed-

effect model with random intercepts for individuals. The parameter (1 + 1|ID) in the 

random column is used to specify a random effect of intercept between individuals, 

allowing the intercept of the fitted model to vary, as defined in the lmer package in R 

(Bates et al., 2014). We did not include a random effect of slope per day because inter-

individual variability in each group did not justify it. We defined the factor “Day” as 

categorical, to fit individual lines per training day. 

Below, we show tables with the results of all the statistical tests we ran. Table 1 

contains a key explaining the different aspects assessed in the execution of our motor 

task, while Table 2 contains a key with the parameters reported for each statistical test. 

Table 3 shows the results of the tests ran on the data from the first experiment, in which 

our groups of young, middle-aged and older adults trained without stimulation. Table 4 

contains the tests we ran including all groups of the second experiment and serves as 

a preamble, alongside the results reported on Table 3, justifying the testing of the 

effects of the intervention (i.e., atDCS) on each age group separately. The results 

shown in Table 3 (and confirmed in Table 5) show clear age-related differences in the 

overall performance, as well as on the speed and on the accuracy, which alongside 

significant interactions found between the age groups and the intervention over the 

course of training (Table 4), suggest the mechanisms involved to be different, justifying 

a separate comparison for each age group. Our tests on the effect of stimulation for 

each age group are summarized on Table 6, while the subsequent tests done in the 

groups of older adults taking their generated chunking patterns into account are 

summarized in Table 7. Table 8 and Table 9 outline the results of the statistical tests 

we ran on the reported scores for attention and fatigue in the first and in the second 

experiment, respectively.   

 

 



Table 1. Key describing the aspects tested for in the assessment of the 

behavioral and electrophysiological data of both experiments. 

Aspect Definition 

Baseline First exercise block presented to all subjects, lasting 90 seconds and 
containing a different sequence to that presented during the training or the 
catch blocks. It served as a measure of initial skill level. 

Training Set of blocks containing the main training sequence. On each training day, the 
training sequence was present in six out of seven blocks. 

Online 
learning 

Measure of performance change taking place over the course of a training 
session, quantified as the difference between the last and the first training 
block of each session. 

Online 
slope 

Slope of the straight lines fitted to the scores of each participant on each 
training day, reflecting the rate of change in performance on each day. 

Offline 
learning 

Measure of performance change occurring overnight (i.e., between training 
sessions), quantified as the difference in score between the last block of a 
training session and the first training block of the following session. 

Speed Speed of execution of the sequences, quantified as the total number of 
sequences generated per block. 

Accuracy Measure of precision in the execution of the sequence, quantified as the ratio 
of correct to total number of sequences. 

FU 
scores 

Scores obtained during the follow-up (FU) sessions. 

Catch 
block 
scores 

Scores obtained in the “catch” blocks presented halfway through each training 
session, containing a sequence different to the training sequence and different 
on each session. 

D1 / D2-
D5 

Specification of whether an aspect concerns the first training day (D1) or the 
rest of the training week (D2-D5). 

SICIrest Short-interval intracortical inhibition (SICI) measured when individuals where 
at rest, quantified as the ratio of the magnitude of the conditioning to the test 
pulse commonly used in the SICI TMS paradigm (please refer to the 
Methods). The specification “change Tr. D1” refers to the change in SICIrest 
after the first training session, while “change Tr. Week” refers to the change 
after the training week. 

Attention Subjective measure of attention reported by each participant before and after 
each training block, captured using a visual analog scale in the form of an 
ungraded 10 cm straight line ranging from “completely attentive” (0) to 
“completely inattentive” (10). 

Fatigue Subjective measure of fatigue reported by each participant before and after 
each training block, captured using a visual analog scale in the form of an 
ungraded 10 cm straight line ranging from “awake” (0) to “tired” (10). 

Label The “label” parameter in Table 7 corresponds to a classification we did within 
older adults receiving verum stimulation, grouping them according to whether 
they generated “young-like” or “old-like” chunking patterns on day 1. 

 

 
 
 



Table 2. Key describing the parameters reported for each statistical test. 
 

ANOVA 
parameters 

Description 

DF num. Numerator degrees of freedom. 

DF den. Denominator degrees of freedom. Only applicable when fitting 
mixed-effects models (i.e., LMER). 

F F-value in an ANOVA, calculated as the ratio of the variance 
explained by a model to the unexplained variance. 

p Classical p-value, representing the likelihood of observing the 
current or more extreme data given that the null hypothesis is true 
(i.e., the true means of the compared groups are not different).  

 
Post-hoc test 
parameters 

Description 

Estimate Estimated difference between the models fitted to each group. 

DF Degrees of freedom. 

t T ratio, calculated as the estimate divided by the standard error of 
the estimate. 

p Classical p-value, as described above. 

d Effect size, calculated as the difference of the means divided by the 
standard deviation. 

Cl Confidence level, calculated as the estimate ± the value of the 
inverse cumulative density function of the Student t distribution 
given the degrees of freedom.  

 

Note: Tables with results of statistical tests 

The tables are too large and not legible in this format. Please refer to the 

appendix to find them. 

 

 

 

 

 

  



Chapter 3 In search of additional effects of atDCS in motor 
sequence learning 
 

The results of the study described in the previous chapter suggested the effects of 

atDCS to be limited to the early stages of training, helping individuals with diminished 

learning abilities to store task-relevant information early on. Even though this translated 

into an overall better performance, young adults still outperformed all groups of middle-

aged and older adults. Based on theoretical background detailed in Chapter 1, we 

would expect an effect of stimulation related to its LTP-like potentiation-inducing 

quality. However, the effect of atDCS discussed in the previous chapter appeared to 

be limited to the first day of training, with no clear effect on the retention of the learned 

task. However, we could not discard the possibility of having such an effect after more 

extensive training. For this reason, we searched for more prominent effects of 

stimulation derived from a more prolonged exposure to this technique. Specifically, we 

asked a new cohort of middle-aged and older adults to train the same sequence-

tapping task as described in the previous chapter, just for twice as long (i.e., for ten 

days). The prospect of such a long training, alongside the trend towards using mobile 

technological platforms for telemedicine applications, led us to implement a home-

based system for stimulation-enhanced motor training, allowing our participants to train 

at their own leisure without having to leave their home. As such, the objective of this 

study was twofold: to search for additional effects of stimulation on motor skill 

acquisition resulting from a more prolonged exposure, and to assess the feasibility of 

such a technique as a safe, robust tool for future therapeutic applications, even in 

populations with limited prior experience in using a computer (as it’s sometimes the 

case with older adults).  

 

 

 

 

 

 

 



3.1 Feasibility of home-based, self-applied transcranial direct current 
stimulation to enhance motor learning in middle-aged and older adults 
 

 

3.1.1 Letter to the editor of “Brain Stimulation” 
 

[…] Transcranial direct-current stimulation (tDCS) is a non-invasive brain stimulation 

technique capable of modulating cortical excitability beyond the stimulation period 

(Friedhelm C. Hummel & Cohen, 2005; Michael A. Nitsche & Paulus, 2001). tDCS 

presents interesting options as a therapeutic intervention in multiple neurological 

disorders, such as stroke, depression, chronic pain, schizophrenia, and Alzheimer’s 

and Parkinson’s disease (Gonsalvez et al., 2016; Moffa et al., 2018). The effects of 

this technique can accumulate over multiple stimulation sessions (Monte-Silva et al., 

2013), but visiting specialized centers to regularly receive such an intervention 

presents practical issues (e.g., travel time and costs) that limit access to these benefits. 

Portable, inexpensive devices for tDCS are available on the market, making them an 

attractive option for home-based stimulation, an approach that has been gaining 

momentum in the past decade (Sandran et al., 2019). Nevertheless, readily-availability 

of this technology allows its irresponsible use (Fitz & Reiner, 2015), which poses safety 

hazards for users and threatens to demerit the potential of this tool for therapeutic 

applications.  

 

This subsection contains the publicly available letter we wrote to the editor of Brain 
Stimulation, reporting our first experiences with the home-based setup. It has been 
reformatted to match the style of this thesis.  
 
Maceira-Elvira, P., Popa, T., Schmid, A. C., & Hummel, F. C. (2020). Feasibility of 
home-based, self-applied transcranial direct current stimulation to enhance motor 
learning in middle-aged and older adults. Brain Stimulation: Basic, Translational, 
and Clinical Research in Neuromodulation, 13(1), 247-249. 
doi:https://doi.org/10.1016/j.brs.2019.08.014 
 
Contribution: I participated actively in the development and implementation of the 
home-based training platform, mediating between the training application 
developer and the company providing the mobile stimulation platform and ensuring 
a seamless interaction between the two. I acquired the data alongside Dr. T. Popa, 
including behavioral data and electrophysiological recordings. I instructed every 
participant on how to setup the stimulation, how to perform the motor training, and 
how to deal with eventual obstacles at home, also providing phone support 
whenever necessary.  



Even though there have been first studies concerning tDCS applied at home 

(Sandran et al., 2019), few of them have required users to apply stimulation by 

themselves, as there are multiple parameters to control for stimulation to be effective. 

Nevertheless, seeking to provide home-based tDCS therapeutically calls for the users’ 

independent application, such that it might be unconstrained by availability of 

specialized personnel. We are currently conducting a study involving the remotely-

controlled, unsupervised self-application of home-based tDCS during the execution of 

a motor training. Participants train two different tasks with their left hand (i.e. a 

sequence-tapping task (Fig.1B) and a visuo-motor task (Fig.1C)) for two weeks each, 

while receiving anodal electrical stimulation over the hand representation in the right 

motor cortex according to safety recommendations (Antal et al., 2017). In total, 

participants receive 400 minutes of tDCS over the course of 20 days (five consecutive 

days per week). So far, five healthy participants (2 women, 64±7.3 yr., range 51-68 yr.) 

have completed training. Participants gave their informed consent under protocol 

guidelines approved by the cantonal ethics committee Vaud, Switzerland (project 

No.2017-00301), according to the Declaration of Helsinki. We do the first session in 

the lab to teach the participants how to use the setup, and we give them a detailed 

manual including illustrations with every step of the training preparation and execution 

for later consultation. We use a Neuroelectrics Star-Stim8 device to deliver stimulation 

and the Neuroelectrics-Instrument-Controller to remotely control stimulation 

parameters (stimulation duration, amplitude, dosage, etc.) and monitor stimulation 

progress. Participants wear a cap with electrodes attached to fixed locations (left-

supraorbital and C4, 10-20 system, Fig.1A). Our training task is performed on a tablet 

and can only start once stimulation is active; the software transmits all generated 

training data to our server right after its completion.  

 

Participant acceptance was very high. All participants felt comfortable setting up 

the stimulation and training by the end of the first week. They described training as 

interesting and even fun, valuing the relative gamification of our tasks. An intruding 

factor, pointed out by some participants, was the sporadic loss of concentration at 

home due to external interruptions (e.g. dog barking, neighbor ringing doorbell, etc.). 

Participants were scheduled to contact us at the end of each week for a debriefing 

session. We found this contact to be very important in keeping participants engaged, 

giving relevance to their efforts, and showing we cared about their well-being. This is 



a crucial aspect to consider when providing similar services to patients, as having less-

frequent contact with healthcare specialists due to receiving self-applied home-based 

therapies could affect their motivation.  

 

Use of our proposed setup was not equally simple for all participants. Within the 

group, younger participants (especially those still working) had no problems self-

applying the intervention together with its respective training. Older participants, less 

familiar with computers, struggled slightly during the first couple of days, requiring 

telephonic assistance for troubleshooting more often. We strived to reduce preparation 

steps as much as possible to minimize mistakes, providing a minimum amount of 

equipment parts and simplifying the interface. Participant adhesion was 90.1±4.1%, 

affected mostly by malfunction of the stimulation software (i.e. the server managing 

stimulation sessions went down and remained so for three days). This constitutes a 

single-point-of-failure to the setup and might be critical for therapeutic interventions.  

Another lesson we learned was the importance of assistance and support around the 

clock. Users having difficulties when setting up stimulation or training can face a large 

degree of frustration (this happened to one of our participants), which is why someone 

should be available for questions and support at all times, especially for patients. 

Technical issues may arise anytime, but their prompt solution is paramount to avoid 

therapy interruptions or mistrust towards the system. 

 

There were no adverse events reported over the whole month of training, other 

than slight tingling at the start of the stimulation.  

 

When used correctly, tDCS is a powerful tool to modulate cortical plasticity, 

which can be applied to enhance motor learning, as well as to treat a variety of 

neurological conditions, including post-stroke recovery. Periodic self-application at 

home shows promise as a cost-effective, personalized therapeutic intervention 

allowing high training intensities, but it requires continuous monitoring of multiple 

parameters to ensure a responsible, safe, and effective usage of this technology. We 

have identified various important aspects to control in order to provide a reliable service 

to patients. A simple, user-friendly setup is of the utmost importance, and 

troubleshooting assistance should be available at all times to avoid frustration or 

mistrust towards the system. This system should be robust and tech support should 



be provided immediately in case of malfunction. Future work should address important 

technical details, like the optimal placement of stimulation electrodes for a particular 

condition. Our group is working on an automated tracking system to help users place 

electrodes as consistently as possible across days, which might help reduce variability 

in the effects of stimulation (Opitz et al., 2015).  

 

 

Figure 3.1 Setup for home-based motor training in combination with tDCS. A) Participant training at home1, wearing a cap 
punctured at FP1 and C4, restricting electrode placement to these locations. Electrodes were 5 cm in diameter, soaked with 
10 ml of saline solution each, applied with a syringe. B) Sequence-tapping task, requiring participants to replicate a motor 
sequence as fast and as accurately as possible using a numerical pad. C) Visuo-motor task, requiring participants to follow a 
shape on the touch-screen using a stylus, as fast and as accurately as possible. 
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1 This photograph was provided by the participant and taken at his home. He gave his permission in writing for 
it to be used in the present article, without any modifications. 



3.2 Feasibility descriptive statistics 
 

Table 1 shows a summary of the training compliance for the four groups. Most of our 

participants needed tech support at least once when training at home for the first time 

(0.9 calls on average), with the most common problem being connecting to their home 

WiFi network.  

 

 
Table 3.2.1 Summary of training and stimulation compliance for all stimulation groups. Overall, training adhesion was of 
98% averaged across all groups, with 94.8% of stimulation sessions completed successfully. The most common problems 
affecting stimulation during training were impedance increases (2.25% of sessions), while participants tended to need 
approximately 1 call, on average, for tech support at home, typically on the first day of independent training. The most 
common problem needing tech support was problems connecting to their home WiFi network. 

 

All participants were able to setup the stimulation and to perform the training 

without any assistance by the end of the first training week, even in the groups of older 

adults, in which many individuals had no prior experience using a computer. All 

participants completed the training successfully with one exception in the older-

placebo group, who chose to leave the study after six days of training for finding the 

required procedure to be overwhelming.  

 

 

 

 

 

 

 

 

Age group Stimulation
Mean 

training %

Mean 

stim. %
Common issues Tech saavy

Phone 

support 

calls

Common reason for support

Verum 97 95
Stimulation interrupted due to high 

impedance (2% of sessions)
Regular use (e.g., work) 0.6

Placebo 100 95
Stimulation interrupted due to high 

impedance (1% of sessions)
Regular use (e.g., work) 0.2

Verum 99 97.2
Stimulation interrupted due to high 

impedance (2% of sessions)
Scarce to no prior experience 1.4

Placebo 96 92
Stimulation interrupted due to high 

impedance (4% of sessions) Scarce to no prior experience 1.4

Problems to connect to home WiFi 

network and forgetting to manually 

launch the motor training after strating 

stimulation

Middle-aged

Older



3.3 atDCS accelerates the shift in the speed-accuracy tradeoff in 
individuals with suboptimal learning mechanisms 
 

 

3.3.1 Abstract 
 

Skill acquisition is essential to our survival. Approaching a novel motor task often 

entails a tradeoff between speed and accuracy, with higher speeds typically implicating 

accuracy drops. Practice brings along a shift in said tradeoff, enabling the accurate 

execution of the task at increasing speeds. Healthy young individuals experience this 

shift at the early stages of training, which enables speed and finer mechanical 

improvements afterwards. Older adults tend to experience the same tradeoff shift after 

more extensive training, with non-invasive brain stimulation reportedly accelerating its 

occurrence and allowing for a more efficient skill acquisition in older adults. However, 

the long-term potentiation-like inducing effects attributed to some techniques, such as 

anodal direct current stimulation (atDCS), could potentially improve other aspects of 

skill acquisition, such as offline gains and skill retention, after a more prolonged 

exposure. We studied the effects of applying atDCS concomitant to extensive motor 

training of a sequence-tapping task in middle-aged and older adults in an attempt to 

restore task performance to levels often seen in healthy young individuals. We 

confirmed the early shift in the speed-accuracy tradeoff attributed to atDCS in 

individuals with seemingly diminished learning mechanisms. However, in contrast to 

our previous observations in learning this task, we found not all older adults exhibited 

diminished learning mechanisms. Our results show that age is not necessarily a 

defining factor for an individual’s ability to learn, nor for their likelihood to benefit from 

stimulation. Rather, it is the state of the neural system what likely hinders the 

acquisition of new skills, which necessitates an adequate characterization of the 

individual needs of every person to use this and other stimulation techniques to their 

full potential.  

This subsection contains the article in preparation with the same name, reformatted 
to match the style of this thesis.  
 
Maceira-Elvira, P., Popa, T., Schmid, A. C., Cadic-Melchior, A., & Hummel, F. C. 
(2022). In preparation. 
 
Contribution: I processed the behavioral and the electrophysiological data using 
the same pipeline I developed for the study described in the previous chapter and 
wrote the manuscript. 
 



3.3.2 Introduction 
 

Motor sequence learning constitutes a central object of study due to its widespread 

presence in the completion of activities of daily living. The execution of a novel 

sequential motor task entails a speed-accuracy tradeoff (Wickelgren, 1977), in which 

the execution of the task at higher speeds often leads to a drop in accuracy. With 

practice, individuals experience a shift in this tradeoff (Reis et al., 2009; Shmuelof et 

al., 2012), allowing for an accurate execution of the task at increasing speeds. Optimal 

motor skill acquisition, characterized by the aforementioned shift in the speed-accuracy 

tradeoff occurring at the early stages of training, depends on prioritizing the 

optimization of accuracy over that of speed (Maceira-Elvira et al., 2021). Having 

optimized the accuracy by storing the spatial coordinates of the sequence (i.e., 

sequence elements) in memory (Ghilardi et al., 2009), individuals are able to focus on 

the improvement of their speed. In the absence of external temporal cues, individuals 

tend to group easier effector transitions (e.g., finger movements in a finger-tapping 

task) and to execute them in close temporal proximity (Popp et al., 2018), giving rise 

to temporal patterns commonly referred to as motor chunks (Rosenbaum et al., 2007; 

Sakai et al., 2003; Verwey, 1996)). The prime placed on the speed of execution 

influences the rate at which chunking patterns are generated (Maceira-Elvira et al., 

2021), with a higher prime placed on speed leading to such patterns emerging sooner. 

In a previous study (Maceira-Elvira et al., 2021), we found this behavior, enabling the 

rapid optimization of the accuracy and the subsequent optimization of the mechanical 

execution of a sequential finger-tapping task to be common in healthy young adults. In 

contrast, we saw that healthy older adults, starting off at lower speeds and with lower 

accuracies, improve their accuracy gradually over the course of training, which results 

in chunking patterns emerging only after more extensive practice. However, applying 

anodal transcranial direct current stimulation (atDCS) over the motor cortex 

(contralateral to the trained hand) enabled the early storage of spatial coordinates in 

older adults, leading to an early shift in the speed-accuracy tradeoff and resulting in 

the accelerated emergence of chunking patterns. This effect of atDCS appeared to be 

limited to the early stages of training, during which the accuracy was optimized, and 

exclusive to individuals with diminished learning abilities (Maceira-Elvira et al., 2021). 

Based on our previous results and under the assumption atDCS is only useful to 

individuals with less-than-optimal learning mechanisms, we studied the effects of 



applying this technique concomitant to the extensive training of a sequence-tapping 

task in middle-aged and older adults. Our previous findings suggest atDCS has an 

exclusive effect on the accuracy at the early stages of training, with no direct effect on 

the speed of execution (Maceira-Elvira et al., 2021), but we could not discard the 

possibility of other effects of stimulation becoming apparent after a more prolonged 

exposure. Therefore, the present study evaluated the effect of applying atDCS over 

the motor cortex when combined with ten days of training of a sequence-tapping task, 

in search for enhanced effects of stimulation. 

 

3.3.3 Materials and methods 
 

 

Participants 

40 healthy adults volunteered for this study. We grouped them, according to their age, 

as middle-aged (50-65 y/o; n = 20, 11 female; age𝜇 = 59.05 y/o), and older (>65 y/o; n 

= 20, 10 female; age𝜇 = 71.7 y/o). To assess the effects of applying atDCS over the 

motor cortex, we randomly assigned participants in each age group to receive either 

real (i.e., verum; middle-aged = 10, age𝜇 = 58.9; older = 10, age𝜇 = 71.4) or placebo 

stimulation (middle-aged = 10, age𝜇 = 59.2; older = 10, age𝜇 = 72.1). All participants 

were right-handed, confirmed using the Edinburgh Handedness Inventory (Oldfield, 

1971). The participants reported not having a previous history of serious medical 

conditions (General Health Questionnaire, GHQ) or contraindications for tDCS  

(questionnaire based on safety recommendations for these techniques (S. Rossi et al., 

2009)). We performed a neurological examination on all participants to ensure they 

were healthy and performed the Mini-Mental State Exam (MMSE, (Folstein et al., 

1983)) to verify that all participants scored at least 26 out of 30 points. All participants 

gave their informed consent under protocol guidelines approved by the cantonal ethics 

committee Vaud, Switzerland (project No. 2017-00301), according to the Declaration 

of Helsinki. All participants completed training except for one older adult, who chose to 

leave the study after six days of training for finding the steps involved in setting up the 

stimulation and motor training to be too overwhelming. 

 
Motor training 

We used the same finger-tapping task as in our previous study (Maceira-Elvira et al., 

2021), requiring participants to replicate a nine-digit sequence as fast and as 



accurately as possible (Figure 3.2b). The participants trained their left (non-dominant) 

hand for 20 min each day for two sets of five consecutive days (i.e., total ten days), 

with two rest days in between (Figure 3.2c). Each training session consisted of six 90-

second training blocks and one 90-second “catch” block, presenting a different 

sequence to the training sequence halfway through training to test for sequence-

unspecific learning. 

Electrical stimulation of M1 during training  

We applied stimulation using the setup we described in an early report of this study 

(Maceira-Elvira, et al., 2019), with the anode and the cathode placed at the C4 and 

FP1 locations respectively, according to the 10-20 system. The verum stimulation 

consisted of 20 min of stimulation with 1 mA direct current, while the placebo 

stimulation consisted of 32 seconds of stimulation delivered at the beginning of 

training, with ramp-up/down times of 8 seconds in each case.  

Electrophysiology measurements 

We conducted a series of electrophysiological investigations to study intracortical 

inhibition and its modulation during movement preparation using the well-established 

SICI paradigm in transcranial magnetic stimulation (TMS) (Heise et al., 2010, 2013). 

We performed measurements at rest and during a reaction time task before and after 

training to look for training- and/or stimulation-related changes in SICI, using the same 

protocol as in our previous study (Maceira-Elvira et al., 2021), targeting the FDI muscle 

of the left hand and measuring the motor evoked potential using EMG, and adjusting 

the test pulse to 120% RMT and the conditioning pulse to 80% RMT. During the 

reaction-time task, we applied pulses at 20% and at 90% of reaction time. 

Experimental design 

The study followed a randomized, parallel, placebo-controlled, double-blinded design. 

To facilitate extensive training, taking place over the course of ten days, we asked 

participants to perform their training with concomitant stimulation at home (Figure 

3.2a), for which we provided all the necessary equipment. The participants came for a 

first visit, during which we explained how to setup the stimulation and launch the 

training at home, providing a detailed manual describing the whole procedure (please 



refer to the Supplementary Materials to find this manual). Participants performed the 

first training session at our lab, to ensure they had understood the steps involved, and 

completed the rest of training (i.e., nine days) at home (Figure 3.2c).  

 

 
 

Figure 3.2 Experimental design. a) Study participant training at home. b) Sequence-tapping task, performed on a laptop using 
a portable numpad keyboard. c) Training structure. On the first training day, we provided a thorough explanation of the whole 
process, as well as a detailed manual with pictures of each step. Participants performed the first training session in front of us 
and where able to ask any questions they may have had concerning the procedure. From the second day on, participants 
trained independently at home. 

 

Data analysis 

We used the same analytical pipeline we implemented for our previous study (Maceira-

Elvira et al., 2021) to characterize the execution of the sequence for every participant, 

extracting the temporal execution patterns (i.e., chunking patterns (Rosenbaum et al., 

2007; Sakai et al., 2003; Verwey, 1996)) and quantifying their efficiency. We defined 

the efficiency of execution in terms of how similar the chunking patterns were to those 

seen in healthy young adults in our previous study (Maceira-Elvira et al., 2021), 

considering young-like chunking patterns to be more efficient.  

 

All statistical tests mentioned below were performed in R (RCoreTeam, 2019), 

using the lme4 package (Bates et al., 2014) to fit LME models to our data, and the 

emmeans toolbox (Lenth, 2020) for post hoc testing. We obtained the effect sizes from 

emmeans, and fitted all models using restricted maximum likelihood (REML). We 

tested the significance of fixed effects by means of ANOVA Type III on the model using 

Satterthwaite's method, and obtained p-values using the lmerTest package 

(Kuznetsova et al., 2017). We performed post hoc tests on significant fixed effects and 



corrected for multiple comparisons using Tukey’s HSD method (Tukey, 1949). We ran 

two-tailed post hoc tests on the estimated marginal means (i.e., least-squares means) 

from our fitted models, with degrees of freedom estimated using the Kenward-Roger 

method (Kenward & Roger, 1997). The present manuscript discusses, with a few 

exceptions, significant results only (with a cutoff for statistical significance of p < 0.05). 

Please refer to the Supplementary Materials for the results for all statistical tests. 

 

3.3.4 Results 
 

To simplify the reporting and discussion of our results, we will refer to the four groups 

in this study as middle-verum, middle-placebo, older-verum and older-placebo groups 

from this point hence. 

 
Speed and accuracy dynamics 

Here, we present the speed and the accuracy in the training blocks only, as we saw 

consistent drops in these parameters in the catch blocks (please refer to the 

Supplementary Materials to find the speed and the accuracy for the catch blocks as 

well). Figure 3.3a shows the speed of execution in all groups, calculated as the total 

amount of sequences generated per training block. We did not find significant 

differences between the verum and the placebo groups of middle-aged adults. In older 

adults, the rate of improvement in speed was significantly different between both 

conditions (F[9,1108] = 3.73, η2 = 0.029, p = 0.00012), with the older-placebo group 

having significantly steeper slopes on the first day (T[98] = 2.11, d = 0.47, p = 0.03). In 

the second training week, the slope was steeper in the verum group on days six, eight, 

and ten. 

 

Figure 3.3b shows the accuracy, calculated as the ratio of correct sequences to 

total sequences generated by each participant. The accuracy was not significantly 

different between both groups of middle-aged adults. In older adults, accuracy was 

significantly higher in the placebo group compared to verum in the first block of training 

(T[15] = 3.4425, d = 1.5395, p = 0.003), and the slopes were significantly different 

(F[9,1112] = 1.99, η2 = 0.015, p = 0.03) between both groups. These differences are 

highlighted in Figure 3.3c, in which we can see very different accuracy dynamics in 

both groups of older adults. Matching our previous findings (Maceira-Elvira et al., 



2021), the older-verum group, with initially low accuracy, improved it sharply early in 

training, reaching a plateau and maintaining similar levels for the remainder of training.  

 
 

 
Figure 3.3 Speed and accuracy over training of the sequence-tapping task. a) Average speed in middle-aged and older adults 
under verum (V) and placebo (P) stimulation, quantified as the total number of generated sequences in each block. The error 
bars represent the standard error of the mean. b) Average accuracy in the training blocks, calculated as the ratio of correct to 
total sequences, with the error bars representing the standard error of the mean. c) Speed and accuracy dynamics during 
training, calculated as the speed and the accuracy normalized to the first training block, with the shaded area representing 
the 95% confidence interval for the fitted curve. The speed and the accuracy for the catch blocks are not shown but may be 
found in the Supplementary Materials. Please note that all groups with initially higher accuracies (i.e., both groups of middle-
aged adults and the older adults under placebo) show little variation in their accuracy, maintaining a similar level over training. 
In contrast, older adults under verum stimulation, displaying much lower accuracies initially, sharply improve their accuracy 
during the first training day, reaching a level that is mostly maintained from the second day on. 

 
The dynamics we observe in the accuracy of older adults appear to be 

consistent with our previous findings (Maceira-Elvira et al., 2021), discussed in Chapter 

2. However, in that study both the verum and the placebo groups of older adults had 

similar accuracies initially, whereas in the present study the accuracy in the placebo 

group was much higher in the beginning. Therefore, a possible explanation for the 

sharp increase in accuracy in the verum group could be that they started from much 

lower values. To test whether this was true, we selected individuals from the older-

placebo group with initial accuracies within the range of accuracies seen in the older-

verum group. The range of accuracies in the first training block of the older-verum 

group went from 14% to 62.5%, excluding one individual with an initial accuracy of 

100%, so we considered a range of 0 to 62.5 for this comparison. As there were very 



few older adults with initial accuracies within this range in the older-placebo group of 

the present study (n = 2), we included individuals from the older-placebo group (n = 4), 

as well as the unstimulated cohort (n = 5)  from our previous study (Maceira-Elvira et 

al., 2021), described in Chapter 2. In total, we compared nine individuals from the 

older-verum group of this study to eleven older adults under either placebo or no 

stimulation (older-placebo-unstimulated group). Figure 3.4 shows the accuracy 

dynamics for these two groups, contrasting the sharp increase in accuracy in the older-

verum to a gradual increase in the older-placebo-unstimulated group, even though 

individuals in both groups started off from similar accuracies. For this comparison, we 

included only the first five days of training of the present study, as in our previous study, 

participants trained for only five days (Maceira-Elvira et al., 2021). 

 

 
 

Figure 3.4 Accuracy dynamics in older adults with initial accuracies equal or lower than 62.5%. We compared individuals 
from the older-verum group of this study (red, full triangles, n = 9) to individuals from the older-placebo groups of this study 
(n = 2) and an earlier study (n = 4), as well as unstimulated individuals from that same study (n = 5) (Maceira-Elvira et al., 
2021) (older-placebo-unstimulated, pink, hollow triangles). Of note is that even though all older adults start off at similar 
accuracies, the older-verum group experiences a sharp accuracy increase on the first training day and reaches a plateau, while 
the older-placebo-unstimulated group increases their accuracy gradually over the course of training. The shaded area 
represents the 95% confidence interval for the fitted curve 

 
 
 
 
 
 
 



Motor chunks 

In a previous study (Maceira-Elvira et al., 2021), we found that the optimal acquisition 

of the sequence-tapping task described in the present study depended on prioritizing 

the optimization of the accuracy at the early stages of training and improving speed 

thereafter. We also found that optimizing the accuracy enabled the optimization in the 

execution of the sequence, leading to the generation of temporal patterns commonly 

referred to as motor chunks (Rosenbaum et al., 2007; Sakai et al., 2003; Verwey, 

1996). In turn, the generation of efficient chunking patterns seemed to depend on the 

prime placed on speed, with high primes leading to an early formation of chunking 

patterns and lower primes resulting in such patterns appearing later in training. Based 

on those observations, we expected individuals from the older-placebo group of the 

present study to generate efficient chunking patterns sooner than those in the older-

verum group, as they were significantly more accurate and faster from the beginning. 

Figure 3.5 shows the efficiency of generated chunking patterns by all individuals of this 

study. We quantified the efficiency in the same way and using the same model as in 

our previous study (Maceira-Elvira et al., 2021). 



 
Figure 3.5 Efficiency of generated chunking patterns. a) Efficiency of the chunking patterns generated by middle-aged and 
older adults over the course of training, with negative values being more efficient and positive values less efficient. b) Average 
efficiency per day, with the error bars representing the standard error of the mean. Our efficiency parameter is based on a 
model we built to classify chunking patterns as either “young-like” (negative values) or “old like” (positive values), and we 
assume “young-like” patterns to be closer to the optimal way to execute the training sequence (Maceira-Elvira et al., 2021). 

Our results show that almost all individuals from the middle-verum, middle-

placebo and older-placebo groups generated efficient chunking patterns from the first 

day of training. This meets our expectations, as the three groups had initially high 

accuracy and speed. In the older-verum group, about half of the participants generated 

efficient patterns on the first training day, with most of them doing so by the third day 

of training; this is the same behavior we found in our previous study for the older-verum 

(Maceira-Elvira et al., 2021).  

 

 



Electrophysiology 

We did not find statistically significant differences in SICI, neither at rest nor during 

movement preparation, among our groups of older adults. In middle-aged adults, we 

found a significant decrease in SICI at rest after training in the placebo group (T[13] = 

2.62, d = 1.31, p = 0.0206), and we found modulation to be significantly higher in the 

verum group after training (T[27] = 3.01, d = 1.55, p = 0.005), which probably relates to 

the increased inhibition in the placebo group.  

 

 

Figure 3.6 Neurophysiological recordings performed before and after training. Top row: SICI ratio, calculated as the peak-
to-peak amplitude of the elicited MEP while applying the SICI paradigm at rest divided by the peak-to-peak amplitude of the 
elicited MEP while applying the test pulse (pulse adjusted to elicit responses of ~1 mV), as recorded before the first and after 
the last training session. Bottom row: Variation of the SICI ratio during movement preparation. The data is averaged per age 
group and stimulation group, with the error bars representing the standard error of the mean. 

 

3.3.5 Discussion 
 

Learning a novel sequential motor task often involves a speed-accuracy tradeoff 

(Wickelgren, 1977). With practice, individuals experience a shift in said tradeoff, 

allowing them to increase the speed of execution of the task while maintaining their 

accuracy (Reis et al., 2009; Shmuelof et al., 2012). Healthy young adults, whom we 

consider to be able to learn sequential motor tasks optimally, tend to prioritize the 

amelioration of the accuracy at the early stages in training (Maceira-Elvira et al., 2021), 

at which time they have presumably stored the sequence’s elements in memory 



(Ghilardi et al., 2009). From that point on, healthy young adults are able to focus on 

the amelioration of the speed, which leads to and relies on the consolidation of 

temporal patterns, identified as motor chunks at a behavioral level (Rosenbaum et al., 

2007; Sakai et al., 2003; Verwey, 1996)). 

 

In a previous study (Maceira-Elvira et al., 2021), we found this process to be 

diminished in older adults, as they were able to optimize their accuracy only after more 

extensive training. However, the amelioration of the accuracy was accelerated by the 

application of atDCS over the contralateral motor cortex (concomitant to training), 

which resulted in older adults optimizing the mechanical execution of the sequence 

(i.e., generating efficient chunking patterns) at the early stages of training. This effect 

appeared to be exclusive to the cohort of older adults under verum stimulation in that 

study. As older adults exhibited initially lower accuracy compared to young adults, we 

hypothesized that atDCS was only useful to individuals with diminished learning 

mechanisms, possibly those involved in the integration and storage of task-relevant 

information. 

 

atDCS and the speed-accuracy tradeoff 

In the present study, we observed similar results in the cohort of older adults under 

verum stimulation. Possessing initially low accuracy, individuals in the older-verum 

group displayed a sharp increase in accuracy on the first training day, which resulted 

in an accelerated emergence of chunking patterns. Indeed, both the accuracy 

dynamics and the time series describing the optimization of the mechanical execution 

look very similar to what we had seen before in older adults (Maceira-Elvira et al., 

2021). Our comparison of the older-verum group to comparably inaccurate older adults 

of the present and the past studies supports the notion of these dynamics being a real, 

consistent effect of stimulation. Also, in agreement with our previous findings, there 

seemed to be no direct effect on speed; having significantly steeper slopes in the older-

verum group in the second week was likely due to the older-placebo reaching a 

plateau. Nevertheless, the steady increase in speed, preceded by the accuracy 

reaching a plateau and constituting an early shift in the speed-accuracy tradeoff, is 

indicative of optimal motor skill acquisition occurring in individuals with less efficient 

learning mechanisms, albeit at lower speeds. 

 



Surprisingly, participants in the older-placebo condition displayed initially higher 

accuracy and speed than their peers under verum; indeed, the initial speed and 

accuracy parameters in the older-placebo group resemble those seen in the middle-

verum to a large extent. As such, they do not constitute an adequate control group for 

the older-verum. Based on our previous results (Maceira-Elvira et al., 2021) and 

supported by the outcome of this study, in which there is no apparent effect in middle-

aged adults (possessing initially high accuracy), and the same effect in the older-verum 

group as we saw before, we propose atDCS improves motor skill acquisition in 

individuals with diminished learned abilities, for which an initially low accuracy could 

be indicative. However, this quality is not necessarily exclusive to individuals above 

the age of 65, nor to be expected in everyone above that age. These results underline 

the importance of identifying biomarkers that may suggest a higher likelihood of 

responding to an intervention (in this case, atDCS), which may decrease the variability 

in observed effects (Summers et al., 2016). 

 

atDCS and the generation of efficient chunking patterns 

The behavior we detected before, in which the plateauing of the accuracy precedes 

the optimization of the mechanical execution of the sequence, in turn accelerated when 

placing a higher prime on speed (Maceira-Elvira et al., 2021), was also present in this 

study. Middle-aged adults and older adults under the placebo condition, with initially 

higher (and comparable) speed and accuracy, generated efficient chunking patterns 

from the first training day, which remained relatively unchanged for the remainder of 

training. In the older-verum group, most participants were slower and took longer 

before generating efficient chunking patterns, but most of them did so by the third 

training day, as we had seen before (Maceira-Elvira et al., 2021). This early 

appearance of chunking patterns is not characteristic of older populations, previously 

reported to have either absent or lacking chunking mechanisms (Shea et al., 2006; 

Verwey, 2010), and the fact that we have once again seen such patterns appear 

supports our hypothesis in regards to the effect of atDCS. 

 

atDCS and extensive training 

In agreement with our previous findings, the effect of atDCS appeared to be mainly 

present on the first training session, as we did not see any further improvements in the 

accuracy, nor a change in the rate of improvement of the speed, from the second day 



onwards. As our participants trained at home from the second day, we cannot discard 

the possibility of other factors (e.g., distractions and interruptions) interfering with their 

training. However, comparing the progression of both the speed and the accuracy on 

the first training week to the five training days in our previous study (Maceira-Elvira et 

al., 2021) provides some reassurance in that regard, as the dynamics of both appear 

to be very similar. Therefore, our results suggest the effect of atDCS in the acquisition 

of this type of discrete sequential task seems to be limited to the early stages of training 

and its prolonged use is, therefore, not justified. However, this might not apply to more 

complex motor tasks requiring the recurrent integration and storage of task-relevant 

information. A recent study quantified motor skill acquisition in a shooter video game 

(Listman et al., 2021), finding a similar pattern in terms of the improvement of accuracy 

preceding the improvement of speed, so this could constitute a comparable model to 

study motor learning while using a more challenging, complex task. 

 

3.3.6 Conclusions 

 

atDCS can aid motor skill acquisition in individuals with diminished learning capabilities 

by supporting the mechanisms involved in the integration and storage of task-relevant 

information, leading to an accelerated improvement in the accuracy of execution of a 

task and allowing an earlier shift in the speed-accuracy tradeoff. In tasks in which this 

process does not need to occur repeatedly, but rather only at the early stages of 

training, such as the sequence-tapping task used in the present study, the effect of 

atDCS appears to be limited to the first training session. As such, and being so that 

the apparent benefit of stimulation does not vanish afterwards (as seen with the two-

month follow-up in Chapter 2), the use of this technique for prolonged periods of time 

is not justified for this type of task. However, the effects of atDCS may be more 

widespread in more complex tasks, recurrently requiring task-relevant information to 

be processed and stored. Future studies may benefit from the identification of 

individuals with diminished learning mechanisms based on our marker (i.e., the 

accuracy) and others, such that the effects of stimulation may be maximized. This 

study showed that not all individuals considered as “older adults” by conventional 

standards necessarily have diminished learning mechanisms, which highlights the 



necessity of a detailed individual profile to identify specific needs, in order to target 

them most effectively. 
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3.4 Supplementary material 

Task scores 

In the studies described in Chapter 2 and available online (Maceira-Elvira et al., 2021), 

we scored the general performance of each participant as the number of correct 

sequences weighted by the accuracy. In the study in this chapter, our groups of older 

adults were too different for us to compare the scores in the same way, which is why 

we only discuss the speed and the accuracy in the main text. We show both the 

centered and uncentered scores in Figure S3.1. 

 

 

Figure S3.1 Task scores for the sequence-tapping task. Scores used to describe the general performance of all participants in 
the sequence-tapping task. In the top row, we can see the uncentered scores, without any correction for baseline levels, while 
in the bottom row we show the centered scores, corrected by subtracting the score of the first training block. The left column 
shows the scores for all blocks, including the “catch blocks” described in Chapter 2, while the right column shows the scores 
for the training blocks only. Each data point corresponds to the group average, with the error bars illustrating the standard 
error of the mean. Please note the x- and y- axes are shared vertically and horizontally, respectively. 

 

 



Speed and accuracy for all blocks 

In the main text, we discuss the speed and the accuracy for the training blocks only, 

as the observed improvement does not seem to transfer to different sequences. Figure 

S3.2 shows the speed and the accuracy for all blocks, including the “catch blocks”. 

 

Figure S3.2 Speed and accuracy for all blocks. Accuracy (a) and speed (b) for the training and the catch blocks, averaged for 
each group. Please note the drastic decrease in both parameters when performing a sequence different from the training 
sequence. The error bars represent the standard error of the mean.  



 

Note: Tables with results of statistical tests 

The tables containing the results of all statistical tests ran on this study are too 

large and not legible in this format. Please refer to the appendix to find them. 

 

  



Chapter 4 Towards a home-based platform for motor 
rehabilitative training in stroke patients 
 

Our improved understanding of the effects of atDCS in motor skill acquisition and our 
proof on the feasibility of using such techniques independently and safely at home 
support this technique as an attractive candidate to provide extensive motor training 
during prolonged periods of time. This could be particularly interesting for the provision 
of telemedicine interventions, such as rehabilitative training after stroke. However, the 
transition from the home-based training of a simple motor task, easily quantifiable and 
standard for all users, towards a specialized form of motor training aimed at regaining 
lost motor functions, is not trivial. This chapter discusses one of many challenges to 
address in the interest of providing effective rehabilitative training combined with 
atDCS outside of a clinical environment. Allowing patients to train at home requires a 
system capable of following their progress over time, providing meaningful information 
on the extent of the reacquisition of lost or diminished motor functions. Therefore, over 
the past years, I implemented a system to automatically assess motor function in stroke 
patients, such that one day it may serve as a tool providing additional diagnostic 
information and longitudinal data on the patients’ progress.  
 
 

4.1 Wearable technology in stroke rehabilitation: towards improved 
diagnosis and treatment of upper-limb motor impairment 
 

 

4.1.1 Abstract 
 

Stroke is one of the main causes of long-term disability worldwide, placing a large 

burden on individuals and society. Rehabilitation after stroke consists of an iterative 

process involving assessments and specialized training, aspects often constrained by 

limited resources of healthcare centers. Wearable technology has the potential to 

objectively assess and monitor patients inside and outside clinical environments, 

enabling a more detailed evaluation of the impairment and allowing the 

individualization of rehabilitation therapies. The present review aims to provide an 

overview of wearable sensors used in stroke rehabilitation research, with a particular 

This subsection contains a review I wrote on the different types of wearable sensors 
that have been used to quantify motor function in stroke patients, reformatted to 
match the style of this thesis.  
 
Maceira-Elvira, P., Popa, T., Schmid, A. C., & Hummel, F. C. (2019). Wearable 
technology in stroke rehabilitation: towards improved diagnosis and treatment of 
upper-limb motor impairment. Journal of neuroengineering and rehabilitation, 
16(1), 1-18. doi: https://doi.org/10.1186/s12984-019-0612-y 
 
Contribution: Alongside Prof. F. Hummel, I planned and delimited the reach of the 
literature review. I wrote the manuscript and gave it its final form thanks to very 
valuable input from Dr. T. Popa.  



focus on the upper extremity. We summarize results obtained by current research 

using a variety of wearable sensors and use them to critically discuss challenges and 

opportunities in the ongoing effort towards reliable and accessible tools for stroke 

rehabilitation. Finally, suggestions concerning data acquisition and processing to guide 

future studies performed by clinicians and engineers alike are provided. 

 

Keywords: Stroke, wearable technology, rehabilitation, monitor, motor function, home-

based, remote, telemedicine 

 

4.1.2 Introduction 
 

Stroke is one of the leading causes of disability worldwide (Feigin et al., 2017), with a 

global prevalence estimated at 42.4 million in 2015 (Vos et al., 2016). Stroke results in 

permanent motor disabilities in 80% of cases (Kwakkel et al., 2003b). During the acute 

and subacute stages (<6 months after stroke (Bernhardt et al., 2017)), patients receive 

rehabilitation therapies at specialized healthcare centers, consisting of an iterative 

process involving impairment assessments, goal definition, intervention, and progress 

evaluation (Langhorne et al., 2011). After being discharged from the rehabilitation 

center (i.e. after entering the chronic stage, e.g., 6 months after stroke), 65% of patients 

are unable to integrate affected limbs into everyday-life activities (S.-Y. Chen & 

Winstein, 2009), showing a need for further treatment. Phrased differently, the 

rehabilitative process after stroke depends on the effective assessment of motor deficit 

and congruent allocation to treatment (diagnostics), accurate appraisal of treatment 

effects (recovery/adaptation evaluation), and prolonged treatment for continuous 

recovery during the chronic stage (extended training). 

 

Each of these three aspects present practical challenges. Assigned treatments 

depend on the assessed early-stage disability (Kwakkel et al., 2003b). A variety of 

assessment scales exist to evaluate motor impairment after stroke, designed to 

capture aspects such as joint range of motion (ROM), synergistic execution of 

movements, reaching and grasping capabilities, object manipulation, etc. (Poole & 

Whitney, 2001). These assessments are normally applied by specialized medical 

personnel, which entails certain variability between assessments (Goldstein et al., 

1989). Besides consistency in repeated measurements, some scales like the Fugl-



Meyer assessment (FMA) (Fugl-Meyer et al., 1975b), are unable to capture the entire 

spectrum of motor function in patients due to limited sensitivity or ceiling effects 

(Gladstone et al., 2002).  

 

Patients’ progress is not only observable by means of standardized assessment 

scales, but also during the execution of activities of daily living (e.g., during 

occupational therapy sessions). Nevertheless, task completion not always reflects 

recovery, as patients often adopt different synergistic patterns to compensate for lost 

function (Cirstea & Levin, 2000), and such behavior is not always evident.  

Main provision of rehabilitation therapies occurs at hospitals and rehabilitation 

centers. Evidence of enhanced recovery related to more extensive training has been 

found (Kwakkel et al., 2004), but limited resources at these facilities often obstruct 

extended care during the chronic stage. This calls for new therapeutic options allowing 

patients to train intensively and extensively after leaving the treatment center, while 

ensuring the treatment’s quality, effectiveness and safety. 

 

Wearable sensors used during regular assessments can reduce evaluation 

times and provide objective, quantifiable data on the patients’ capabilities, 

complementing the expert yet subjective judgement of healthcare specialists. These 

recordings are more objective and replicable than regular observations. They have the 

potential of reducing diagnostic errors affecting the choice for therapies and their 

eventual readjustment. Additional information (e.g., muscle activity) extracted during 

the execution of multiple tasks can be used to better characterize motor function in 

patients, allowing for finer stratification into more specific groups, which can then lead 

to better targeted care (i.e. personalized therapies). These devices also make it 

possible to acquire data unobtrusively and continuously, which enables the study of 

motor function while patients perform daily-life activities. Further, the prospect of 

remotely acquiring data shows promise in the implementation of independent 

rehabilitative training outside clinics, allowing patients to work more extensively 

towards recovery. 

 

The objective of this review is to provide an overview of wearable sensors used in 

stroke rehabilitation research, with a particular focus on the upper extremity, aiming to 

present a roadmap for translating these technologies from “bench to bedside”. We 



selected articles based on their reports about tests conducted with actual stroke 

patients, with the exception of conductive elastomer sensors, on which extensive 

research exists without tests in patients. In the section “Wearable devices used in 

stroke patients”, we summarize results obtained by current research using a variety of 

wearable sensors and use them to critically discuss challenges and opportunities in 

the ongoing effort towards reliable and accessible tools for stroke rehabilitation. In the 

“Discussion” section, we present suggestions concerning data acquisition and 

processing, as well as opportunities arising in this field, to guide future studies 

performed by clinicians and engineers alike. 

 

4.1.3 Wearable devices used in stroke patients 
Recent availability of ever more compact, robust and power-efficient wearable devices 

has presented research and development groups in academia and industry with the 

means of studying and monitoring activities performed by users on a daily basis. 

Over the past years, multiple research groups have worked towards a reliable, 

objective and unobtrusive way of studying human movement. From the array of 

sensors and devices created, a few have gained popularity in time due to their 

practicality. The next subsections will focus on the wearable devices most frequently 

used in the study of human motion, with special emphasis on monitoring of upper limbs 

in stroke patients. 

 

Inertial Measurement Units (IMUs) 
 
Inertial measurement units (IMUs) are devices combining the acceleration readings 

from accelerometers and the angular turning rate detection of gyroscopes (Morison, 

1985). Recent versions of such devices are equipped with a magnetometer as well, 

adding an estimation of the orientation of the device with respect to the Earth’s 

magnetic field (Xsens North America Inc., 2018). A general description of how inertial 

data are used to extract useful information from these devices is offered by Yang and 

Hsu (C. C. Yang & Hsu, 2010). High-end IMUs used for human motion tracking, such 

as the “MTw Awinda” sensor (Xsens ®, Enscheda, Overijssel, The Netherlands) 

(Bellusci et al., 2013), acquire data at sampling rates as high as 1 kHz (sensitivities of 

±2000 deg/s, ±160 m/s2, ±1.9 Gauss). More affordable sensors (e.g. “MMR” (mbientlab 

Inc. ®, San Francisco, California, USA) (Mbientlab Inc., 2018)) stream data at 100 Hz 

(max sensitivities of ±2000 deg/s, ±16 g, 13 Gauss). The necessary sampling rate 



depends on the application, and must be defined such that aliasing is avoided (i.e. 

Nyquist rate, 2 times the frequency of the studied phenomenon). Figure 4.1 shows an 

example of motion tracking using these devices. 

 

 

Figure 4.1 IMU sensors (orange) used to track arm movements. Sensors placed on the back of the hands, forearms and upper 
arms capture acceleration (linear and angular) and orientation of each segment, allowing kinematic reconstruction or 
movement characterization 

 

Diagnostics 

Multiple scales exist for assessing motor function in stroke patients (Poole & Whitney, 

2001). However, limitations exist in terms of objectivity and test responsiveness to 

subtle changes (Gor-García-Fogeda et al., 2014), as well as on the amount of time 

needed to apply these tests. Therefore, several research groups have focused on the 

use of IMUs to assess motor function more objectively. Hester et al. (Hester et al., 

2006) were able to predict hand and arm stages of the Chedoke-McMaster clinical 

score, while Yu et al. (Yu et al., 2016a) built Brunnstrom stage (Brunnstrom, 1966) 

classifiers, assigning each patient to one of six classes of synergistic movements in 



affected limbs. The Wolf Motor test (Parnandi et al., 2010; Patel et al., 2010a, 2010b), 

the FMA (Del Din et al., 2011; Wang et al., 2014) and the Action Research Arm Test 

(ARAT) (Repnik et al., 2018), frequently used to assess motor function in clinical 

settings, have also been automated. 

 

Recovery/adaptation evaluation 

IMUs are practical options to assess motor function during the execution of activities 

of daily life. Lee and colleagues (S. I. Lee et al., 2018) focused on limb neglect and 

task execution quality assessment. Limb neglect can be seen by looking at the 

symmetry (or lack thereof) in sensor readings from the affected and unaffected sides 

(Lang et al., 2017; Leuenberger et al., 2017; Lucena et al., 2017). Zhou et al. (Zhou et 

al., 2005) used a single, triple-axis accelerometer to track movements of the forearm 

in a simple manner, but tracking of more complex motion requires either more sensors 

or alternative data analysis techniques. Harder-to-detect compensatory movements 

(e.g., of the torso) can also be identified (Hester et al., 2006). Besides using IMU 

modules designed specifically for human movement tracking, interesting possibilities 

have been explored in every-day-use devices, such as smartphones (Capela et al., 

2015). 

 

Tracking of the whole body has also been achieved using sensor networks in 

an attempt to objectively evaluate movement quality in daily-life situations (van Meulen 

et al., 2016), as well as tracking of complex upper-limb movements (Z. Zhang, Liparulo, 

et al., 2016).  

 

Extended training 

IMUs allow providing immediate feedback to patients about their performance and 

posture (Arteaga et al., 2008; Ding et al., 2013), as well as the adequate use of 

equipment (e.g., orthoses) (Galiana et al., 2012), which presents an opportunity for 

extended training (e.g., at home). Wittman and colleagues (Wittmann et al., 2016) used 

an off-the shelf system to train patients at home, seeing significant improvements as 

assessed by both the FMA and metrics native to the used IMU system.  

 

 

 



Implementation (Requirements and Challenges) 

The complexity of tracking and assessing motion depends on how constrained the 

circumstances for the recordings are. Tracking motion during the execution of daily-life 

activities is particularly difficult in stroke patients, as their movements are often slower, 

more segmented and more variable than those of healthy individuals (Cirstea & Levin, 

2000). Prolonged recordings are constrained by multiple factors, such as battery life of 

the wearable devices (Williamson et al., 2015) and orientation drift resulting from the 

double integration of angular acceleration (Wittmann et al., 2019). Better-performing 

batteries, better communication protocols (e.g.,  Bluetooth Low-Energy (BLE) (Gomez 

et al., 2012)) and algorithms allowing to sample data at lower rates without losing much 

information (e.g., data compression (Yu et al., 2016a)) help mitigate the former 

problem, while orientation drift can be corrected using, for example, the on-board 

magnetometer (Wittmann et al., 2019).  

 

Recording over shorter periods, like those during standardized motor function 

assessment scales, is less vulnerable to these limiting factors, but still susceptible to 

other issues. Quantifying movements taking place in a single plane (e.g., shoulder 

flexion, with the arm moving parallel to the sagittal plane) is straightforward, as 

recordings from either the accelerometer or the gyroscope can be sufficient. In 

contrast, characterizing complex movements (e.g. flexor synergic movement from the 

FMA) is more challenging and often requires combining data from both the 

accelerometer and the gyroscope. Assigning clinically relevant scores (e.g. FMA 

scores) to performed movements requires characterizing the recorded signals using a 

variety of features. These features are normally extracted using a sliding-window 

approach along the acquired signals, and the choice of which features to use depends 

on the type of movements involved. Common features used in characterization of IMU 

data are movement intensity, signal amplitude (mean and standard deviation), signal 

energy and dominant frequency (M. Zhang & Sawchuk, 2012). After extracting these 

features, statistical methods commonly used in machine learning allow classifying and 

assigning grades to the movements that originated them; the initial choice of models 

to test depends on the extracted features (Mannini & Sabatini, 2010). 

 

Problems can arise when studying stroke patients, as the acquired inertial 

signals may not hold enough information due to the very low variation of signals during 



slow movements. An alternative to selecting features would be to compare waveforms 

directly by defining a set of signals as templates for unimpaired movements with 

signals acquired from patients (Z. Zhang et al., 2011). Techniques such as Coherent 

Point Drift (CPD) (Myronenko & Song, 2010) or Dynamic Time Warping (DTW) (Berndt 

& Clifford, 1994) may be used. DTW has been used in stroke research by a number of 

groups (e.g. (M. Zhang et al., 2012; Z. Zhang, Fang, et al., 2016)), as it allows to 

compare time series that are different in length, which is useful when comparing slower 

movements in stroke patients to conventional movements. CPD is a different technique 

for registering one set of points to another, which estimates the maximum likelihood 

between pairs of corresponding points and finds the best fit between them.  

 

Sensor noise can cause huge detriment to the outcome of movement 

classification or assessment. The main source of noise for short-duration recordings is 

quantization noise (i.e., noise resulting from precision loss during analog-digital 

conversion), while the aforementioned drift rate plagues longer recordings (Buke et al., 

2015). Wearable sensor misplacement or misalignment can also affect classifier 

performance to a large extent, but some approaches have reportedly maintained 

precision and recall at high levels (e.g. orientation transformation, Pr. 97% and Rc. 

98% (Prathivadi et al., 2014)) during the classification of certain movements.  

 

Table 4.1  Studies involving the use of wearable sensors in the study of stroke. Only studies including actual patients shown. 
Most of the studies listed focused on the assessment of motor function through standardized clinical tests, which focus mainly 



on movement quality. This might explain the much more common use of IMU’s so far. For a better visualization, please refer 
to (Maceira-Elvira, Popa, Schmid, et al., 2019).  

 

 



 

 

 



 



 
Surface Electromyography (sEMG) 
 
Surface Electromyography (sEMG) is a technique in which the electrical potential 

generated whenever muscles contract is measured using electrode pairs placed on 

the skin over the muscles. The electrodes need to be asymmetrically placed with 

respect to the neuromuscular plaques in order to capture the electrical potential 

difference as the depolarization wave travels along the muscle cells’ membranes. 

Figure 4.2 shows a typical placement configuration for EMG devices, intended to 

record activity from contracting muscles involved in elbow and wrist flexion. Effectively 

capturing all significant frequency components of the EMG signal (according to the 

Nyquist rate) requires a sampling rate of 1000 Hz, as its highest frequency components 

are reportedly around 400 – 500 Hz (Ives & Wigglesworth, 2003). Still, frequencies 

needed depend on the circumstances of the recording and its corresponding analysis. 

For instance, Ives and Wigglesworth (Ives & Wigglesworth, 2003) showed significant 

decreases in amplitude (11.4%) and timing (39 ms signal lengthening) when 

comparing a sampling rate of 6 kHz to 250 Hz. These differences would likely not affect 

the performance of a classifier if all data were recorded with the same sampling rate, 

but might impede classification if sampling rates were too different because of different 

amplitudes and timing shifts. High-end acquisition systems, such as “Ultium” wearable 

EMG sensors (Noraxon Inc. ®, Scottsdale, Arizona, USA) (Noraxon, 2018), have 

sampling rates as high as 4 kHz (sensitivity of 0.3 µV in a range of 0 – 5 V), while more 

accessible alternatives like the “FreeEMG” (BTS Bioengineering ®, Garbagnate 

Milanese, Milan, Italy) (BTSBioengineering, 2017) have a sampling rate of 1 kHz. 

 



 

Figure 4.2 EMG sensors (green) placed over biceps and flexor digitorum superficialis muscles, involved in elbow and wrist 
flexion, respectively. Electrodes placed asymmetrically with respect to the neuromuscular plaques allow capturing the 
electrical potential difference as the depolarization wave travels along the muscle cells’ membranes. Resulting signal (top left) 
is filtered and amplified for further processing 

 

Diagnostics 

Wearable EMG sensors have high potential in the study of stroke patients. 

Investigation of neural activity as measured through motor-evoked potentials (MEPs) 

triggered by Transcranial Magnetic Stimulation (TMS) (Turton et al., 1996) is simpler 

with wireless EMG. EMG sensors can complement inertial data from IMUs during 

standardized motor function assessments. For example, Li and colleagues (Li et al., 

2017) improved the correlation in 0.5% between their condensed measure of motor 

function and the FM score assigned by a clinician. Albeit the modest increase, 

assessment of dexterous movements, grasping exercises and applied force is not 

practical with IMUs, but can be characterized with selected EMG features (e.g. area 

under the curve correlating with applied force), which argues in favor of including this 

sensor type during motor assessments. Repnik and colleagues (Repnik et al., 2018) 

complemented IMU data with EMG during the assessment of the ARAT test to capture 



dexterous movements involved in the manipulation of small objects, finding significant 

differences in muscle activation of healthy subjects according to the size of grasped 

objects, and similar (maximal) muscle activation in more impaired patients (ARAT 

score 2) when grasping the largest object. 

 

Recovery/adaptation evaluation 

After stroke, patients tend to adopt compensatory strategies to accomplish motor 

tasks, especially in case of moderate to severe impairment (Cirstea & Levin, 2000). 

These compensatory behavior might go unnoticed during a regular assessment, but 

can be captured and quantified using recordings from EMG sensors (Cheung et al., 

2009).  

 

Extended training 

Wearable EMG sensors allow providing online feedback during home-based training 

in a similar way as with IMUs. Instead of tracking gross arm movements, applied force 

calculated from recordings of muscle activity can serve as a parameter to provide 

feedback during training. EMG-based biofeedback has been reported to lead to 

enhanced motor improvements (Kim, 2017), and Donoso Brown and colleagues 

(Donoso Brown et al., 2015) used it to test a gamified form of home-based training, 

although they did not find any improved functionality derived from their intervention. 

 

Implementation (Requirements and Challenges) 

After amplification and preprocessing (e.g. signal filtering for de-noising), these signals 

can be used to identify patterns of activation related to specific movements or postures. 

The type of processing applied to recorded signals depends on the application. For 

example, continuous recordings of muscle activity during the execution of activities of 

daily living requires epoching the signals, keeping only relevant segments capturing 

discrete events of interest. It is possible to do this segmentation manually, but 

automated methods of threshold detection are a much more practical option (Reaz et 

al., 2006). After removing signal segments deemed irrelevant, an adequate processing 

pipeline must be implemented depending on the information sought. Extracting 

information about motor-unit activity while performing e.g. activities of daily living is 

possible through wavelet analysis or a variety of time-frequency approaches (Reaz et 

al., 2006). In contrast, identification of gross arm movements and hand gestures, as 



well as their assessment during motor assessments, is often approached by extracting 

meaningful features out of a sliding window. Some groups tried correlating their own 

measures to scale scores without a formal validation of their measure, which makes 

interpretation difficult and supports an approach of direct label/score prediction in the 

context of standardized tests. 

 

As described for IMUs, a sliding-window approach allows extracting significant 

features for later classification. Classification is generally performed using signal 

features (i.e. root mean-square, amplitude, etc.) (Zardoshti-Kermani et al., 1995) 

chosen based on the type of movements in question. Alternatively, extracting many 

features and applying feature selection criteria afterwards (Phinyomark et al., 2012) is 

also possible. 

 

Classification accuracy tends to be high when only a few (five or six) classes 

(each corresponding to a gesture to be identified) are involved, but accuracy frequently 

decreases as more gestures are added. Further detriment to classification 

performance occurs when dealing with highly impaired stroke patients, as their muscle 

signals tend to be less pronounced (SangWook Lee et al., 2011). Electrode number 

and distribution plays a role as well; high density EMG, with over 80 electrodes placed 

as a grid on the upper arm, forearm and hand, has yielded high classification 

accuracies when dealing with many hand postures, but the use of only a few well-

placed electrodes yields comparable results (X. Zhang & Zhou, 2012). Arrays of 

electrodes placed on the forearm offer a good tradeoff between relatively simple setups 

and useful data acquisition leading to acceptable classification accuracies. Pizzolato 

et al. (Pizzolato et al., 2017) compared an inexpensive device, consisting of eight single 

differential electrodes worn as a bracelet, to more complex and much more expensive 

systems. They reported a reasonably high classification accuracy (69.04% +/- 7.77%) 

with a setup of two adjacent bracelets (16 electrodes). 

 

There are several factors affecting the EMG signal. Repeated recordings 

performed on the same test subjects during several days has been reported to 

decrease hand-gesture classification in close to 30%, compared to results obtained 

from repeated measurements taking place during the same day (Palermo et al., 2017). 

This might result from sensors being placed in slightly different locations, as altering 



the position of an electrode by just one centimeter can result in amplitude variations of 

200% (Rainoldi et al., 2004). Hermens and colleagues offer a series of 

recommendations on sensor placement and orientation to decrease this variability 

(Hermens et al., 2000). 

 

Other sources of EMG noise affecting the performance of used classifiers 

include cable motion artifacts, power-line noise, thermal noise from the sensor’s 

electronic components, electrochemical noise from the interface between the 

electrodes and the skin and mechanical disturbances (Reaz et al., 2006). Currently-

available wearable EMG sensors are mostly affected by mechanical disturbances, 

which can be filtered out by applying a high pass filter with cutoff frequency at 20 Hz 

(De Luca et al., 2010). The choice for applied filtering also depends on the application. 

For example, low frequencies (i.e. 1-5 Hz) contain important information for hand 

gesture classification (Atzori & Müller, 2015), which would be filtered out with the 20 

Hz high-pass filter. 

 

Potentiometers and encoders 
An accurate way of measuring the angular displacement around joints is by means of 

potentiometers and encoders. Potentiometers are devices containing a conductive disc 

with a certain resistance and two contact points on top. The distance between these 

contact points can vary, which results in more or less resistive material between the 

contact points. As resistance varies in an approximately linear way with changes in arc 

length, it is possible to map a direct relationship between resistance and angular 

displacement. This means that aligning the knob to the rotation axis of a joint allows a 

good estimation of its angular position. Encoders are optical sensors containing a 

slitted disc. A LED (light-emitting diode) shines against the disc, which allows light to 

pass through the slits but blocks it otherwise. Presence and absence of light, detected 

by a photosensitive component, is encoded into ones and zeroes and is used to 

determine angular displacement. Potentiometers are analog sensors with “infinite” 

resolution, whereas encoders can have resolutions as high as 1 million counts per 

revolution (Posic, n.d.). Figure 4.3 shows an encoder mounted on a hand orthosis to 

track the fingers’ angular position. 

 



 

Figure 4.3 Encoder (blue) mounted on a hand orthosis, aligned with the rotation axis of the index finger. This configuration 
allows tracking angular displacement of fingers supported by the orthosis 

 

Diagnostics 

Encoders and potentiometers can be used in clinical environments to measure ROM 

in patients. Researchers at Peter S. Lum’s lab (Brokaw et al., 2010; T. Chen & Lum, 

2016) built an orthosis consisting of four bars coordinating the movement of the 

metacarpophalangeal finger joints and the thumb metacarpophalangeal joint for home-

based training in stroke patients, using encoders to calculate the joint angles.  

 

Recovery/adaptation evaluation 

Chen and Lum (J. Chen & Lum, 2016) focused on an “assists as needed” approach, 

using a combination of potentiometers and encoders to calculate the joint angles of an 

arm exoskeleton and using this parameter to adjust therapeutic training. Lim et al. (Lim 

et al., 2010) combined accelerometers with a different encoder using a slitted strip 

instead of a slitted disc. This sensor detects the linear displacement of the strip, which 

means that laying the strips along the links of interest (i.e. fingers) allows the 

measurement of joint angles without aligning the rotation axes, facilitating its use during 

the execution of daily life activities. 

 

Extended training 

Chen and colleagues (J. Chen et al., 2017) studied the effects of training with an 

encoder-equipped hand orthosis at home, finding significant improvements in FMA 

score (4.9 ± 4.1 points).   

 



Implementation (Requirements and Challenges) 

The advantage of not needing to apply machine learning algorithms notwithstanding, 

the need of a parallel structure (e.g., exoskeleton) or embedding them in a glove 

restricts the range of applications these sensors may have for stroke patients. Donning 

and doffing equipment might be challenging for patients with low dexterity or high 

spasticity (Prange-Lasonder et al., 2017).  

 

Conductive Elastomer (CE) and other flexible sensors 
Conductive Elastomer (CE) sensors are flexible components with varying piezo-

resistivity. Piezo-resistivity changes due to deformations suffered by a textile substrate 

deposited with conductive particles (e.g. silver nanoparticles). When placed along a 

moving body part, such as fingers, it is possible to map the sensor readout related to 

a particular deformation of joint angles. Figure 4.4 shows an example of flexible 

sensors tracking the position of individual finger movements. 

 

Figure 4.4 Flexible sensors (red) laid along the fingers. Their flexion results in piezo-resistive changes in the conducting 
material (e.g. silver nanoparticles), which map directly to different finger positions. Prototype IMU sensor glove by Noitom 
(Noitom, 2018).  

 

Diagnostics 

Yu and colleagues used flexible sensors in combination with IMUs to assess motor 

function (Yu et al., 2016b), and obtained results bearing a high correlation (0.92) with 



clinical scores given by a therapist. Flex sensors are frequently used as “gold standard” 

when attempting measurements with others setups (e.g. (Seunghee Lee et al., 2018)). 

 

Recovery/adaptation evaluation 

Movement tracking using deformable sensors embedded into clothes would allow 

monitoring patients as they perform activities of daily living. For example, Tognetti et 

al. (Tognetti et al., 2005) embedded CE sensors into clothing with the objective of 

classifying body postures and hand gestures (with a reported sensitivity of 11,950 

Ω/mm), a work further developed by Giorgino et al. (Giorgino et al., 2006, 2009) and 

De Rossi (D. De Rossi et al., 2009). A more complex system, combining this 

technology with EMG and IMU data was presented by Lorussi et al. (Lorussi et al., 

2016). The use of piezo-resistive fabric (Carbonaro et al., 2014) and fabric-based 

microelectromechanical systems (MEMS) (Yuen et al., 2014) offer alternatives to CE 

sensors. All these studies show promise in the use of flexible sensors embedded in 

clothing to monitor stroke patients, but testing with stroke patients is still lacking.  

 

Extended training 

Prange-Lasonder and colleagues (Prange-Lasonder et al., 2017) implemented a 

gamified form of a rehabilitative training using a glove equipped with flexible sensors, 

and studied the effects of such training at home (Nijenhuis et al., 2017). Their results 

proved the feasibility of this approach as a home-based therapy, even though they did 

not find significant differences in comparison to their control intervention.  

 

Implementation (Requirements and Challenges) 

Flexible sensors embedded into clothing constitute an attractive option for 

unobtrusively tracking movements in stroke patients during motor assessments, 

execution of daily living activities, and rehabilitative training. At present, their use in 

clinical environments and in-home settings is difficult due to practical issues related to 

donning, doffing and washing the garments. Furthermore, some sensors require a 

large amount of wiring (Carbonaro et al., 2014), which reduces the degree of 

unobtrusiveness. Additionally, mechanical deformations resulting from, for example, 

wrinkles in the fabric (Giorgino et al., 2009) introduce noise to the system, complicating 

posture and movement tracking. 

 



4.1.4 Discussion 
 

Stroke is a frequent disorder that often results in long-lasting loss of motor functions. 

After stroke, the rehabilitative process relies on three main elements: 1. Diagnosis, in 

which clinicians use standardized scales to estimate maximum recovery for every 

patient (Prabhakaran et al., 2008) and assign them to rehabilitation therapies 

accordingly (Duncan et al., 2005). 2. Evaluation of recovery or adaptation, during which 

clinicians assess the extent up to which patients can perform activities of daily living. 

3. Extended training, necessary for patients with persistent motor impairment after 

entering the chronic stage. 

 

Conventional motor assessment is vulnerable to biases derived from 

measurement errors (Krakauer & Marshall, 2015) and ceiling effects (Hope et al., 

2018), whereas compensatory strategies frequently adopted by patients while 

performing different tasks (Cirstea & Levin, 2000) can complicate the appraisal of 

recovery. Therapy and training provision at healthcare centers is limited to available 

resources and restricted by its corresponding costs, which obstructs prolonged 

rehabilitative training for patients who do not recover fully within the first months after 

stroke. 

 

A promising option to assess stroke patients objectively resides in the use of 

wearable technology. As high-end sensors become more accessible, more reliable and 

less obtrusive, the chance of acquiring relevant data during patients’ training or daily 

routines gets easier. A variety of wearable sensors (e.g. (J. Chen et al., 2017; 

Leuenberger et al., 2017; Li et al., 2017; Prange-Lasonder et al., 2017; Sadarangani 

et al., 2017; Z. Zhang, Fang, et al., 2016)) have been used to assess several aspects 

of motor performance in stroke patients, going from motor impairment to more subtle 

forms of behavior, such as limb neglect. 

 

In the present paper, we seek to compare different setups with the intention of 

finding the most promising candidates for different applications. There are four main 

wearable sensors used in the study of stroke: IMUs, EMG, potentiometers/encoders 

and flexible sensors. IMUs allow measuring changes in acceleration, inclination and 

orientation unobtrusively. Wireless, energy-efficient (Gomez et al., 2012) transmission 



of data characterizing these sensors enables whole-body recordings through sensor 

networks (van Meulen et al., 2016), supporting this sensors’ candidacy for movement 

tracking (S. I. Lee et al., 2018; Z. Zhang, Fang, et al., 2016; Z. Zhang, Liparulo, et al., 

2016). Several groups have used IMUs with diagnostic purposes (Brunnstrom, 1966; 

Del Din et al., 2011; Hester et al., 2006; Parnandi et al., 2010; Patel et al., 2010a, 

2010b; Repnik et al., 2018; Wang et al., 2014; Yu et al., 2016a) and to assess the 

execution of daily-life activities (Capela et al., 2015; Hester et al., 2006; Lang et al., 

2017; S. I. Lee et al., 2018; Leuenberger et al., 2017; Lucena et al., 2017; Zhou et al., 

2005). High portability and accessible costs further support these sensors as an option 

for prolonged training during the chronic stage (e.g. at home) (Wittmann et al., 2016). 

There are general complications inherent to the use of these devices, such as 

estimation errors derived from accumulated error in the calculation of orientation from 

angular acceleration (i.e. orientation drift (Wittmann et al., 2019)) and quantization 

noise (Buke et al., 2015). In addition, high movement variability in stroke patients, 

resulting from adopted compensatory muscle synergies and slower, segmented 

movements (Cirstea & Levin, 2000), complicate data characterization and comparison.  

EMG wearable sensors have also been used for diagnosis (Li et al., 2017; Repnik et 

al., 2018) and first attempts at extended training outside clinical environments (Donoso 

Brown et al., 2015). Monitoring the execution of activities of daily living can benefit from 

EMG recordings, as these sensors allow capturing differences in muscle pattern 

activations resulting from compensatory movements (Cheung et al., 2009). These 

sensors can complement the information obtained with IMUs. Aspects neglected by 

some assessment scales (e.g. FMA), such as applied force (Gladstone et al., 2002), 

can be derived from muscle activation as recorded with EMG. EMG sensors are 

susceptible to different sources of noise, which must be removed before signals can 

be used (Reaz et al., 2006). Furthermore, variable placement of electrodes can also 

mislead estimations and affect the performance of the models used to classify 

measured activity. 

 

Potentiometers and encoders are robust to noise and require little processing of 

signals, as the output from these sensors can be mapped directly to angular 

displacement (or linear, in the case of linear encoders). The range of applications in 

stroke for these sensors is limited to measuring ROM of limbs, and requires mounting 

them on a parallel structure, such as an orthosis, limiting the degrees of freedom of 



measured movements. Still, their potential in extensive home-based training is clear 

(J. Chen et al., 2017). The need for an orthosis disappears with the use of linear 

encoders (Lim et al., 2010) due to integration of the sensors into gloves. Nevertheless, 

the use of both orthoses and gloves can be difficult for patients suffering from hand 

spasticity, which would complicate their use at home. This problem persists whenever 

using flexible sensors embedded in gloves. Flexible sensors embedded in clothing 

could be a viable option for tracking everyday life activities, but practical issues related 

to washing the garments and to the large amount of wiring required still impede their 

regular use. 

 

As IMU and EMG data cannot be mapped directly into the movements and 

actions that generated them, acquired signals must be processed differently. 

Depending on the objective (e.g. assign grades to movements, compare patients to 

healthy controls, etc.) data can either be classified using different forms of statistical 

processing, such as common methods applied in machine learning (Ahsan et al., 

2009), or compared using algorithms like DTW (M. Zhang et al., 2012; Z. Zhang, Fang, 

et al., 2016). Built models often fail to generalize to data from highly impaired patients 

due to lower signal-to-noise ratio (SNR) (SangWook Lee et al., 2011). Further, results 

are hard to compare due to a lack of a unified data acquisition protocol (Pizzolato et 

al., 2017). 

 

Choosing an adequate setup 
The choice for the best setup depends on the intended application. The best candidate 

to study movement quality while remaining unobtrusive and easy to deploy is likely 

IMUs. Data from IMUs provide enough information to characterize movement 

execution (e.g. (Z. Zhang, Fang, et al., 2016)), detect limb neglect and assess 

performance of activities of daily life (S. I. Lee et al., 2018). During motor assessments, 

overlooked functional information (e.g. muscle activity) (Gladstone et al., 2002) can be 

acquired using EMG (Li et al., 2017). The best candidate to identify hand gestures (e.g. 

for orthotic control) amongst the sensors discussed here is likely EMG. EMG allows 

identifying hand gestures effectively without altering too much the way in which patients 

interact with the environment, as would be the case with potentiometers and flexible 

sensors. A possible alternative would be the use of pressure sensors (Shull et al., 

2019); Sadarangani and colleagues (Sadarangani et al., 2017) tried this approach with 



stroke patients and achieved classification accuracies above 90% (3 classes only). We 

excluded this type of sensor from the present review because there is, to the best of 

our knowledge, no wearable version yet. 

 

Data processing: Recommendations 
As mentioned earlier, the analyses pipeline depends heavily on the object of study 

(e.g. movement quality, limb neglect, etc.). There are multiple features to characterize 

EMG and IMU signals for later classification (e.g. into classes related to motor 

function), and the choice depends on the property of interest. For example, muscle 

force is well- represented using the RMS of the EMG signal, whereas movement quality 

can be better observed by calculating jerk (rate of change in acceleration, capturing 

movement smoothness) from IMU data. Alternatively, comparing waveforms directly 

requires either normalizing the length of the time series or somehow matching them to 

account for different signal durations, such as with DTW. 

 

For classification problems, it might be better to have many features and then 

trim them down by means of PCA or other relevance determination algorithms (e.g. 

RRelief). This is a necessary step, as dataset sizes are often quite small, and keeping 

too many features might result in models not generalizing to new data (overfitting). The 

choice for the model depends on the application and on its final objective. Several 

studies discussed in Table 1 used SVM in classification, and some of them reported 

testing more than one model, but this choice is not compulsory. For example, if the 

objective is to deploy an automated tool for assessment of motor function and the 

ultimate goal is for it to reliably assess functionality, many different models can be 

tested and optimized to find the best performer. Alternatively, applications such as 

allocating patients to different therapies based of their specific needs (i.e. 

individualized care) might benefit from transparent, easily explained models such as 

decision trees, as the rationale behind a choice for therapy is important. 

 

The way in which models are fine-tuned and validated is an important aspect 

too. Several studies shown in Table 1 claim performing cross-validation, but its actual 

implementation varies a lot between studies. A good approach is to separate a portion 

of the data as test data and leave it “untouched” until after fine-tuning the model using 

the remaining data (i.e. training data). Once more, a fraction of these data is set aside, 



this time as validation data, while using the rest to fit the model. Repeating this process 

with the training data and averaging (or “voting”, i.e. selecting most frequent labels) the 

results will yield a less-biased model. Subsampling of data for every iteration can be 

done with replacement (bagging) or without (pasting). After fine-tuning the model’s 

parameters, plugging-in the test data gives a more realistic impression of how well the 

model will generalize to new data. In the end, results obtained will depend on the 

quality of used features and on the amount of information contained in them. The 

optimization of the models is relatively trivial, in the sense that there are many available 

tools to do so. Time and effort must be invested in feature engineering, as models can 

only perform as well as the quality of the information used to build them. 

 

In general, the more data is available to train models, the better. The most 

effective algorithms used across domains, such as neural networks, are only useful if 

used on large amounts of data. For this reason, initiatives like the “NinaPro” database 

(Atzori et al., 2014) should be supported and contributed-to, such that data acquired 

on different sites might be pooled together. Data acquisition and sharing between 

different sites brings along its own challenges and escapes the scope of this review, 

but standardized protocols like the “NinaPro” and guidelines for sensor placement (e.g. 

(Hermens et al., 2000)) will be crucial towards this effort. 

 

An empty niche 
An EMG+IMU device that had been gaining momentum in multiple scientific domains 

was the “Myo” armband (Thalmic Labs ®, Kitchener, Ontario, Canada) (Thalmic Labs, 

2016). This device consists of an array of eight single differential electrodes and a 9-

axis IMU, presented as a bracelet, transmitting data through BLE. Its affordability and 

user-friendliness made it an attractive alternative for prolonged, possibly unsupervised 

recordings. Furthermore, a formal comparison between this armband and several high-

end EMG systems showed similar classification accuracies when using two armbands 

at the same time (Pizzolato et al., 2017) to classify signals into 40 different movements, 

further supporting the use of this device in research. Applications for motor 

assessments (Repnik et al., 2018), orthotic (Ryser et al., 2017) and prosthetic (Masson 

et al., 2016) control, gesture recognition (Mendez et al., 2017), etc. have benefited 

from this device. CTRL-Labs ® (New York City, New York, USA) (CTRL-Labs, n.d.) is 

developing a new device combining these sensors, but this important niche is, at 



present, unattended. Some institutions in China have started selling products 

significantly inspired by the “Myo”, such as OYMotion ® (Beijing, China) (OYMotion, 

2019), but their acquisition in Europe and America can be problematic, prices are high, 

and there are no reports on how well they perform.  

 

Alternatives and possibilities  
Easily deployed, inexpensive IMU devices are available off-the-shelf. Mbientlab 

(Mbientlab Inc., 2018), for example, offers a wide array of what seems to be modular 

and flexible IMU setups allowing prolonged recordings with multiple sensors 

simultaneously. Beange and colleagues (Beange et al., 2018) compared one of the 

IMU modules to a motion capture system and found its performance acceptable. High- 

end systems such as the Xsens (Xsens North America Inc., 2018) perform excellently, 

but their prohibitive cost limits the range of possible applications; such a system could 

only be used for measurements in high-end, specialized clinics, failing to solve the 

problem of limited resources of common healthcare centers. 

 

As for the acquisition of EMG data, we were not able to find a low-cost solution 

providing quality data while remaining simple to use. Systems built by companies like 

Noraxon (Noraxon, 2018), Delsys ® (Natick, Massachusetts, USA) (Delsys, 2019) or 

Cometa ® (Bareggio, Milan, Italy) (Cometa, 2015a) provide high quality data, but at a 

high cost. Less expensive systems like “FreeEMG” (BTSBioengineering, 2017) or 

“Biometrics’ sEMG sensors” (Biometrics Ltd ®, Newport, UK) (Ltd, 2015) are more 

accessible, but are still suboptimal in the sense of requiring careful placement of gel 

electrodes, which makes it impractical for unsupervised patient use  at home. 

 

Presenting a similar design to that of the “Myo” armband, Yang and colleagues 

(G. Yang et al., 2018) built a bracelet equipped with textile electrodes, reporting high 

classification accuracy (close to 100%) in hold-out cross-validation. The study involved 

only three healthy participants, and training and testing data used in cross-validation 

came from the same subject (no inter-subject validation). Still, the design of this device 

seems promising. 

 

A different approach trying to enhance EMG systems with near-infrared 

spectroscopy (NIRS) was taken initially by Herrmann and Buchenrieder (Herrmann & 



Buchenrieder, 2010) in an attempt to reduce electrode crosstalk. This approach was 

also pursued by a couple other groups (Guo et al., 2014; Paleari et al., 2017), but 

challenges related to the time resolution of NIRS limit the applications possible for 

these devices.  

 

Interesting possibilities exist in the realm of printable (i.e. epidermal electrodes 

(Sadri et al., 2018)) and temporary tattoo electrodes (Bareket et al., 2016), but these 

are not yet readily available for deployment. For the time being, the choice of a device 

to acquire inertial and EMG data simultaneously in an inexpensive, easy to deploy 

fashion remains an open question. 

 

From bench to bedside 

Wearable sensors in clinical environments 

The processing steps and the implementation challenges described before may 

appear daunting when thinking about integrating these sensors into clinical practice. 

The importance of discussing these challenges lies in the joint effort towards 

democratizing these technologies such that their advantages might be widespread, 

accessible to all, their performance and reliability ensured. To achieve this goal further 

research is necessary, and research can greatly benefit from knowledge acquired in 

the clinic. 

 

There is a variety of readily available systems dedicating wearable sensors to 

rehabilitation. For example, the “ArmeoSenso” system (Hocoma ®, Volketswil, Zürich, 

Switzerland) (Hocoma, n.d.) uses IMU’s alongside a gamified form of training (this is 

the system used for home-based training, mentioned before (Wittmann et al., 2016)). 

For EMG, products like Cometa’s “EMG Easy Report” (Cometa, 2015b) or Noraxon’s 

“myoMuscle” (Noraxon, 2019) allow simplified analyses, like pairing recordings to 

video, to look at muscle activity related to specific movements. The use of these 

systems in the clinic provides further insights into practical aspects to consider when 

developing new products, and allows fitting these technologies to the patients’ needs. 

Their functionality may be limited to certain aspects and system errors might display 

these techniques as less efficient than conventional approaches, but the development 

of flexible and robust systems requires this sort of iterative testing in real-life situations, 

enriched with the knowledge of specialized medical personnel. Even if the transition 



towards the integration of these devices into clinical practice represents an extra effort 

on an already strained environment, it has potential at reducing costs once they 

become ubiquitous. 

 

Hughes and colleagues (Hughes et al., 2014) reported that one of the main 

obstacles in the way of adopting these type of technologies in clinics is the lack of 

awareness about their existence, which calls for better communication and 

collaboration between researchers and clinicians. 

 

The International Classification of Functioning, Disability and Health (ICF) 

The ICF is an important and well-established tool in clinical neuro-rehabilitation and 

seeks to provide a framework based on two models of disability, one coming from 

individual factors and another from social factors (WHO, 2002). This biopsychosocial 

model provides standardized grounds for studying, understanding and addressing 

disability. Metcalf and colleagues (Metcalf et al., 2007) assessed which of the most 

frequently used scales of motor function in stroke patients better fit the framework of 

the ICF in terms of repeatability and reliability, rating as most reliable those test 

involving numerical assessments such as ROM and movement time. Using wearable 

sensors during regular assessments will then improve performance of standardized 

motor assessments in the framework of the ICF. 

 

Escorpizo and colleagues (Escorpizo et al., 2010) proposed two main actions 

towards the integration of the ICF into clinical practice, one of which was the use of the 

ICF’s Core sets for specific conditions, which contains a list of categories describing 

the most salient aspects of disability related to these. In this case, some of the 

components belonging to body functions (i.e. muscle power), and activities and 

participation (e.g. walking, eating, dressing) of the Core Set defined for stroke (Geyh 

et al., 2004), could be assessed using wearable sensors. 

 

The ICF seeks to provide comparable/replicable statistics of disability as a 

whole. The ICF’s performance and capacity qualifiers describe activities of daily living 

in natural environments and execution of specific tasks, respectively, which correspond 

to the “Diagnostics” and the “Evaluation of Recovery/Adaptation” dimensions 

described before for each sensor type. The “Extended Training” dimension addresses 



some social factors like degree of independence and integration to society by allowing 

patients to continue recovering after leaving the rehabilitation facility. 

 

Baets and colleagues (De Baets et al., 2017) reviewed the literature on shoulder 

assessment by means of IMUs, in the context of the ICF. They found that even though 

some measured aspects were repeatable and useful in this context, more work is 

needed to generate clinically meaningful, repeatable information. Standardizing 

measurements to characterize performance and capacity qualifiers, as described by 

the ICF, will also allow leveraging these datasets for the application of more complex 

analyses requiring larger amounts of data (e.g. neural networks). 

 

Economic impact of stroke and potential benefits from wearable devices 

The European Union spends €45 billion on treating stroke patients every year, with 

44% of these costs spent on direct health care, 22% related to productivity losses and 

35% on informal care of patients (Wilkins et al., 2017). Care after stroke depends on 

how involved institutions (governments, healthcare centers, insurance companies, 

etc.) manage their resources (Johnson et al., 2016), which influences the length of stay 

in the hospital and the extension of therapeutic care (Moon et al., 2003). For instance 

in the United States, “Medicare” (Government, n.d.) has strict rules for the provision of 

intensive inpatient rehabilitation therapies (i.e. at least 3 hours per day, 5 to 6 days per 

week), with an average length of stay of 15 days, at which point 70% of patients are 

sent home (Conroy et al., 2009). This percentage goes up to 90% after 3 months, and 

if patients have not recovered enough to be cared for at home by then, they will either 

receive more restricted healthcare coverage from state-based payers (e.g. “Medicaid”) 

or be sent to nursing homes where they will receive limited rehabilitation (Conroy et 

al., 2009).  

 

A study in Switzerland revealed that 37% of direct health care costs after stroke 

correspond to rehabilitation at the clinic (Mahler et al., 2008). Using systems like 

Hocoma’s “ArmeoSenso” (Hocoma, n.d.) could allow patients to train in groups, which 

besides allowing therapists to tend to more people simultaneously, could bring 

enhanced effects of rehabilitation (e.g., (Renjilian et al., 2001)), rendering it more cost-

effective. Motor assessments could be made more agile through wearable sensors, 

and patients could do it without a therapist being present (e.g. at home).  



 

Results from meta-analyses have shown that early planned and coordinated 

hospital discharge combined with home-based rehabilitation yields better results, and 

home-based rehabilitation was found to be superior to center-based, as measured by 

the Bartel Index 6 months after stroke (M. F. Walker et al., 2013). Healthcare coverage 

of home-based services can limit the length of therapy provided, but the use of 

wearable sensors for home-based therapy could grant access to these enhanced 

benefits while keeping costs low. Extended recovery resulting from home-based 

rehabilitative training (discussed in the next sub-section) could also increase the level 

of independence in patients, which would decrease costs related to productivity losses 

and informal care. 

 

Home-based self-application of rehabilitative training 
Evidence of enhanced recovery related to more extensive training has been found in 

stroke patients (Kwakkel et al., 2004), but high costs inherent to provided care, such 

as patient transportation or the therapy itself (i.e. therapists’ salary, rehabilitation site, 

etc.), often limit the therapies’ duration and frequency. On the other hand, training in 

more familiar environments, such as at home, improves the effects of training (Koch et 

al., 1998). Training transfer to different environments, in general, is highly reduced 

(Grossman & Salas, 2011), which is why training tasks should resemble activities of 

daily life, and take place at locations where they would occur on a daily basis. 

 

Unsupervised, home-based rehabilitative training has the potential to largely 

improve outcome of rehabilitation in patients (Dobkin, 2017; Langan et al., 2013). 

Home-based training offers many advantages, but reducing contact between trainers 

and beneficiaries could impact motivation and engagement, which play a major role in 

recovery (Langhorne et al., 2011). Therapists’ expertise would still be necessary to 

determine and adjust therapies, as well as to follow-up on training and rehabilitation 

progress, but contact between therapists and those under their care could be less 

frequent. This complicates the assessment of training quality and progress evaluation 

over shorter periods (daily, weekly), which might impact on motivation, planning of the 

intervention and personalized adaption of the treatment strategy (Koch et al., 1998). 

Careful consideration of these potential threats is paramount to provide effective 

rehabilitation at home. Burridge and colleagues (Burridge et al., 2017) discuss the 



effectiveness of some home-based rehabilitation systems and show that this approach 

is feasible and has the potential to improve motor function by training daily at home. 

They also present a new system (the “M-Mark”), which will allow patients to train at 

home under different circumstances of daily life (e.g. placing objects on a kitchen shelf) 

while being tracked by IMUs and mechanomyography. 

 

Practical considerations 
There are many aspects to look into for home-based rehabilitative training and its 

corresponding assessments and measurements. First, training must be thoroughly and 

carefully explained to patients and, when applicable, to their caregivers. An option is 

to provide center/lab-based training for a short amount of time and then instruct 

patients to train at home (Olney et al., 2006). Further, provided equipment must be as 

simple to use as possible to reduce chance of making mistakes and ensure training 

adhesion. An example of how possible mistakes can be reduced in a home-based 

environment can be found in the work of Durfee et al. (Durfee et al., 2009), like blocking 

elements not useful to users (e.g. parts of the keyboard). 

 

Another important aspect to consider is data logging. One option is to keep all 

data on the devices and extract it once the participants give the devices back at the 

end of their study contribution (Lang et al., 2017). Nevertheless, this presents a risk 

with longer studies, as devices are lent for longer periods, and any accident damaging 

the device would result in loss of all previously gathered data. An alternative would be 

to relay the data to a protected server (Yu et al., 2016b). This could be challenging 

whenever participants’ homes are located in relatively isolated areas, with poor internet 

connection. Mobile broadband modules could solve this issue, although constraints 

from telecommunications companies providing the service still exist. Ultimately, it is 

most likely best to store data both on the devices and on a server, in a redundant 

manner. 

 

Even though home-based training offers beneficial possibilities in terms of high-

intensity training, other aspects, such as motivation derived from human interaction 

(Langhorne et al., 2011) might be lacking. For this reason, taking advantage of virtual 

conference tools (e.g. “Skype” (Microsoft, 2018)) could allow therapists to provide 

feedback and motivate patients, as well as to acquire feedback. A recent report by 



Maceira-Elvira and colleagues (Maceira-Elvira, Popa, & Schmid, Anne-Christine 

Hummel, 2019) discusses some of the challenges and important aspects to take into 

account in home-based training. The report highlights the importance of remote 

assistance and proper instructions provided to users, as well as technical assistance 

around the clock. Another report by Van de Winckel and colleagues (Van de Winckel 

et al., 2018) provides valuable information about the (generally positive) opinion of six 

patients enrolled on remotely-monitored home-based training.  

 

4.1.5 Conclusion 
 

Stroke rehabilitation is an iterative process involving impairment assessment, recovery 

prognosis, therapy definition, rehabilitative training and monitoring of functional 

changes. Conventional assessments of motor function face limitations due to several 

factors, resulting in biased predictions of recovery, which prevent an adequate 

assignment of treatment for patients. Furthermore, limited resources at rehabilitation 

centers and clinics prevent patients from receiving intensive treatment and extensive 

attention, frequently reducing the degree up to which they recover. Wearable sensors 

show promise resolving at least some of these problems. Regular assessments 

complemented with this technology can reduce bias in measurements and estimations, 

as well as reduce assessment time for therapists. Short-term rehabilitative training, 

offered during the first six months after stroke, could be prolonged by offering home-

based therapies, designed and monitored remotely by therapists, allowing patients to 

train in a familiar environment. Among the wide array of sensors available, inertial 

measurement units (IMUs) and electromyography (EMG) offer the best balance 

between unobtrusiveness, robustness, ease of use and data quality. An optimal 

solution comprising both sensor types is still lacking in the market, but the collection of 

studies presented in this review indicate that this might be the most promising way to 

go.  
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4.2 Proof of principle: Using low-cost motion sensors to assess motor 
function in stroke patients 
 

4.2.1 Context 
 

Aspiring to a platform allowing patients to train independently and extensively at home 

requires a measure for quantifying their progress, as well as detecting the particular 

deficit and needs of every user. When we implemented a system for home-based 

motor training and stimulation, the nature of the motor task we used (i.e., the finger-

tapping task, please see Chapter 2), allowed us to follow the progression leading to 

the acquisition of the task, characterizing it in terms of speed, accuracy, and a score 

combining both parameters.  

 

Progress in individuals recovering from stroke is more difficult to quantify. If the 

objective of such prolonged training were to recover lost functionality, directly 

impacting the way in which users are able to complete activities of daily living, a 

measure of how well a user is able to complete a specific exercise may not be enough. 

Ideally, we would like to have a measure describing a user’s ability to get through their 

day, detecting abilities or skills that may be lacking along the way. 

 

There are several scales used in clinical settings to assess motor functions in 

stroke patients (Gor-García-Fogeda et al., 2014). Among these, a common choice for 

determining the extent of impairment (and one we use at the lab) is the Fugl-Meyer 

(FM) scale (Fugl-Meyer et al., 1975a). This scale consists of a defined set of 

movements patients need to make, involving gross arm movements, finer hand 

movements, and movements with the lower limbs. Each movement is then scored by 

a healthcare specialist within a range of 0 to 2, with 2 representing full and 1 partial 

completion of the movement, while a 0 is assigned to movements the patient is not 

able to make. This scoring system presents problems due to its inability to capture 

small changes in function, among others (Gladstone et al., 2002). However, it provides 

a useful frame of reference to start with, which we could think about improving in the 

future. Indeed, once we had an automated way of capturing the patients’ movements, 

more detailed analyses could bring added value to the standard scale. 

 



During my PhD, I explored the possibility of using wearable sensors to assess 

motor function in stroke patients, in the context of the FM scale. As I detailed in the 

previous chapter, this has been done before in a lab setting, often using high-end 

systems to capture the patients’ movements. In this case, the aim was to have mobile 

version using low-cost IMU (i.e., inertial measurement unit) sensors, such that we could 

distribute them among several users and thinking about future applications in 

communities where resources might be limited. 

 

For the proof of principle for this application, I focused on the FM assessment 

involving the evaluation of the upper extremity (i.e., UEFM), with emphasis in the gross 

arm movements.  

In this chapter, I will discuss the pipelines I developed and the first results I obtained.  

 

4.2.2 Methods 
 

Participants 

For this proof of principle, we recorded the movements of ten stroke patients and two 

healthy volunteers as they performed all exercises of the UEFM scale with both arms. 

The patients had varying degrees of motor impairments, although most of them were 

well recovered. A trained physiotherapist supervised the assessment, which was 

performed using an automated setup (please see below). Following the standard 

scoring of the UEFM scale, the therapist assigned a score of “2” to fully completed 

exercises, a score of “1” to partially completed exercises, and a score of “0” to 

exercises that could not be completed.  

 

Automated assessment  

We developed a platform intended for the automated assessment of the UEFM. This 

platform consisted of a mobile application compatible with multiple operating systems 

(i.e., iOS and Android), containing a collection of videos depicting all the exercises 

contained in the UEFM assessment scale. The application connects to two low-cost 

wireless IMU sensors (Mbientlab Inc., California, U.S.A), which transmit accelerometry 

and gyroscopic data by means of a Bluetooth low-energy protocol.  

 



The platform requires users to perform the UEFM with both arms, starting with 

the unaffected side on stroke patients and with the dominant side in healthy volunteers. 

Users are required to wear a sensor on the upper arm and either on the forearm or the 

back of the hand, depending on the exercise (please see Figure 4.5).  

 

 

Figure 4.5 Wearable IMU sensor setup. a) Sensors as they are meant to be worn during the UEFM assessment, with one 
sensor attached to the upper arm and the other either to the forearm (left) or back of the hand (right), depending on the 
exercise to be evaluated. b) Low-cost IMU sensor by MbientLab (MbientLab, California, USA), capable of transmitting 
accelerometer, gyroscope and magnetometer data via Bluetooth 4.0. 

 

After donning the sensors and allowing them to connect to the application, the 

platform performs a recording while the users are at rest, letting their arm hang down. 

These data can be used for calibration in posterior analyses. After this step, users are 

presented with a series of videos showing each exercise of the UEFM, and are required 

to mimic the movements as shown in the videos. The platform collects accelerometer 

and gyroscope data from the IMUs while the video plays, and records the timestamps 

marking the start and the end of the videos to segment the IMU data during processing. 

Users perform three repetitions per movement, at a pace marked by the sample videos. 

Figure 4.6 shows the video presented to illustrate the first movement of the UEFM 

assessment, as well as a user mimicking the movement while wearing motion sensors. 

 



 

Figure 4.6 Evaluation of the first movement (i.e., second item) of the UEFM scale. a) Example of the expected movement as 
presented to the users. After a brief explanation, the users are shown a video of the movement and are asked to mimic it. b) 
Healthy volunteer performing the exercise shown in a) while looking at the example on a tablet. Please note that the volunteer 
is wearing many more sensors than those mentioned, but the data of those sensors were not included in the present work and 
were acquired to be used in future projects.  

All the data gathered during the assessment is automatically relayed to a secure 

server for later processing. 

 

Data processing 

I implemented a pipeline to preprocess the raw IMU data and to extract meaningful 

features to characterize the quality of each movement performed by the users. The 

accelerometry and the gyroscopic data are three-dimensional, with the former 

providing quantities for acceleration along the x-y-z axes and the latter providing 

angular velocity with respect to the same axes. For more details about these sensors 

please refer to the previous chapter, or see (Maceira-Elvira, Popa, Schmid, et al., 

2019). In order to compare each movement across users, I extracted a “signature” 

combining the three-dimensional data into a single time series, as a sum smoothed 

with a sliding window of 5% the total number of samples for a given time series. Figure 

4.7 shows the signature extracted for both the accelerometry and the gyroscopic data 

of the sensor placed on the right upper arm of both a healthy volunteer (left) and a 

stroke patient (right). 

 

 

 

 



 

Figure 4.7 Signature extraction for the sensor worn on the upper arm during the first exercise. a) Raw data recorded while 
a healthy volunteer performed the movement (top), and the signature extracted as a single time series for the three axes. b) 
Signature extracted from the raw data under the same conditions as described in a), this time performed by a patient with 
some degree of motor impairment. The challenge in this case is to characterize both signatures in such a way that may capture 
the differences between a movement performed correctly and another performed incorrectly.  7 

 After extracting a signature for each sensor and for each movement repetition, 

I extracted a series of features to characterize each movement. The features I 

extracted were the following: 

 

a) Movement duration: Measure for how well individuals followed the example 

shown in the video, calculated as the integral of the signature. As such, this 

measure not only captures the duration, but also the amplitude of the trajectory 

described. This amount constitutes a single feature for each movement. 

b) Signature peaks: Number of deflections in the movement’s signature. This 

parameter consists of four features, with the peaks of the accelerometer 

signature, and those of the gyroscope, for the upper arm and the forearm/back-

of-the-hand sensors 

c) Intensity ratio: Ratio of the magnitude of the upper arm signature to the 

forearm/back-of-the-hand signature, capturing the proportion of the movement 

in one limb with respect to the other. This parameter consists of two features, 

one with the intensity ratio of the accelerometer signature, and one for that of 

the gyroscope. 

d) Jerk: Rate of change in acceleration, calculated to detect tremors present in the 

execution of the movements. This parameter consists of two features, one with 

the jerk of the accelerometer signature, and one for that of the gyroscope. 



e) Error with respect to healthy DBA: “DBA” stands for Dynamic Time Warping 

Barycenter Averaging. Dynamic Time Warping is a method through which two 

time series can be matched in length (i.e., in time) by assigning sample pairs 

according to how close they are to one another. As such, the algorithm will align 

each point of the second time series to the closest sample in the first time series. 

After the alignment, DBA generates a new time series from the average of the 

matched time series. I used the data from the healthy volunteers to calculate a 

reference signature, serving as a ground truth for what the “correct” movement 

signature should look like. After obtaining DBAs for each movement (for each 

sensor separately), I extracted individual features as the error with respect to 

this ground truth. Figure 4.8 depicts the ground truth extracted for the right upper 

arm of the first movements, and the signature for the same movement in a 

healthy volunteer and in a patient. Please note that the signature of the healthy 

volunteer was used to generate the ground truth, so a resemblance is to be 

expected, but note as well that the signatures for the movements of other 

healthy volunteers are also similar. This parameter amounts to four features, 

with the error of the signature with respect to the DBA of the accelerometer, and 

the same for the gyroscope, for the upper arm and the forearm/back-of-the-hand 

sensors. 

f) Signature maximal and minimal amplitude: Maximum and minimum values for 

the signatures, in standard deviations (i.e., after data standardization). This 

parameter consists of eight features, with the maximum and minimum values of 

the accelerometer and the gyroscope signatures, for the upper arm and the 

forearm/back-of-the-hand sensors. 

 

Therefore, each movement was characterized by a 21-feature vector. 

 



 

Figure 4.8 Comparison of the signatures to the healthy DBA. As explained in the text, I applied the DBA algorithm to average 
the signatures of all healthy volunteers to generate a template, serving as a reference of what the signature should look like 
when the movements are completed correctly. The top panels contain the averaged signatures across healthy volunteers, with 
the thinner lines corresponding to the signature of each individual and the thicker red line showing the average. Please note 
that even though the signature of the healthy volunteer does not match the healthy DBA exactly, it resembles the DBA much 
more than the signatures extracted when the movement was not performed correctly. 

 

Movement classification 

After characterizing each movement by extracting the aforementioned features, I south 

to train classifiers capable of assigning scores to the movements generated by the 

users. The nature of the dataset we acquired did not allow for robust models ready to 

be deployed, but the models I trained provide evidence of the potential of the pipeline 

for an eventual real-world deployment. 

 



The dataset we acquired was relatively small, and the classes were not 

balanced. This was because of the fact that most patients we measured were well-

recovered, so the number of “examples” we had for impaired movements was much 

smaller than the number of examples we had for well-performed movements. 

Therefore, training a model without accounting for this class imbalance resulted in a 

model with a heavy bias towards predicting scores of “2”, corresponding to well-

performed movements. For my tests, I set aside 20% of the data for testing, but I 

ensured the testing set was balanced among the classes. This means that in some 

cases, there were as little as one validation sample, or even none. As a result, I cannot 

show meaningful results for model generalization to unseen data at this stage. 

However, I will show the models I built, which show that the chosen characterization of 

the movements does generate distinct feature sets for healthy individuals and patients, 

supporting the prospect of using this approach in the future with larger, better-balanced 

datasets. 

 

Before training the models, I standardized the data and applied PCA to reduce 

the dimensionality of the dataset, keeping components accounting for 85% of the 

variability of the data. For each movement, I trained two different classifiers. The first 

was a support vector classifier (SVC) trained exclusively on movements with full and 

null scores (i.e., “2” and “0”, respectively). The idea of this step was to establish a 

gradient for the assignment of the scores. Indeed, one of the criticism the FM 

assessment has received in the past is that its discrete scale is too coarse to capture 

slight changes in motor function (Gladstone et al., 2002). Therefore, training a SVC 

allowed me to extract the distance of each high-dimensional point to the hyperplane 

separating both classes, which I also did for movements not included in the training, 

namely those performed partially (i.e., scored with a “1”). After extracting the distance 

to the hyperplane for all datapoints, I applied K-means clustering to form clusters for 

each score. Enforcing the notion of having three clusters, one for each score (i.e., “0”, 

“1” or “2”). The triple-cluster estimation did not yield good results in exercises for which 

I did not have many movement examples for a given class (i.e., one of the clusters 

was, in truth, absent). However, in the few exercises where I had more examples for 

each class, the separation worked quite well. Figure 4.9 shows the clusters I estimated 

for exercise 2 and exercise 6, chosen to illustrate the problems that arise when too few 

examples for a given score are present in the dataset. The left panel shows the 



extracted distances for all movements for that exercise, colored according to the true 

score (i.e., the score assigned by the therapist), while the right panel shows the clusters 

estimated using K-means clustering, with the stars indicating the geometric center of 

each cluster. 

 

 

Figure 4.9 Score prediction based on extracted IMU features. After extracting the features detailed in the text, I trained a 
support vector classifier to discriminate between full (“2”, in blue) and null (“0”, in red) movements. Then, I extracted the 
distance from each high-dimensional data point to the hyperplane separating both classes. For each exercise, the panel on 
the left shows these distances, colored according to the scores assigned by a trained therapist, considered as the ground truth. 
After extracting the distances, I applied k-means clustering to find three clusters, one for each score in the scale.  a) Example 
of an exercise for which multiple examples of each class (i.e., each score in the FM scale) were available. Please note that the 
algorithm found three distinct clusters, assigning correct scores for to most movements. b) Example of an exercise for which 
there were almost no movements scored with a “1” (i.e., partial movements). Full and null movements were correctly 
discriminated by the classifier (left panel), but enforcing three clusters when in truth there were only two scores present 
resulted in incorrect scores being assigned to all points located in the central area. Please note there is a gradient going from 
null through partial and to full movements, which supports this form of characterization as a tool to assign scores 
automatically and, eventually, constitute an analog scale capable of capturing more discrete changes in motor function. 

In general, the movements performed by healthy volunteers and fully recovered 

patients were distinguishable by those generated by more severely impaired patients, 

as shown by the results of the SVC classification (please see Table 4.2.1). However, 

more training data including examples of partially-performed movement are necessary 

to train robust models capable of differentiating among the three classes. Still, the 

separation observed in the feature set supports the choice of characterization for each 

movement described in this chapter, even if it does not provides any evidence for how 

well these models would generalize to unseen data.  

 



 

Table 4.1 F1 scores (i.e., weighted precision and recall) obtained with the support vector classifier (SVC) and K-means 
clustering. These scores are training scores and do not reflect how well the models would generalize to unseen data; they only 
serve as an indication of whether the characterization of the movements generates data points that are linearly separable.  

 

4.2.3 Conclusions and future directions 
 

The dataset available for this proof of principle was too small and unbalanced to make 

a meaningful statement in regards to the performance of the proposed method. 

However, the results in the discrimination between full and impaired movements 

support the potential of this approach in evaluating the motor capabilities in stroke 

patients. As an added value, beside the objective character sought through automated 

methods, this approach could provide an analog scale with higher resolution to assess 

motor function, capable of detecting slight changes in motor function over time. To 

achieve this goal, it is necessary to acquire more data from patient populations showing 

a wide variety of motor impairments, as some of those may be very subtle (especially 

in individuals performing movements partially). Future efforts towards the automated 

assessment of motor function (and other relevant aspects) in stroke patients would 

benefit from a standard way to acquire, store and share properly anonymized data to 

create and maintain robust models for classification. 



Chapter 5 Final discussion and conclusions 
 

For the past five years, I have studied and determined some of the processes leading 

to the acquisition of a novel sequential motor task, and how some of the mechanisms 

underlying these processes differ between healthy young and older adults. Young 

adults, with an overall performance that surpasses the one seen in middle-aged and 

older adults, prioritize the improvement of their accuracy at the early stages of training 

(i.e., mostly on the first training session). After reaching a maximum level of accuracy, 

signaling the storage of the spatial coordinates of the sequence (Shmuelof et al., 2012), 

young adults are able to focus their practice on the improvement of the speed. The 

requirement for speed in the motor task we use drives the optimization of the 

mechanical execution of the sequence, as individuals tend to group easier finger 

transitions (Popp et al., 2018),  which minimizes the delay between key presses. As a 

result, the execution of the sequence describes specific temporal patterns, commonly 

referred to as motor chunks (Verwey, 1996). The chunking patterns generated by 

young adults on the first training day did not vary much during the remainder of training, 

which we interpreted as them generating patterns with an efficiency close to the optimal 

from the first training day. This succession of events, in which the optimization of the 

accuracy is closely followed by the generation of efficient chunking patterns, could be 

interpreted as the appearance of chunking patterns depending solely on the storage 

of spatial coordinates in memory. However, our findings in older adults do not support 

this interpretation. 

 

In our studies, older adults presented a different approach at acquiring the 

sequential task we used. Instead of prioritizing the improvement of the accuracy at the 

beginning of training, as young adults did, they appeared to improve both their speed 

and their accuracy in parallel. In turn, this resulted in them generating efficient chunking 

patterns at a later stage, towards the end of their training. However, applying atDCS 

over the representation of the trained hand on the motor cortex allowed older adults to 

improve their accuracy sharply on the first training day, depicting a similar behavior to 

the one seen in young adults. Interestingly, not all older adults generated efficient 

chunking patterns after optimizing their accuracy. It was only the faster individuals in 

the group of older adults that generated patterns similar to those seen in young adults 

on the first training day, whereas slower individuals required more practice before 



generating efficient patterns. This suggests that the storage of spatial coordinates is a 

necessary condition for the generation of efficient chunking patterns, but these patterns 

are not their direct consequence. Instead, it is the speed that drives the rate at which 

efficient patterns appear; after improving the accuracy, higher speeds will drive the 

early appearance of efficient chunking patterns.  

 

However, the study detailed in Chapter 3 taught us that age does not necessarily 

determine whether an individual has diminished learning abilities or not and, therefore, 

does not determine one’s likelihood to benefit from stimulation. The joint consideration 

of the three studies described in Chapter 2 and Chapter 3, including more than 150 

healthy volunteers, suggest that it is the state of the neural system and not the age, 

what may obstruct the acquisition of new skills, turning them into likely candidates to 

benefit from brain stimulation. This may seem obvious, but so far this and other types 

of non-invasive brain stimulation techniques have been applied with little to no 

consideration of the recipient’s individual needs, which could be one of the reasons 

behind the large degree of variability reported in the literature for the effects of these 

techniques (Hashemirad et al., 2016; Summers et al., 2016). Therefore, there is a 

strong need for identifying parameters that might be indicative of a person’s proneness 

to benefit from stimulation. Our results suggest that individuals with lower accuracy at 

the early stages of training may possess diminished learning mechanisms involved in 

the integration of task-relevant information and its storage, which can be improved by 

applying atDCS over the motor cortex. 

 

The effect of atDCS we found appears to be present only in the first training day. 

However, it may be that less prominent effects are present as well, but that they are 

averaged out due to having individuals with and without diminished learning 

capabilities in the groups. Therefore, future explorations should try to stratify 

individuals according to their baseline characteristics, which may help us better isolate 

and understand the effects of atDCS applied during motor training.  

 

Another interesting matter to discuss is the apparent lack of effect of atDCS for 

young and middle-aged adults in the acquisition of this task. As we propose in Chapter 

2, the lack of an effect at a behavioral level may be due to the task itself not providing 

the resolution we need, or an adequate challenge to the subjects. In other words, 



maybe it is too simple; indeed, the effects of atDCS seen in older adults are only 

apparent at the early stages of training. However, it may also be that this technique 

cannot act on systems that are already working optimally, or that the effects of 

stimulation are fundamentally different. The effects of atDCS have been shown to be 

diminished or even reversed when preconditioned by another stimulation session 

occurring shortly before (Fricke et al., 2011), so the state of the neural system most 

likely plays a role in the direction in which neuroplastic changes can be driven. 

 

In sum, the mechanisms to be targeted for an individual’s specific needs must 

be taken into consideration before applying techniques like atDCS, which hopefully will 

help reduce the large variability in the reported effects of this technique (Hashemirad 

et al., 2016; Summers et al., 2016). This will be crucial when trying to boost the effects 

of rehabilitative training in stroke patients, as the heterogeneity in the neural system’s 

properties will be much higher. Our experience with applying atDCS in a home setting 

(please see Chapter 3) supports this technique as a viable option for therapeutic 

interventions delivered over extended periods of time outside of a clinical environment, 

even in individuals with little to no prior experience with computational technologies. 

Effectively providing home-based rehabilitative training will likely need for it to be 

adapted over time according to the needs of every patient. As discussed in Chapter 4, 

such longitudinal evaluations are possible by means of wearable sensors, which can 

function as an objective, automated tool to further inform rehabilitation specialists, and 

may enable them to tend to the needs of more patients in less time, and covering larger 

areas without having to commute to a healthcare center. In particular, currently 

available options of motion sensors (i.e., IMUs) can be easily distributed due to their 

portability, unobtrusiveness and ever decreasing costs; indeed, they are increasingly 

integrated into everyday life devices, such as mobile phones and wrist watches. 

However, a reliable tool to assess motor function and its progression in stroke patients 

relies on large amounts of data representing a wide array of motor impairments such 

that the particular needs of every patient can be detected correctly, which emphasizes 

the need for publicly accessible and format-standardized datasets for the creation and 

maintenance of these tools. Nevertheless, the application discussed in section 4.2 

shows that characterizing complex synergistic movements is possible with as few as 

two sensors worn on the arm, which might be further simplified once a large enough 

database has been assembled.  



 

In sum, non-invasive brain stimulation and, in particular, atDCS, can improve motor 

skill acquisition in individuals with diminished learning mechanisms. This is not 

exclusive to individuals above a certain age, but specific to the state of every person’s 

neural system. As such, it is of paramount importance to identify parameters that may 

signal a decrease in efficiency in any of the mechanisms involved in the acquisition of 

novel motor skills, such that they may be targeted specifically and stimulation can be 

used to its full potential. The portability of atDCS and its targeted effects hold great 

potential for future applications in the realm of rehabilitative motor training, which could 

be provided outside clinical environments for extended time. However, such an 

application requires adequate tools to capture the patients’ progress as they train, 

which could benefit from ever more accessible and unobtrusive wearable sensors to 

be used in a home setting. 

 

 

 

  



References  
 

Abbott, L. F., & Nelson, S. B. (2000). Synaptic Plasticity: Taming the beast. Nature 

Neuroscience, 3(november), 1178–1183. 

Abrahamse, E. L., Ruitenberg, M. F. L., de Kleine, E., & Verwey, W. B. (2013). 

Control of automated behavior: Insights from the discrete sequence production 

task. Frontiers in Human Neuroscience, 7(MAR), 1–16. 

https://doi.org/10.3389/fnhum.2013.00082 

Acuna, D. E., Wymbs, N. F., Reynolds, C. A., Picard, N., Turner, R. S., Strick, P. L., 

Grafton, S. T., & Kording, K. P. (2014). Multifaceted aspects of chunking enable 

robust algorithms. Journal of Neurophysiology, 112(8), 1849–1856. 

https://doi.org/10.1152/jn.00028.2014 

Ahsan, M. R., Ibrahimy, M. I., Khalifa, O. O., & others. (2009). {EMG} signal 

classification for human computer interaction: a review. European Journal of 

Scientific Research, 33(3), 480–501. 

Albahri, A. S., Alwan, J. K., Taha, Z. K., Ismail, S. F., Hamid, R. A., Zaidan, A. A., 

Albahri, O. S., Zaidan, B. B., Alamoodi, A. H., & Alsalem, M. A. (2021). IoT-

based telemedicine for disease prevention and health promotion: State-of-the-

Art. Journal of Network and Computer Applications, 173(July 2020), 102873. 

https://doi.org/10.1016/j.jnca.2020.102873 

Amadi, U., Allman, C., Johansen-Berg, H., & Stagg, C. J. (2015). The homeostatic 

interaction between anodal transcranial direct current stimulation and motor 

learning in humans is related to GABAA activity. Brain Stimulation, 8(5), 898–

905. https://doi.org/10.1016/j.brs.2015.04.010 

Andrews-Hanna, J. R., Snyder, A. Z., Vincent, J. L., Lustig, C., Head, D., Raichle, M. 

E. E., & Buckner, R. L. (2007). Disruption of Large-Scale Brain Systems in 

Advanced Aging. Neuron, 56(5), 924–935. 

https://doi.org/10.1016/j.neuron.2007.10.038 

Antal, A., Alekseichuk, I., Bikson, M., Brockmöller, J., Brunoni, A. R., Chen, R., 

Cohen, L. G., Dowthwaite, G., Ellrich, J., Flöel, A., Fregni, F., George, M. S., 

Hamilton, R., … Paulus, W. (2017). Low intensity transcranial electric 

stimulation: Safety, ethical, legal regulatory and application guidelines. Clinical 

Neurophysiology, 128(9), 1774–1809. 

https://doi.org/10.1016/j.clinph.2017.06.001 



Appleman, E. R., Albouy, G., Doyon, J., Cronin-Golomb, A., & King, B. R. (2016). 

Sleep quality influences subsequent motor skill acquisition. Behavioral 

Neuroscience, 130(3), 290–297. https://doi.org/10.1037/bne0000131 

Arteaga, S., Chevalier, J., Coile, A., Hill, A. W., Sali, S., Sudhakhrisnan, S., & 

Kurniawan, S. H. (2008). Low-cost accelerometry-based posture monitoring 

system for stroke survivors. Proceedings of the 10th International ACM 

SIGACCESS Conference on Computers and Accessibility - Assets ’08, 243. 

https://doi.org/10.1145/1414471.1414519 

Atzori, M., Gijsberts, A., Castellini, C., Caputo, B., Hager, A. G. M., Elsig, S., 

Giatsidis, G., Bassetto, F., & Müller, H. (2014). Electromyography data for non-

invasive naturally-controlled robotic hand prostheses. Scientific Data, 1, 1–13. 

https://doi.org/10.1038/sdata.2014.53 

Atzori, M., & Müller, H. (2015). Electromyography Low Pass Filtering Effects on the 

Classification of Hand Movements in Amputated Subjects. SCIEI International 

Conference on Digital Signal Processing (ICDSP), 3(2), 19–21. 

https://doi.org/10.12720/ijsps.3.2.118-122 

Bareket, L., Inzelberg, L., Rand, D., David-Pur, M., Rabinovich, D., Brandes, B., & 

Hanein, Y. (2016). Temporary-tattoo for long-term high fidelity biopotential 

recordings. Scientific Reports, 6(December 2015), 1–8. 

https://doi.org/10.1038/srep25727 

Barnhoorn, J. S., Van Asseldonk, E. H. F., & Verwey, W. B. (2019). Differences in 

chunking behavior between young and older adults diminish with extended 

practice. Psychological Research, 83(2), 275–285. 

https://doi.org/10.1007/s00426-017-0963-6 

Bates, D., Mächler, M., Bolker, B. M., & Walker, S. C. (2014). Fitting linear mixed-

effects models using lme4. ArXiv Preprint ArXiv:1406.5823. 

https://doi.org/10.18637/jss.v067.i01 

Beange, K. H. E., Chan, A. D. C., & Graham, R. B. (2018). Evaluation of wearable 

IMU performance for orientation estimation and motion tracking. MeMeA 2018 - 

2018 IEEE International Symposium on Medical Measurements and 

Applications, Proceedings, 3528725544, 1–6. 

https://doi.org/10.1109/MeMeA.2018.8438623 

Bellusci, G., Dijkstra, F., & Slycke, P. (2013). Xsens MTw : Miniature Wireless Inertial 

Motion Tracker for Highly Accurate 3D Kinematic Applications. Xsens 



Technologies, (April), 1–9. 

Berndt, D., & Clifford, J. (1994). Using dynamic time warping to find patterns in time 

series. Workshop on Knowledge Knowledge Discovery in Databases, 398, 359–

370. Retrieved from http://www.aaai.org/Papers/Workshops/1994/WS-94-

03/WS94-03-031.pdf 

Bernhardt, J., Hayward, K. S., Kwakkel, G., Ward, N. S., Wolf, S. L., Borschmann, K., 

Krakauer, J. W., Boyd, L. A., Carmichael, S. T., Corbett, D., & Cramer, S. C. 

(2017). Agreed Definitions and a Shared Vision for New Standards in Stroke 

Recovery Research: The Stroke Recovery and Rehabilitation Roundtable 

Taskforce. Neurorehabilitation and Neural Repair, 31(9), 793–799. 

https://doi.org/10.1177/1545968317732668 

Bishop, N. A., Lu, T., & Yankner, B. A. (2010). Neural mechanisms of ageing and 

cognitive decline. Nature, 464(7288), 529–535. 

https://doi.org/10.1038/nature08983 

Bliss, T. V. P., & Collingridge, G. L. (1993). A synaptic model of memory: LTP in the 

hippocampus. Nature, 361, 31–39. 

Bo, J., & Seidler, R. D. (2009). Visuospatial working memory capacity predicts the 

organization of acquired explicit motor sequences. Journal of Neurophysiology, 

101(6), 3116–3125. https://doi.org/10.1152/jn.00006.2009 

Bornheim, S., Thibaut, A., Beaudart, C., Maquet, P., Croisier, J. L., & Kaux, J. F. 

(2022). Evaluating the effects of tDCS in stroke patients using functional 

outcomes: a systematic review. Disability and Rehabilitation, 44(1), 13–23. 

https://doi.org/10.1080/09638288.2020.1759703 

Brokaw, E. B., Holley, R. J., & Lum, P. S. (2010). Hand Spring Operated Movement 

Enhancer (HandSOME) Device for Hand Rehabilitation after Stroke. 2010 

Annual International Conference of the Ieee Engineering in Medicine and 

Biology Society (Embc), 19(4), 5867–5870. 

https://doi.org/10.1109/IEMBS.2010.5627516 

Brunnstrom, S. (1966). Motor testing procedures in hemiplegia. Phys Ther, 46(4), 

357–375. 

BTSBioengineering. (2017). FreeEMG. Retrieved January 30, 2019, from 

https://www.btsbioengineering.com/ 

Buke, A., Gaoli, F., Yongcai, W., Lei, S., & Zhiqi, Y. (2015). Healthcare algorithms by 

wearable inertial sensors: A survey. China Communications, 12(4), 1–12. 



https://doi.org/10.1109/CC.2015.7114054 

Burridge, J. H., Lee, A. C. W., Turk, R., Stokes, M., Whitall, J., Vaidyanathan, R., 

Clatworthy, P., Hughes, A.-M., Meagher, C., Franco, E., & Yardley, L. (2017). 

Telehealth, Wearable Sensors, and the Internet: Will they improve stroke 

outcomes through increased intensity of therapy, motivation, and adherence to 

rehabilitation programs? Journal of Neurologic Physical Therapy, 41, S32–S38. 

https://doi.org/10.1097/npt.0000000000000183 

Butler, A. J., Shuster, M., O’Hara, E., Hurley, K., Middlebrooks, D., & Guilkey, K. 

(2013). A meta-analysis of the efficacy of anodal transcranial direct current 

stimulation for upper limb motor recovery in stroke survivors. Journal of Hand 

Therapy, 26(2), 162–171. https://doi.org/10.1016/j.jht.2012.07.002 

Cabeza, R. (2002). Hemispheric asymmetry reduction in older adults: The HAROLD 

model. Psychology and Aging, 17(1), 85–100. https://doi.org/10.1037/0882-

7974.17.1.85 

Capela, N. A., Lemaire, E. D., & Baddour, N. (2015). Feature selection for wearable 

smartphone-based human activity recognition with able bodied, elderly, and 

stroke patients. PLoS ONE, 10(4), 1–18. 

https://doi.org/10.1371/journal.pone.0124414 

Carbonaro, N., Mura, G. D., Lorussi, F., Paradiso, R., De Rossi, D., & Tognetti, A. 

(2014). Exploiting wearable goniometer technology for motion sensing gloves. 

IEEE Journal of Biomedical and Health Informatics, 18(6), 1788–1795. 

https://doi.org/10.1109/JBHI.2014.2324293 

Cassady, K., Gagnon, H., Lalwani, P., Simmonite, M., Foerster, B., Park, D., Peltier, 

S. J., Petrou, M., Taylor, S. F., Weissman, D. H., Seidler, R. D., & Polk, T. A. 

(2019). Sensorimotor network segregation declines with age and is linked to 

GABA and to sensorimotor performance. NeuroImage, 186(November 2018), 

234–244. https://doi.org/10.1016/j.neuroimage.2018.11.008 

Censor, N., Sagi, D., & Cohen, L. G. (2012). Common mechanisms of human 

perceptual and motor learning. Nature Reviews Neuroscience, 13(9), 658–664. 

https://doi.org/10.1038/nrn3315 

Chen, J., & Lum, P. S. (2016). Spring operated wearable enhancer for arm 

rehabilitation (SpringWear) after stroke. Proceedings of the Annual International 

Conference of the IEEE Engineering in Medicine and Biology Society, EMBS, 

2016-Octob, 4893–4896. https://doi.org/10.1109/EMBC.2016.7591824 



Chen, J., Nichols, D., Brokaw, E. B., & Lum, P. S. (2017). Home-based Therapy after 

Stroke Using the Hand Spring Operated Movement Enhancer (HandSOME). 

IEEE Transactions on Neural Systems and Rehabilitation Engineering, 20010(c), 

1–1. https://doi.org/10.1109/TNSRE.2017.2695379 

Chen, R., & Seitz, R. J. (2001). Changing cortical excitability with low-frequency 

magnetic stimulation. Neurology, 57(3), 379–380. 

https://doi.org/10.1212/WNL.57.3.379 

Chen, S.-Y., & Winstein, C. J. (2009). A systematic review of voluntary arm recovery 

in hemiparetic stroke: Critical predictors for meaningful outcomes using the 

international classification of functioning, disability, and health. Journal of 

Neurologic Physical Therapy, 33(1), 2–13. 

https://doi.org/10.1097/NPT.0b013e318198a010 

Chen, T., & Lum, P. S. (2016). Hand rehabilitation after stroke using a wearable, high 

DOF, spring powered exoskeleton. Proceedings of the Annual International 

Conference of the IEEE Engineering in Medicine and Biology Society, EMBS, 

2016-Octob, 578–581. https://doi.org/10.1109/EMBC.2016.7590768 

Cheung, V. C. K., Piron, L., Agostini, M., Silvoni, S., Turolla, A., & Bizzi, E. (2009). 

Stability of muscle synergies for voluntary actions after cortical stroke in humans. 

Proceedings of the National Academy of Sciences of the United States of 

America, 106(46), 19563–19568. https://doi.org/10.1073/pnas.0910114106 

Cirstea, M. C., & Levin, M. F. (2000). Compensatory strategies for reaching in stroke. 

Brain, 123(5), 940–953. https://doi.org/10.1093/brain/123.5.940 

Cohen, D. A., Pascual-Leone, A., Press, D. Z., & Robertson, E. M. (2005). Off-line 

learning of motor skill memory: A double dissociation of goal and movement. 

Proceedings of the National Academy of Sciences of the United States of 

America, 102(50), 18237–18241. https://doi.org/10.1073/pnas.0506072102 

Cometa. (2015a). Cometa Systems. Retrieved January 30, 2019, from 

https://www.cometasystems.com/ 

Cometa. (2015b). EMG-Easy-Report. Retrieved September 29, 2019, from 

https://www.cometasystems.com/products/emg-easy-report 

Conroy, B. E., Dejong, G., & Horn, S. D. (2009). Hospital-based stroke rehabilitation 

in the United States. Topics in Stroke Rehabilitation, 16(1), 34–43. 

https://doi.org/10.1310/tsr1601-34 

Craik, F. I. . M., & Bialystok, E. (2006). Planning and task management in older 



adults: cooking breakfast, (6), 1236–1249. 

Cross, K. P., Cook, D. J., & Scott, S. H. (2021). Convergence of proprioceptive and 

visual feedback on neurons in primary motor cortex. BioRxiv. https://doi.org/: 

https://doi.org/10.1101/2021.05.01.442274 

CTRL-Labs. (n.d.). Neural Interface Platform. Retrieved October 5, 2019, from 

https://www.ctrl-labs.com/ 

Cuypers, K., Verstraelen, S., Maes, C., Hermans, L., Hehl, M., Heise, K. F., Chalavi, 

S., Mikkelsen, M., Edden, R., Levin, O., Sunaert, S., Meesen, R., Mantini, D., & 

Swinnen, S. P. (2020). Task-related measures of short-interval intracortical 

inhibition and GABA levels in healthy young and older adults: A multimodal TMS-

MRS study. NeuroImage, 208(December 2019), 116470. 

https://doi.org/10.1016/j.neuroimage.2019.116470 

Dan, X., King, B. R., Doyon, J., & Chan, P. (2015). Motor sequence learning and 

consolidation in unilateral de novo patients with Parkinson’s disease. PLoS ONE, 

10(7), 1–14. https://doi.org/10.1371/journal.pone.0134291 

Dayan, E., & Cohen, L. G. (2011). Neuroplasticity subserving motor skill learning. 

Neuron, 72(3), 443–454. https://doi.org/10.1016/j.neuron.2011.10.008 

De Baets, L., van der Straaten, R., Matheve, T., & Timmermans, A. (2017). Shoulder 

assessment according to the international classification of functioning by means 

of inertial sensor technologies: A systematic review. Gait and Posture, 57(June), 

278–294. https://doi.org/10.1016/j.gaitpost.2017.06.025 

De Luca, C. J., Donald Gilmore, L., Kuznetsov, M., & Roy, S. H. (2010). Filtering the 

surface EMG signal: Movement artifact and baseline noise contamination. 

Journal of Biomechanics, 43(8), 1573–1579. 

https://doi.org/10.1016/j.jbiomech.2010.01.027 

De Rossi, D., Carpi, F., Lorussi, F., Scilingo, E., & Tognetti, A. (2009). Wearable 

kinesthetic systems and emerging technologies in actuation for upper limb 

neurorehabilitation. 2009 31st Annual International Conference of the IEEE 

Engineering in Medicine and Biology Society.EMBC 2009, 6830–6833. 

Retrieved from inspec:10983776 

Degardin, A., Devos, D., Cassim, F., Bourriez, J. L., Defebvre, L., Derambure, P., & 

Devanne, H. (2011). Deficit of sensorimotor integration in normal aging. 

Neuroscience Letters, 498(3), 208–212. 

https://doi.org/10.1016/j.neulet.2011.05.010 



Del Din, S., Patel, S., Cobelli, C., & Bonato, P. (2011). Estimating fugl-meyer clinical 

scores in stroke survivors using wearable sensors. Proceedings of the Annual 

International Conference of the IEEE Engineering in Medicine and Biology 

Society, EMBS, 5839–5842. https://doi.org/10.1109/IEMBS.2011.6091444 

Delsys. (2019). Wearable sensors for movement sciences. Retrieved January 24, 

2019, from https://www.delsys.com/ 

Diedrichsen, J., & Kornysheva, K. (2015). Motor skill learning between selection and 

execution. Trends in Cognitive Sciences, 19(4), 227–233. 

https://doi.org/10.1016/j.tics.2015.02.003 

Diekelmann, S., & Born, J. (2010). The memory function of sleep. Nature Reviews 

Neuroscience, 11(2), 114–126. https://doi.org/10.1038/nrn2762 

Ding, Z. Q., Luo, Z. Q., Causo, A., Chen, I. M., Yue, K. X., Yeo, S. H., & Ling, K. V. 

(2013). Inertia sensor-based guidance system for upperlimb posture correction. 

Medical Engineering and Physics, 35(2), 269–276. 

https://doi.org/10.1016/j.medengphy.2011.09.002 

Dobkin, B. H. (2017). A Rehabilitation-Internet-of-Things in the Home to Augment 

Motor Skills and Exercise Training. Neurorehabilitation and Neural Repair, 31(3), 

217–227. https://doi.org/10.1177/1545968316680490 

Doherty, T. J., Vandervoort, A. A., & Brown, W. F. (1993). Effects of ageing on the 

motor unit: A brief Review. Can. J. Appl. Physiol., 45(5). 

https://doi.org/10.1016/0301-0082(95)98601-Z 

Donoso Brown, E. V., Dudgeon, B. J., Gutman, K., Moritz, C. T., & McCoy, S. W. 

(2015). Understanding upper extremity home programs and the use of gaming 

technology for persons after stroke. Disability and Health Journal, 8(4), 507–513. 

https://doi.org/10.1016/j.dhjo.2015.03.007 

Doyon, J., Gabitov, E., Vahdat, S., Lungu, O., & Boutin, A. (2017). Current issues 

related to motor sequence learning in humans. Current Opinion in Behavioral 

Sciences, 20, 89–97. https://doi.org/10.1016/j.cobeha.2017.11.012 

Doyon, Julien, Korman, M., Morin, A., Dostie, V., Tahar, A. H., Benali, H., Karni, A., 

Ungerleider, L. G., & Carrier, J. (2009). Contribution of night and day sleep vs. 

simple passage of time to the consolidation of motor sequence and visuomotor 

adaptation learning. Experimental Brain Research, 195(1), 15–26. 

https://doi.org/10.1007/s00221-009-1748-y 

Dudek, S. M., & Bear, M. F. (1992). Homosynaptic long-term depression in area CA1 



of hippocampus and effects of N-methyl-D-aspartate receptor blockade. 

Proceedings of the National Academy of Sciences of the United States of 

America, 89(10), 4363–4367. https://doi.org/10.1073/pnas.89.10.4363 

Duncan, P. W., Zorowitz, R., Bates, B., Choi, J. Y., Glasberg, J. J., Graham, G. D., 

Katz, R. C., Lamberty, K., & Reker, D. (2005). Management of Adult Stroke 

Rehabilitation Care: A Clinical Practice Guideline. Stroke (Vol. 36). 

https://doi.org/10.1161/01.STR.0000180861.54180.FF 

Durfee, W., Carey, J., Nuckley, D., & Deng, J. (2009). Design and implementation of 

a home stroke telerehabilitation system. Proceedings of the 31st Annual 

International Conference of the IEEE Engineering in Medicine and Biology 

Society: Engineering the Future of Biomedicine, EMBC 2009, 2422–2425. 

https://doi.org/10.1109/IEMBS.2009.5334951 

Elbert, T., Pantev, C., Wienbruch, C., Rockstroh, B., & Taub, E. (1995). Increased 

cortical representation of the fingers of the left hand in string players. Science, 

270(5234), 305–307. https://doi.org/10.1126/science.270.5234.305 

Ernst, M. O., & Bülthoff, H. H. (2004). Merging the senses into a robust percept. 

Trends in Cognitive Sciences, 8(4), 162–169. 

https://doi.org/10.1016/j.tics.2004.02.002 

Escorpizo, R., Stucki, G., Cieza, A., Davis, K., Stumbo, T., & Riddle, D. L. (2010). 

Creating an Interface Between the International Classification of Functioning, 

Disability and Health and Physical Therapist Practice. Physical Therapy, 90(7), 

1053–1063. https://doi.org/10.2522/ptj.20090326 

Faisal, A. A., Selen, L. P. J., & Wolpert, D. M. (2008). Noise in the nervous system. 

Nature Reviews Neuroscience, 9(4), 292–303. https://doi.org/10.1038/nrn2258 

Feigin, V. L., Norrving, B., & Mensah, G. A. (2017). Global Burden of Stroke. 

Circulation Research, 120(3), 439–448. 

https://doi.org/10.1161/CIRCRESAHA.116.308413 

Fitts, P. M. (1964). Perceptual-Motor Skill Learning. Categories of Human Learning. 

Fitz, N. S., & Reiner, P. B. (2015). The challenge of crafting policy for do-it-yourself 

brain stimulation. Journal of Medical Ethics, 41(5), 410–412. 

https://doi.org/10.1136/medethics-2013-101458 

Floyer-Lea, A., Wylezinska, M., Kincses, T., & Matthews, P. M. (2006). Rapid 

modulation of GABA concentration in human sensorimotor cortex during motor 

learning. Journal of Neurophysiology, 95(3), 1639–1644. 



https://doi.org/10.1152/jn.00346.2005 

Fogel, S. M., Albouy, G., Vien, C., Popovicci, R., King, B. R., Hoge, R., Jbabdi, S., 

Benali, H., Karni, A., Maquet, P., Carrier, J., & Doyon, J. (2014). fMRI and sleep 

correlates of the age-related impairment in motor memory consolidation. Human 

Brain Mapping, 35(8), 3625–3645. https://doi.org/10.1002/hbm.22426 

Folstein, M. F., Robins, L. N., & Helzer, J. E. (1983). The mini-mental state 

examination. Archives of General Psychiatry, 40(7), 812–812. 

Fricke, K., Seeber, A. A., Thirugnanasambandam, N., Paulus, W., Nitsche, M. A., & 

Rothwell, J. C. (2011). Time course of the induction of homeostatic plasticity 

generated by repeated transcranial direct current stimulation of the human motor 

cortex. Journal of Neurophysiology, 105(3), 1141–1149. 

https://doi.org/10.1152/jn.00608.2009 

Frischknecht, R. (1998). Effect of training on muscle strength and motor function in 

the elderly. Reproduction, Nutrition, Development, 38(2), 167–174. 

https://doi.org/S0926528798800476 [pii] 

Fritsch, B., Reis, J., Martinowich, K., Schambra, H. M., Ji, Y., Cohen, L. G., & Lu, B. 

(2010). Direct current stimulation promotes BDNF-dependent synaptic plasticity: 

Potential implications for motor learning. Neuron, 66(2), 198–204. 

https://doi.org/10.1016/j.neuron.2010.03.035 

Fugl-Meyer, A. R., Jääskö, L., Leyman, I., Olsson, S., & Steglind, S. (1975a). The 

post-stroke hemiplegic patient- a method for evaluating physical 

performance.pdf. 

Fugl-Meyer, A. R., Jääskö, L., Leyman, I., Olsson, S., & Steglind, S. (1975b). The 

post-stroke hemiplegic patient- a method for evaluating physical performance. 

Galiana, I., Iii, F. L. H., & Howe, R. D. (2012). Wearable Soft Robotic Device for Post-

Stroke Shoulder Rehabilitation : Identifying Misalignments. 

Gandiga, P. C., Hummel, F. C., & Cohen, L. G. (2006). Transcranial DC stimulation 

(tDCS): A tool for double-blind sham-controlled clinical studies in brain 

stimulation. Clinical Neurophysiology, 117(4), 845–850. 

https://doi.org/10.1016/j.clinph.2005.12.003 

Gauthier, L. V., Kane, C., Borstad, A., Strahl, N., Uswatte, G., Taub, E., Morris, D., 

Hall, A., Arakelian, M., & Mark, V. (2017). Video Game Rehabilitation for 

Outpatient Stroke (VIGoROUS): Protocol for a multi-center comparative 

effectiveness trial of in-home gamified constraint-induced movement therapy for 



rehabilitation of chronic upper extremity hemiparesis. BMC Neurology, 17(1), 1–

18. https://doi.org/10.1186/s12883-017-0888-0 

Geyh, S., Cieza, A., Schouten, J., Dickson, H., Frommelt, P., Omar, Z., Kostanjsek, 

N., Ring, H., & Stucki, G. (2004). ICF Core Sets for stroke. Journal of 

Rehabilitation Medicine, Supplement, (44), 135–141. 

https://doi.org/10.1080/16501960410016776 

Gheysen, F., Lasne, G., Pélégrini-Issac, M., Albouy, G., Meunier, S., Benali, H., 

Doyon, J., & Popa, T. (2017). Taking the brakes off the learning curve. Human 

Brain Mapping, 38(3), 1676–1691. https://doi.org/10.1002/hbm.23489 

Ghilardi, M. F., Moisello, C., Silvestri, G., Ghez, C., & Krakauer, J. W. (2009). 

Learning of a sequential motor skill comprises explicit and implicit components 

that consolidate differently. Journal of Neurophysiology, 101(5), 2218–2229. 

https://doi.org/10.1152/jn.01138.2007 

Giorgino, T., Lorussi, F., De Rossi, D., & Quaglini, S. (2006). Posture classification 

via wearable strain sensors for neurological rehabilitation. Annual International 

Conference of the IEEE Engineering in Medicine and Biology - Proceedings, 

6273–6276. https://doi.org/10.1109/IEMBS.2006.260620 

Giorgino, T., Tormene, P., Lorussi, F., De Rossi, D., & Quaglini, S. (2009). Sensor 

evaluation for wearable strain gauges in neurological rehabilitation. IEEE 

Transactions on Neural Systems and Rehabilitation Engineering, 17(4), 409–

415. https://doi.org/10.1109/TNSRE.2009.2019584 

Gladstone, D. J., Danells, C. J., & Black, S. E. (2002). The Fugl-Meyer Assessment 

of Motor Recovery after Stroke: A Critical Review of Its Measurement Properties. 

Neurorehabilitation and Neural Repair, 16(3), 232–240. 

https://doi.org/10.1177/154596802401105171 

Goldstein, L. B., Bertels, C., & Davis, J. N. (1989). Interrater reliability of the NIH 

stroke scale. Arch of Neurol, 660–662. 

Gomez, C., Oller, J., & Paradells, J. (2012). Overview and evaluation of bluetooth low 

energy: An emerging low-power wireless technology. Sensors (Switzerland), 

12(9), 11734–11753. https://doi.org/10.3390/s120911734 

Gonsalvez, I., Baror, R., Fried, P., Santarnecchi, E., & Pascual-Leone, A. (2016). 

Therapeutic Noninvasive Brain Stimulation in Alzheimer’s Disease. Current 

Alzheimer Research, 14(4), 362–376. 

https://doi.org/10.2174/1567205013666160930113907 



Gor-García-Fogeda, M. D., Molina-Rueda, F., Cuesta-Gómez, A., Carratalá-Tejada, 

M., Alguacil-Diego, I. M., & Miangolarra-Page, J. C. (2014). Scales to assess 

gross motor function in stroke patients: A systematic review. Archives of Physical 

Medicine and Rehabilitation, 95(6), 1174–1183. 

https://doi.org/10.1016/j.apmr.2014.02.013 

Government, U. S. F. (n.d.). Medicare. Retrieved October 9, 2019, from 

https://www.medicare.gov/index 

Greeley, B., Barnhoorn, J. S., Verwey, W. B., & Seidler, R. D. (2020). Multi-session 

Transcranial Direct Current Stimulation Over Primary Motor Cortex Facilitates 

Sequence Learning, Chunking, and One Year Retention. Frontiers in Human 

Neuroscience, 14(March), 1–18. https://doi.org/10.3389/fnhum.2020.00075 

Groppa, S., Oliviero, A., Eisen, A., Quartarone, A., Cohen, L. G., Mall, V., Kaelin-

Lang, A., Mima, T., Rossi, S., Thickbroom, G. W., Rossini, P. M., Ziemann, U., 

Valls-Solé, J., & Siebner, H. R. (2012). A practical guide to diagnostic 

transcranial magnetic stimulation: Report of an IFCN committee. Clinical 

Neurophysiology, 123(5), 858–882. https://doi.org/10.1016/j.clinph.2012.01.010 

Grossman, R., & Salas, E. (2011). The transfer of training: What really matters. 

International Journal of Training and Development, 15(2), 103–120. 

https://doi.org/10.1111/j.1468-2419.2011.00373.x 

Guo, W., Yao, P., Sheng, X., Zhang, D., & Zhu, X. (2014). An enhanced human-

computer interface based on simultaneous sEMG and NIRS for prostheses 

control. 2014 IEEE International Conference on Information and Automation, 

ICIA 2014, (July), 204–207. https://doi.org/10.1109/ICInfA.2014.6932653 

Hashemirad, F., Zoghi, M., Fitzgerald, P. B., & Jaberzadeh, S. (2016). The effect of 

anodal transcranial direct current stimulation on motor sequence learning in 

healthy individuals: A systematic review and meta-analysis. Brain and Cognition, 

102, 1–12. https://doi.org/10.1016/j.bandc.2015.11.005 

Heise, K. F., Steven, B., Liuzzi, G., Thomalla, G., Jonas, M., Müller-Vahl, K., 

Sauseng, P., Münchau, A., Gerloff, C., & Hummel, F. C. (2010). Altered 

modulation of intracortical excitability during movement preparation in Gilles de 

la Tourette syndrome. Brain, 133(2), 580–590. 

https://doi.org/10.1093/brain/awp299 

Heise, Kirstin F., Niehoff, M., Feldheim, J.-F., Liuzzi, G., Gerloff, C., & Hummel, F. C. 

(2014). Differential behavioral and physiological effects of anodal transcranial 



direct current stimulation in healthy adults of younger and older age. Frontiers in 

Aging Neuroscience, 6(July), 1–17. https://doi.org/10.3389/fnagi.2014.00146 

Heise, Kirstin F., Zimerman, M., Hoppe, J., Gerloff, C., Wegscheider, K., & Hummel, 

F. C. (2013). The Aging Motor System as a Model for Plastic Changes of GABA-

Mediated Intracortical Inhibition and Their Behavioral Relevance. Journal of 

Neuroscience, 33(21), 9039–9049. https://doi.org/10.1523/JNEUROSCI.4094-

12.2013 

Heitz, R. P. (2014). The speed-accuracy tradeoff: History, physiology, methodology, 

and behavior. Frontiers in Neuroscience, 8(8 JUN), 1–19. 

https://doi.org/10.3389/fnins.2014.00150 

Hermens, H. J., Freriks, B., Disselhorst-Klug, C., & Rau, G. (2000). Development of 

recommendations for SEMG sensors and sensor placement procedures. Journal 

of Electromyography and Kinesiology, 810(1), 333–349. 

https://doi.org/10.1007/s10750-015-2551-3 

Herrmann, S., & Buchenrieder, K. (2010). Fusion of myoelectric and near-infrared 

signals for prostheses control. Proceedings of the 4th International Convention 

on Rehabilitation Engineering \& Assistive Technology, 1–4. 

Hess, G. (1996). Long-term depression of horizontal connections in rat motor cortex. 

European Journal of Neuroscience, 8(4), 658–665. 

https://doi.org/10.1111/j.1460-9568.1996.tb01251.x 

Hester, T., Hughes, R., Sherrill, D. M., Knorr, B., Akay, M., Stein, J., & Bonato, P. 

(2006). Using wearable sensors to measure motor abilities following stroke. 

Proceedings - BSN 2006: International Workshop on Wearable and Implantable 

Body Sensor Networks, 2006, 5–8. https://doi.org/10.1109/BSN.2006.57 

Heuninckx, S., Wenderoth, N., & Swinnen, S. P. (2008). Systems neuroplasticity in 

the aging brain: Recruiting additional neural resources for successful motor 

performance in elderly persons. Journal of Neuroscience, 28(1), 91–99. 

https://doi.org/10.1523/JNEUROSCI.3300-07.2008 

Highben, Z., & Palmer, C. (2004). Effects of Auditory and Motor Mental Practice in 

Memorized Piano Performance. Bulletin of the Council for Research in Music 

Education, 159(159), 58–65. 

Hikosaka, O., Sakai, K., Lu, X., Nakahara, H., Rand, M. K., Nakamura, K., Miyachi, 

S., & Doya, K. (1999). Parallel neural networks for learning sequential 

procedures. Trends in Neurosciences, 22(10), 464–471. 



https://doi.org/10.1016/S0166-2236(99)01439-3 

Hikosaka, O., Yamamoto, S., Yasuda, M., & Kim, H. F. (2013). Why skill matters. 

Trends in Cognitive Sciences, 17(9), 434–441. 

https://doi.org/10.1016/j.tics.2013.07.001 

Hocoma. (n.d.). ArmeoSenso. Retrieved September 29, 2019, from 

https://www.hocoma.com/solutions/armeo-senso/ 

Hope, T. M. H. H., Friston, K., Price, C. J., Leff, A. P., Rotshtein, P., & Bowman, H. 

(2018). Recovery After Stroke: Not so Proportional After all? PLoS ONE, 11(2), 

1–22. https://doi.org/10.1371/journal.pone.0147697 

Hughes, A. M., Burridge, J. H., Demain, S. H., Ellis-Hill, C., Meagher, C., Tedesco-

Triccas, L., Turk, R., & Swain, I. (2014). Translation of evidence-based Assistive 

Technologies into stroke rehabilitation: Users’ perceptions of the barriers and 

opportunities. BMC Health Services Research, 14(1). 

https://doi.org/10.1186/1472-6963-14-124 

Hummel, F. C., Steven, B., Hoppe, J., Heise, K., Thomalla, G., Cohen, L. G., & 

Gerloff, C. (2009). Deficient intracortical inhibition (SICI) during movement 

preparation after chronic stroke. Neurology, 72(20), 1766–1772. 

https://doi.org/10.1212/WNL.0b013e3181a609c5 

Hummel, Friedhelm C., & Cohen, L. G. (2005). Drivers of brain plasticity. Current 

Opinion in Neurology, 18(6), 667–674. 

https://doi.org/10.1097/01.wco.0000189876.37475.42 

Indahlastari, A., Hardcastle, C., Albizu, A., Alvarez-Alvarado, S., Boutzoukas, E. M., 

Evangelista, N. D., Hausman, H. K., Kraft, J., Langer, K., & Woods, A. J. (2021). 

A systematic review and meta-analysis of transcranial direct current stimulation 

to remediate age-related cognitive decline in healthy older adults. 

Neuropsychiatric Disease and Treatment, 17, 971–990. 

https://doi.org/10.2147/NDT.S259499 

Ives, J. C., & Wigglesworth, J. K. (2003). Sampling rate effects on surface EMG 

timing and amplitude measures. Clinical Biomechanics, 18(6), 543–552. 

https://doi.org/10.1016/S0268-0033(03)00089-5 

Johnson, B. H., Bonafede, M. M., & Watson, C. (2016). Short- and longer-term 

health-care resource utilization and costs associated with acute ischemic stroke. 

ClinicoEconomics and Outcomes Research, 8, 53–61. 

https://doi.org/10.2147/CEOR.S95662 



Joseph, M. E., King, A. C., & Newell, K. M. (2013). Task difficulty and the time scales 

of warm-up and motor learning. Journal of Motor Behavior, 45(3), 231–238. 

https://doi.org/10.1080/00222895.2013.784240 

Kang, N., Summers, J. J., & Cauraugh, J. H. (2016). Transcranial direct current 

stimulation facilitates motor learning post-stroke: A systematic review and meta-

analysis. Journal of Neurology, Neurosurgery and Psychiatry, 87(4), 345–355. 

https://doi.org/10.1136/jnnp-2015-311242 

Kawai, R., Markman, T., Poddar, R., Ko, R., Fantana, A. L., Dhawale, A. K., Kampff, 

A. R., & Ölveczky, B. P. (2015). Motor Cortex Is Required for Learning but Not 

for Executing a Motor Skill. Neuron, 86(3), 800–812. 

https://doi.org/10.1016/j.neuron.2015.03.024 

Kawato, M. (1999). Internal models for motor control and trajectory planning. Current 

Opinion in Neurobiology, 718–727. 

Kenward, M. G., & Roger, J. H. (1997). Small Sample Inference for Fixed Effects 

from Restricted Maximum Likelihood, 53(3), 983–997. 

Kim, J. H. (2017). The effects of training using EMG biofeedback on stroke patients 

upper extremity functions. Journal of Physical Therapy Science, 29(6), 1085–

1088. https://doi.org/10.1589/jpts.29.1085 

King, B. R., Hoedlmoser, K., Hirschauer, F., Dolfen, N., & Albouy, G. (2017). 

Sleeping on the motor engram: The multifaceted nature of sleep-related motor 

memory consolidation. Neuroscience and Biobehavioral Reviews, 80(October 

2016), 1–22. https://doi.org/10.1016/j.neubiorev.2017.04.026 

King, B. R., Rumpf, J. J., Verbaanderd, E., Heise, K. F., Dolfen, N., Sunaert, S., 

Doyon, J., Classen, J., Mantini, D., Puts, N. A. J., Edden, R. A. E., Albouy, G., & 

Swinnen, S. P. (2020). Baseline sensorimotor GABA levels shape neuroplastic 

processes induced by motor learning in older adults. Human Brain Mapping, 

41(13), 3680–3695. https://doi.org/10.1002/hbm.25041 

Klinzing, J. G., Niethard, N., & Born, J. (2019). Mechanisms of systems memory 

consolidation during sleep. Nature Neuroscience, 22(October). 

https://doi.org/10.1038/s41593-019-0467-3 

Koch, L. von, Wottrich, A. W., & Holmqvist, L. W. (1998). Rehabilitation in the home 

versus the hospital: The importance of context. Disability and Rehabilitation, 

20(10), 367–372. https://doi.org/10.3109/09638289809166095 

Kornysheva, K., & Diedrichsen, J. (2014). Human premotor areas parse sequences 



into their spatial and temporal features. ELife, 3, e03043. 

https://doi.org/10.7554/eLife.03043 

Krakauer, J. W., Hadjiosif, A. M., Xu, J., Wong, A. L., & Haith, A. M. (2019). Motor 

learning. Comprehensive Physiology, 9(2), 613–663. 

https://doi.org/10.1002/cphy.c170043 

Krakauer, J. W., & Marshall, R. S. (2015). The proportional recovery rule for stroke 

revisited, 51, 845–847. https://doi.org/10.1002/ana.24537 

Kujirai, T., Caramia, M. D., Rothwell, J. C., Day, B. L., Thompson, P. D., Ferbert, A., 

Wroe, S., Asselman, P., & Marsden, C. D. (1993). Corticocortical inhibition in 

human motor cortex. Biochemical Pharmacology, 49(9), 1185–1193. 

https://doi.org/10.1016/0006-2952(95)00035-X 

Kuznetsova, A., Brockhoff, P. B., & Christensen, R. H. B. (2017). lmerTest Package: 

Tests in Linear Mixed Effects Models. Journal of Statistical Software, 82(13), 1–

26. https://doi.org/10.18637/jss.v082.i13 

Kwakkel, G., Kollen, B. J., Van der Grond, J. V., & Prevo, A. J. H. (2003a). Probability 

of regaining dexterity in the flaccid upper limb: Impact of severity of paresis and 

time since onset in acute stroke. Stroke, 34(9), 2181–2186. 

https://doi.org/10.1161/01.STR.0000087172.16305.CD 

Kwakkel, G., Kollen, B. J., Van der Grond, J. V., & Prevo, A. J. H. (2003b). Probability 

of regaining dexterity in the flaccid upper limb: Impact of severity of paresis and 

time since onset in acute stroke. Stroke, 34(9), 2181–2186. 

https://doi.org/10.1161/01.STR.0000087172.16305.CD 

Kwakkel, G., Van Peppen, R., Wagenaar, R. C., Dauphinee, S. W., Richards, C., 

Ashburn, A., Miller, K., Lincoln, N., Partridge, C., Wellwood, I., & Langhorne, P. 

(2004). Effects of augmented exercise therapy time after stroke: A meta-

analysis. Stroke, 35(11), 2529–2536. 

https://doi.org/10.1161/01.STR.0000143153.76460.7d 

Laird, A. R., Fox, P. M., Eickhoff, S. B., Turner, J. A., Ray, K. L., Mckay, D. R., Glahn, 

D. C., Beckmann, C. F., Smith, S. M., & Fox, P. T. (2011). Behavioral 

interpretations of intrinsic connectivity networks. Journal of Cognitive 

Neuroscience, 23(12), 4022–4037. https://doi.org/10.1162/jocn_a_00077 

Lang, C. E., Waddell, K. J., Klaesner, J. W., & Bland, M. D. (2017). A Method for 

Quantifying Upper Limb Performance in Daily Life Using Accelerometers. J. Vis. 

Exp, 5567337915(12210). https://doi.org/10.3791/55673 



Langan, J., DeLave, K., Phillips, L., Pangilinan, P., & Brown, S. H. (2013). Home-

based telerehabilitation shows improved upper limb function in adults with 

chronic stroke: A pilot study. Journal of Rehabilitation Medicine, 45(2), 217–220. 

https://doi.org/10.2340/16501977-1115 

Langhorne, P., Bernhardt, J., & Kwakkel, G. (2011). Stroke rehabilitation. The Lancet, 

377(9778), 1693–1702. https://doi.org/10.1016/S0140-6736(11)60325-5 

Lee, S. I., Adans-Dester, C. P., Grimaldi, M., Dowling, A. V., Horak, P. C., Black-

Schaffer, R. M., Bonato, P., & Gwin, J. T. (2018). Enabling Stroke Rehabilitation 

in Home and Community Settings: A Wearable Sensor-Based Approach for 

Upper-Limb Motor Training. IEEE Journal of Translational Engineering in Health 

and Medicine, 6(May). https://doi.org/10.1109/JTEHM.2018.2829208 

Lee, SangWook, Wilson, K. M., Lock, B. A., & Kamper, D. G. (2011). Subject-specific 

myoelectric pattern classification of functional hand movements for stroke 

survivors. IEEE Transactions on Neural Systems and Rehabilitation Engineering, 

19(5), 558–566. https://doi.org/10.1109/TNSRE.2010.2079334 

Lee, Seunghee, Lee, Y. S., & Kim, J. (2018). Automated Evaluation of Upper-Limb 

Motor Function Impairment Using Fugl-Meyer Assessment. IEEE Transactions 

on Neural Systems and Rehabilitation Engineering, 26(1), 125–134. 

https://doi.org/10.1109/TNSRE.2017.2755667 

Lenth, R. (2020). emmeans: Estimated Marginal Means, aka Least-Squares Means. 

Retrieved from https://cran.r-project.org/package=emmeans 

Leuenberger, K., Gonzenbach, R., Wachter, S., Luft, A., & Gassert, R. (2017). A 

method to qualitatively assess arm use in stroke survivors in the home 

environment. Medical and Biological Engineering and Computing, 55(1), 141–

150. https://doi.org/10.1007/s11517-016-1496-7 

Li, Y., Zhang, X., Gong, Y., Cheng, Y., Gao, X., & Chen, X. (2017). Motor function 

evaluation of hemiplegic upper-extremities using data fusion from wearable 

inertial and surface EMG sensors. Sensors (Switzerland), 17(3). 

https://doi.org/10.3390/s17030582 

Liguz-Lecznar, M., Lehner, M., Kaliszewska, A., Zakrzewska, R., Sobolewska, A., & 

Kossut, M. (2015). Altered glutamate/GABA equilibrium in aged mice cortex 

influences cortical plasticity. Brain Structure and Function, 220(3), 1681–1693. 

https://doi.org/10.1007/s00429-014-0752-6 

Lim, C. K., Chen, I. M., Luo, Z., & Yeo, S. H. (2010). A low cost wearable wireless 



sensing system for upper limb home rehabilitation. 2010 IEEE Conference on 

Robotics, Automation and Mechatronics, RAM 2010, 1–8. 

https://doi.org/10.1109/RAMECH.2010.5513225 

Listman, J. B., Tsay, J. S., Kim, H. E., Mackey, W. E., & Heeger, D. J. (2021). Long-

Term Motor Learning in the “Wild” With High Volume Video Game Data. 

Frontiers in Human Neuroscience, 15(December), 1–19. 

https://doi.org/10.3389/fnhum.2021.777779 

Liuzzi, G., Hörniss, V., Lechner, P., Heise, K., Zimerman, M., Hoppe, J., Gerloff, C., & 

Hummel, F. C. (2014). Development of movement-related intracortical inhibition 

in acute to chronic subcortical stroke. Neurology, 82(3), 198–205. 

Loerch, P. M., Lu, T., Dakin, K. A., Vann, J. M., Isaacs, A., Geula, C., Wang, J., Pan, 

Y., Gabuzda, D. H., Li, C., Prolla, T. A., & Yankner, B. A. (2008). Evolution of the 

aging brain transcriptome and synaptic regulation. PLoS ONE, 3(10). 

https://doi.org/10.1371/journal.pone.0003329 

Logsdon, R. G., Gibbons, L. E., McCurry, S. M., & Teri, L. (2002). Assessing quality 

of life in older adults with cognitive impairment. Psychosomatic Medicine, 64(3), 

510–519. https://doi.org/10.1097/00006842-200205000-00016 

Lorussi, F., Carbonaro, N., De Rossi, D., Paradiso, R., Veltink, P., & Tognetti, A. 

(2016). Wearable Textile Platform for Assessing Stroke Patient Treatment in 

Daily Life Conditions. Frontiers in Bioengineering and Biotechnology, 4(March), 

28. https://doi.org/10.3389/fbioe.2016.00028 

Ltd, B. (2015). Biometrics. Retrieved May 13, 2019, from 

http://www.biometricsltd.com/ 

Lu, T., Pan, Y., Kao, S. Y., Li, C., Kohane, I., Chan, J., & Yankner, B. A. (2004). 

Gene regulation and DNA damage in the ageing human brain. Nature, 

429(6994), 883–891. https://doi.org/10.1038/nature02661 

Lucena, D. S. De, Stoller, O., Rowe, J. B., Chan, V., & Reinkensmeyer, D. J. (2017). 

Wearable sensing for rehabilitation after stroke : Bimanual jerk asymmetry 

encodes unique information about the variability of upper extremity recovery, 

1603–1608. https://doi.org/10.1109/ICORR.2017.8009477 

Maceira-Elvira, P., Popa, T., & Schmid, Anne-Christine Hummel, F. C. (2019). 

Feasibility of home-based, self-applied transcranial direct current stimulation to 

enhance motor learning in middle-aged and older adults. Brain Stimulation. 

Maceira-Elvira, P., Popa, T., Schmid, A. C., & Hummel, F. C. (2019). Wearable 



technology in stroke rehabilitation: Towards improved diagnosis and treatment of 

upper-limb motor impairment. Journal of NeuroEngineering and Rehabilitation, 

16(1). https://doi.org/10.1186/s12984-019-0612-y 

Maceira-Elvira, P., Timmermann, J. E., Popa, T., Schmid, A.-C., Krakauer, J. W., 

Morishita, T., Wessel, M. J., & Hummel, F. C. (2021). Black-box testing in motor 

sequence learning. BioRxiv, 1–44. https://doi.org/: 

https://doi.org/10.1101/2021.12.01.470563 

Mahler, M. P., Züger, K., Kaspar, K., Haefeli, A., Jenni, W., Leniger, T., & Beer, J. H. 

(2008). A cost analysis of the first year after stroke - Early triage and inpatient 

rehabilitation may reduce long term costs. Swiss Medical Weekly, 138(31–32), 

459–465. 

Mahncke, H. W., Bronstone, A., & Merzenich, M. M. (2006). Brain plasticity and 

functional losses in the aged: scientific bases for a novel intervention. Progress 

in Brain Research, 157(06), 81–109. https://doi.org/10.1016/S0079-

6123(06)57006-2 

Malenka, R. C., & Bear, M. F. (2004). LTP and LTD: An embarrassment of riches. 

Neuron, 44(1), 5–21. https://doi.org/10.1016/j.neuron.2004.09.012 

Mannini, A., & Sabatini, A. M. (2010). Machine learning methods for classifying 

human physical activity from on-body accelerometers. Sensors, 10(2), 1154–

1175. https://doi.org/10.3390/s100201154 

Maquet, P., Laureys, S., Peigneux, P., Fuchs, S., Petiau, C., Phillips, C., Aerts, J., 

Del Fiore, G., Degueldre, C., Meulemans, T., Luxen, A., Franck, G., Van Der 

Linden, M., … Cleeremans, A. (2000). Experience-dependent changes in 

changes in cerebral activation during human REM sleep. Nature Neuroscience, 

3(8), 831–836. https://doi.org/10.1038/77744 

Martins, A. R. S., Fregni, F., Simis, M., & Almeida, J. (2017). Neuromodulation as a 

cognitive enhancement strategy in healthy older adults: promises and pitfalls. 

Aging, Neuropsychology, and Cognition, 24(2), 158–185. 

https://doi.org/10.1080/13825585.2016.1176986 

Masson, S., Fortuna, F. S., Moura, F. S., & Soriano, D. C. (2016). Integrating Myo 

Armband for the Control of Myoelectric Upper Limb Prosthesis. XXV Congresso 

Brasileiro de Engenharia Biomédica - CBEB 2016, (October), 1–4. 

Mbientlab Inc. (2018). Wearable technology for motion tracking. Retrieved January 

24, 2018, from https://mbientlab.com/ 



Mendez, I., Hansen, B. W., Grabow, C. M., Smedegaard, E. J. L., Skogberg, N. B., 

Uth, X. J., Bruhn, A., Geng, B., & Kamavuako, E. N. (2017). Evaluation of the 

Myo armband for the classification of hand motions. IEEE International 

Conference on Rehabilitation Robotics, 1211–1214. 

https://doi.org/10.1109/ICORR.2017.8009414 

Metcalf, C., Adams, J., Burridge, J., Yule, V., & Chappell, P. (2007). A review of 

clinical upper limb assessments within the framework of the WHO ICF. 

Musculoskeletal Care, 6(October 2007), 150–154. 

https://doi.org/10.1002/msc.108 

Microsoft. (2018). Skype. Retrieved July 17, 2018, from 

https://www.skype.com/en/home/ 

Miranda, P. C., Lomarev, M., & Hallett, M. (2006). Modeling the current distribution 

during transcranial direct current stimulation. Clinical Neurophysiology, 117(7), 

1623–1629. https://doi.org/10.1016/j.clinph.2006.04.009 

Moffa, A. H., Brunoni, A. R., Nikolin, S., & Loo, C. K. (2018). Transcranial Direct 

Current Stimulation in Psychiatric Disorders: A Comprehensive Review. 

Psychiatric Clinics of North America, 41(3), 447–463. 

https://doi.org/10.1016/j.psc.2018.05.002 

Monte-Silva, K., Kuo, M. F., Hessenthaler, S., Fresnoza, S., Liebetanz, D., Paulus, 

W., & Nitsche, M. A. (2013). Induction of late LTP-like plasticity in the human 

motor cortex by repeated non-invasive brain stimulation. Brain Stimulation, 6(3), 

424–432. https://doi.org/10.1016/j.brs.2012.04.011 

Monteiro, T. S., King, B. R., Zivari Adab, H., Mantini, D., & Swinnen, S. P. (2019). 

Age-related differences in network flexibility and segregation at rest and during 

motor performance. NeuroImage, 194(July 2018), 93–104. 

https://doi.org/10.1016/j.neuroimage.2019.03.015 

Moon, L., Moise, P., & Jacobzone, S. (2003). Stroke Care in OECD Countries: A 

Comparison of Treatment, Costs and Outcomes in 17 Countries. Labour. 

Morison, M. M. (1985). Inertial Measurement Unit. US. Retrieved from 

https://patents.google.com/patent/US4711125A/en 

Müller-Dahlhaus, J. F. M., Liu, Y., & Ziemann, U. (2008). Inhibitory circuits and the 

nature of their interactions in the human motor cortex - A pharmacological TMS 

study. Journal of Physiology, 586(2), 495–514. 

https://doi.org/10.1113/jphysiol.2007.142059 



Myronenko, A., & Song, X. (2010). Point set registration: coherent point drift. IEEE 

Trans Pattern Anal Mach Intell, 32(12), 2262–2275. 

https://doi.org/10.1109/tpami.2010.46 

Nadel, L., & Moscovitch, M. (1997). Memory consolidation, retrograde amnesia and 

the hippocampal complex. Current Opinion in Neurobiology, 7(2), 217–227. 

https://doi.org/10.1016/S0959-4388(97)80010-4 

Nambu, I., Hagura, N., Hirose, S., Wada, Y., Kawato, M., & Naito, E. (2015). 

Decoding sequential finger movements from preparatory activity in higher-order 

motor regions: A functional magnetic resonance imaging multi-voxel pattern 

analysis. European Journal of Neuroscience, 42(10), 2851–2859. 

https://doi.org/10.1111/ejn.13063 

Nettersheim, A., Hallschmid, M., Born, J., & Diekelmann, S. (2015). The role of sleep 

in motor sequence consolidation: Stabilization rather than enhancement. Journal 

of Neuroscience, 35(17), 6696–6702. https://doi.org/10.1523/JNEUROSCI.1236-

14.2015 

Nijenhuis, S. M., Prange-Lasonder, G. B., Stienen, A. H. A., Rietman, J. S., & 

Buurke, J. H. (2017). Effects of training with a passive hand orthosis and games 

at home in chronic stroke: A pilot randomised controlled trial. Clinical 

Rehabilitation, 31(2), 207–216. https://doi.org/10.1177/0269215516629722 

Nitsche, M. A., & Paulus, W. (2000). Excitability changes induced in the human motor 

cortex by weak transcranial direct current stimulation. The Journal of Physiology, 

527(3), 633–639. https://doi.org/10.1111/j.1469-7793.2000.t01-1-00633.x 

Nitsche, M., Liebetanz, D., Paulus, W., & Tergau, F. (2005). Pharmacological 

Characterisation and Modulation of Neuroplasticity in Humans. Current 

Neuropharmacology, 3(3), 217–229. https://doi.org/10.2174/1570159054368268 

Nitsche, Michael A., & Paulus, W. (2001). Sustained excitability elevations induced 

by transcranial DC motor cortex stimulation in humans. Neurology, 57(10), 

1899–1901. https://doi.org/10.1212/WNL.57.10.1899 

Nitsche, Michael A., Seeber, A., Frommann, K., Klein, C. C., Rochford, C., Nitsche, 

M. S., Fricke, K., Liebetanz, D., Lang, N., Antal, A., Paulus, W., & Tergau, F. 

(2005). Modulating parameters of excitability during and after transcranial direct 

current stimulation of the human motor cortex. Journal of Physiology, 568(1), 

291–303. https://doi.org/10.1113/jphysiol.2005.092429 

Noitom. (2018). Perception Neuron. Retrieved July 6, 2019, from 



https://www.noitom.com/solutions/perception-neuron 

Noraxon. (2018). Movement - Data - People. Retrieved May 13, 2019, from 

https://www.noraxon.com/ 

Noraxon. (2019). myoMuscle. Retrieved September 29, 2019, from 

https://www.noraxon.com/our-products/myomuscle/ 

O’Brien, A. T., Bertolucci, F., Torrealba-Acosta, G., Huerta, R., Fregni, F., & Thibaut, 

A. (2018). Non-invasive brain stimulation for fine motor improvement after stroke: 

a meta-analysis. European Journal of Neurology, 25(8), 1017–1026. 

https://doi.org/10.1111/ene.13643 

Oldfield, R. C. (1971). The assessment and analysis of handedness: The Edinburgh 

Inventory. Neuropsychologia. https://doi.org/10.1007/978-0-387-79948-3_6053 

Olney, S. J., Nymark, J., Brouwer, B., Culham, E., Day, A., Heard, J., Henderson, M., 

& Parvataneni, K. (2006). A randomized controlled trial of supervised versus 

unsupervised exercise programs for ambulatory stroke survivors. Stroke, 37(2), 

476–481. https://doi.org/10.1161/01.STR.0000199061.85897.b7 

Opitz, A., Paulus, W., Will, S., Antunes, A., & Thielscher, A. (2015). Determinants of 

the electric field during transcranial direct current stimulation. NeuroImage, 109, 

140–150. https://doi.org/10.1016/j.neuroimage.2015.01.033 

OYMotion. (2019). OYM. Retrieved May 13, 2019, from http://oymotion.com/site/ 

Pace-Schott, E. F., & Spencer, R. M. C. (2014). Sleep-Dependent Memory 

Consolidation in Healthy Aging and Mild Cognitive Impairment. Curr Topics 

Behav Neurosci, (November 2011), 289–320. https://doi.org/10.1007/7854 

Paleari, M., Luciani, R., & Ariano, P. (2017). Towards NIRS-based hand movement 

recognition. 2017 International Conference on Rehabilitation Robotics (ICORR), 

1506–1511. https://doi.org/10.1109/ICORR.2017.8009461 

Palermo, F., Cognolato, M., Gijsberts, A., Müller, H., Caputo, B., & Atzori, M. (2017). 

Repeatability of grasp recognition for robotic hand prosthesis control based on 

sEMG data. IEEE International Conference on Rehabilitation Robotics, (July), 

(Submitted). https://doi.org/10.1109/ICORR.2017.8009405 

Pantev, C., Engelien, A., Candia, V., & Elbert, T. (2001). Representational cortex in 

musicians plastic alterations in response to musical practice. Annals of the New 

York Academy of Sciences, 930, 300–314. https://doi.org/10.1111/j.1749-

6632.2001.tb05740.x 

Parnandi, A. R., Wade, E., & Mataric, M. (2010). Motor function assessment using 



wearable inertial sensors. Conf Proc IEEE Eng Med Biol Soc, 2010, 86–89. 

https://doi.org/10.1109/iembs.2010.5626156 

Pascual-Leone, A., Dang, N., Cohen, L. G., Brasil-Neto, J. P., Cammarota, A., & 

Hallett, M. (1995). Modulation of muscle responses evoked by transcranial 

magnetic stimulation during the acquisition of new fine motor skills. Journal of 

Neurophysiology, 74(3), 1037–1045. https://doi.org/10.1152/jn.1995.74.3.1037 

Pascual-Leone, Alvaro, Amedi, A., Fregni, F., & Merabet, L. B. (2005). The plastic 

human brain cortex. Annual Review of Neuroscience, 28, 377–401. 

https://doi.org/10.1146/annurev.neuro.27.070203.144216 

Patel, S., Hughes, R., Hester, T., Stein, J., Akay, M., Dy, J., & Bonato, P. (2010a). A 

novel approach to monitor rehabilitation outcomes in stroke survivors using 

wearable technology. Proceedings of the IEEE, 98(3), 450–461. 

https://doi.org/10.1109/JPROC.2009.2038727 

Patel, S., Hughes, R., Hester, T., Stein, J., Akay, M., Dy, J., & Bonato, P. (2010b). 

Tracking motor recovery in stroke survivors undergoing rehabilitation using 

wearable technology. Conf Proc IEEE Eng Med Biol Soc, 2010, 6858–6861. 

https://doi.org/10.1109/iembs.2010.5626446 

Paulus, W. (2011). Transcranial electrical stimulation (tES - tDCS, tRNS, tACS) 

methods. Neuropsychological Rehabilitation, 21(5), 602–617. 

https://doi.org/10.1080/09602011.2011.557292 

Perceval, G., Flöel, A., & Meinzer, M. (2016). Can transcranial direct current 

stimulation counteract age-associated functional impairment? Neuroscience and 

Biobehavioral Reviews, 65, 157–172. 

https://doi.org/10.1016/j.neubiorev.2016.03.028 

Phinyomark, A., Phukpattaranont, P., & Limsakul, C. (2012). Feature reduction and 

selection for EMG signal classification. Expert Systems with Applications, 39(8), 

7420–7431. https://doi.org/10.1016/j.eswa.2012.01.102 

Picard, N., Matsuzaka, Y., & Strick, P. L. (2013). Extended practice of a motor skill is 

associated with reduced metabolic activity in M1. Nature Neuroscience, 16(9), 

1340–1347. https://doi.org/10.1038/nn.3477 

Pizzolato, S., Tagliapietra, L., Cognolato, M., Reggiani, M., Müller, H., & Atzori, M. 

(2017). Comparison of six electromyography acquisition setups on hand 

movement classification tasks. PLoS ONE, 12(10), 1–17. 

https://doi.org/10.1371/journal.pone.0186132 



Poole, J. L., & Whitney, S. L. (2001). Assessments of motor function post stroke: A 

review. Physical and Occupational Therapy in Geriatrics, 19(2), 1–22. 

https://doi.org/10.1300/J148v19n02_01 

Popp, N. J., Yokoi, A., Gribble, P. L., & Diedrichsen, J. (2018). The effects of habits 

on motor skill learning. BioRxiv. https://doi.org/10.1101/338749 

Posic. (n.d.). Encoders. Retrieved September 27, 2019, from 

https://www.posic.com/EN/products.html 

Prabhakaran, S., Zarahn, E., Riley, C., Speizer, A., Chong, J. Y., Lazar, R. M., 

Marshall, R. S., & Krakauer, J. W. (2008). Inter-individual variability in the 

capacity for motor recovery after ischemic stroke. Neurorehabilitation and Neural 

Repair, 22(1), 64–71. https://doi.org/10.1177/1545968307305302 

Prange-Lasonder, G. B., Radder, B., Kottink, A. I. R., Melendez-calderon, A., Buurke, 

J. H., & Rietman, J. S. (2017). Applying a soft - robotic glove as assistive device 

and training tool with games to support hand function after stroke : preliminary 

results on feasibility and potential clinical impact, (Il), 1401–1406. 

Prathivadi, Y., Wu, J., Bennett, T. R., & Jafari, R. (2014). Robust activity recognition 

using wearable IMU sensors. Proceedings of IEEE Sensors, 2014-

Decem(December), 486–489. https://doi.org/10.1109/ICSENS.2014.6985041 

Prathum, T., Piriyaprasarth, P., Aneksan, B., Hiengkaew, V., Pankhaew, T., 

Vachalathiti, R., & Klomjai, W. (2021). Effects of home-based dual-hemispheric 

transcranial direct current stimulation combined with exercise on upper and 

lower limb motor performance in patients with chronic stroke. Disability and 

Rehabilitation, 0(0), 1–12. https://doi.org/10.1080/09638288.2021.1891464 

Quandt, F., Bönstrup, M., Schulz, R., Timmermann, J. E., Zimerman, M., Nolte, G., & 

Hummel, F. C. (2016). Spectral variability in the aged brain during fine motor 

control. Frontiers in Aging Neuroscience, 8(DEC). 

https://doi.org/10.3389/fnagi.2016.00305 

Rainoldi, A., Melchiorri, G., & Caruso, I. (2004). A method for positioning electrodes 

during surface EMG recordings in lower limb muscles. Journal of Neuroscience 

Methods, 134(1), 37–43. https://doi.org/10.1016/j.jneumeth.2003.10.014 

Ramkumar, P., Acuna, D. E., Berniker, M., Grafton, S. T., Turner, R. S., & Kording, K. 

P. (2016). Chunking as the result of an efficiency computation trade-off. Nature 

Communications, 7(1), 1–11. https://doi.org/10.1038/ncomms12176 

RCoreTeam. (2019). R: A language and environment for statistical computing. 



Vienna, Austria: R Foundation for Statistical Computing. Retrieved from 

https://www.r-project.org/ 

Reaz, M. B. I., Hussain, M. S., & Mohd-Yasin, F. (2006). Techniques of EMG signal 

analysis: Detection, processing, classification and applications. Biological 

Procedures Online, 8(1), 11–35. https://doi.org/10.1251/bpo115 

Reis, J., Schambra, H. M., Cohen, L. G., Buch, E. R., Fritsch, B., Zarahn, E., Celnik, 

P. A., & Krakauer, J. W. (2009). Noninvasive cortical stimulation enhances motor 

skill acquisition over multiple days through an effect on consolidation. 

Proceedings of the National Academy of Sciences, 106(5), 1590–1595. 

https://doi.org/10.1073/pnas.0805413106 

Renjilian, D. A., Perri, M. G., Nezu, A. M., McKelvey, W. F., Shermer, R. L., & Anton, 

S. D. (2001). Individual versus group therapy for obesity: Effects of matching 

participants to their treatment preferences. Journal of Consulting and Clinical 

Psychology, 69(4), 717–721. https://doi.org/10.1037/0022-006X.69.4.717 

Repnik, E., Puh, U., Goljar, N., Munih, M., Mihelj, M., Repnik, E., Puh, U., Goljar, N., 

Munih, M., & Mihelj, M. (2018). Using Inertial Measurement Units and 

Electromyography to Quantify Movement during Action Research Arm Test 

Execution. Sensors, 18(9), 2767. https://doi.org/10.3390/s18092767 

Rickard, T. C., Cai, D. J., Rieth, C. A., Jones, J., & Ard, M. C. (2008). Sleep Does Not 

Enhance Motor Sequence Learning. Journal of Experimental Psychology: 

Learning Memory and Cognition, 34(4), 834–842. https://doi.org/10.1037/0278-

7393.34.4.834 

Rosenbaum, D. A., Cohen, R. G., Jax, S. A., Weiss, D. J., & van der Wel, R. (2007). 

The problem of serial order in behavior: Lashley’s legacy. Human Movement 

Science, 26(4), 525–554. https://doi.org/10.1016/j.humov.2007.04.001 

Rosenbaum, D. A., Kenny, S. B., & Derr, M. A. (1983). Hierarchical control of rapid 

movement sequences. Journal of Experimental Psychology: Human Perception 

and Performance, 9(1), 86–102. https://doi.org/10.1037/0096-1523.9.1.86 

Rossi, S., Hallett, M., Rossini, P. M., Pascual-Leone, A., Avanzini, G., Bestmann, S., 

Berardelli, A., Brewer, C., Canli, T., Cantello, R., Chen, R., Classen, J., 

Demitrack, M., … Ziemann, U. (2009). Safety, ethical considerations, and 

application guidelines for the use of transcranial magnetic stimulation in clinical 

practice and research. Clinical Neurophysiology, 120(12), 2008–2039. 

https://doi.org/10.1016/j.clinph.2009.08.016 



Rothwell, J. C., Hallett, M., Beradelli, A., Eisen, A., Rossini, P., & W, P. (1999). 

Magnetic stimulation: motor evoked potentials. Electroencephalogr Clin 

Neurophysiol Suppl, 52, 97–103. https://doi.org/10.1016/j.parkreldis.2013.07.017 

Rozycka, A., & Liguz-Lecznar, M. (2017). The space where aging acts: focus on the 

GABAergic synapse. Aging Cell, 16(4), 634–643. 

https://doi.org/10.1111/acel.12605 

Ruitenberg, M. F. L., Abrahamse, E. L., De Kleine, E., & Verwey, W. B. (2014). Post-

error slowing in sequential action: An aging study. Frontiers in Psychology, 

5(FEB), 1–8. https://doi.org/10.3389/fpsyg.2014.00119 

Ryser, F., Tobias, B., Held, J. P., Lambercy, O., & Gassert, R. (2017). Fully 

Embedded Myoelectric Control for a Wearable Robotic Hand Orthosis. 

International Conference on Rehabilitation Robotics. 

Sadarangani, G. P., Jiang, X., Simpson, L. A., Eng, J. J., & Menon, C. (2017). Force 

Myography for Monitoring Grasping in Individuals with Stroke with Mild to 

Moderate Upper-Extremity Impairments: A Preliminary Investigation in a 

Controlled Environment. Frontiers in Bioengineering and Biotechnology, 5, 42. 

https://doi.org/10.3389/fbioe.2017.00042 

Sadri, B., Goswami, D., & Martinez, R. (2018). Rapid Fabrication of Epidermal Paper-

Based Electronic Devices Using Razor Printing. Micromachines, 9(9), 420. 

https://doi.org/10.3390/mi9090420 

Sakai, K., Kitaguchi, K., & Hikosaka, O. (2003). Chunking during human visuomotor 

sequence learning. Experimental Brain Research, 152(2), 229–242. 

https://doi.org/10.1007/s00221-003-1548-8 

Sandran, N., Hillier, S., & Hordacre, B. (2019). Strategies to implement and monitor 

in-home transcranial electrical stimulation in neurological and psychiatric patient 

populations: a systematic review. Journal of NeuroEngineering and 

Rehabilitation, 16(1), 58. https://doi.org/10.1186/s12984-019-0529-5 

Seidler, R. D., Bernard, J. A., Burutolu, T. B., Fling, B. W., Gordon, M. T., Gwin, J. T., 

Kwak, Y., & Lipps, D. B. (2010). Motor control and aging: Links to age-related 

brain structural, functional, and biochemical effects. Neuroscience and 

Biobehavioral Reviews, 34(5), 721–733. 

https://doi.org/10.1016/j.neubiorev.2009.10.005 

Shadmehr, R., & Krakauer, J. W. (2008). A computational neuroanatomy for motor 

control. Experimental Brain Research, 185(3), 359–381. 



https://doi.org/10.1007/s00221-008-1280-5 

Shea, C. H., Park, J.-H., & Wilde Braden, H. (2006). Age-Related Effects in 

Sequential Motor Learning. Physical Therapy, 86(4), 478–488. 

https://doi.org/10.1093/ptj/86.4.478 

Shima, K., & Tanji, J. (1998). Both supplementary and presupplementary motor areas 

are crucial for the temporal organization of multiple movements. Journal of 

Neurophysiology, 80(6), 3247–3260. https://doi.org/10.1152/jn.1998.80.6.3247 

Shmuelof, L., Krakauer, J. W., & Mazzoni, P. (2012). How is a motor skill learned? 

Change and invariance at the levels of task success and trajectory control. 

Journal of Neurophysiology, 108(2), 578–594. 

https://doi.org/10.1152/jn.00856.2011 

Shull, P. B., Jiang, S., Zhu, Y., & Zhu, X. (2019). Hand Gesture Recognition and 

Finger Angle Estimation via Wrist-Worn Modified Barometric Pressure Sensing. 

IEEE Transactions on Neural Systems and Rehabilitation Engineering, PP(c), 1–

1. https://doi.org/10.1109/TNSRE.2019.2905658 

Siebner, H. R., & Rothwell, J. (2002). Transcranial magnetic stimulation: New insights 

into representational cortical plasticity. Experimental Brain Research, 148(1), 1–

16. https://doi.org/10.1007/s00221-002-1234-2 

Song, S., & Cohen, L. (2014). Impact of conscious intent on chunking during motor 

learning. Learning and Memory, 21(9), 449–451. 

https://doi.org/10.1101/lm.035824.114 

Spencer, R. M. C., Gouw, A. M., & Ivry, R. B. (2007). Age-related decline of sleep-

dependent consolidation. Learning and Memory, 480–484. 

https://doi.org/10.1101/lm.569407.until 

Stagg, C. J., Antal, A., & Nitsche, M. A. (2018). Physiology of Transcranial Direct 

Current Stimulation. Journal of ECT, 34(3), 144–152. 

https://doi.org/10.1097/YCT.0000000000000510 

Stagg, C. J., Bachtiar, V., & Johansen-Berg, H. (2011). The role of GABA in human 

motor learning. Current Biology, 21(6), 480–484. 

https://doi.org/10.1016/j.cub.2011.01.069 

Stagg, C. J., & Nitsche, M. A. (2011). Physiological basis of transcranial direct current 

stimulation. Neuroscientist, 17(1), 37–53. 

https://doi.org/10.1177/1073858410386614 

Sulfikar Ali, A., Arumugam, A., & Kumaran D, S. (2021). Effectiveness of an 



intensive, functional, gamified Rehabilitation program in improving upper limb 

motor function in people with stroke: A protocol of the EnteRtain randomized 

clinical trial. Contemporary Clinical Trials, 105(November 2020), 106381. 

https://doi.org/10.1016/j.cct.2021.106381 

Summers, J. J., Kang, N., & Cauraugh, J. H. (2016). Does transcranial direct current 

stimulation enhance cognitive and motor functions in the ageing brain? A 

systematic review and meta- analysis. Ageing Research Reviews, 25, 42–54. 

https://doi.org/10.1016/j.arr.2015.11.004 

Takei, T., Lomber, S. G., Cook, D. J., & Scott, S. H. (2021). Transient deactivation of 

dorsal premotor cortex or parietal area 5 impairs feedback control of the limb in 

macaques. Current Biology, 31(7), 1476-1487.e5. 

https://doi.org/10.1016/j.cub.2021.01.049 

Talal, M., Zaidan, A. A., Zaidan, B. B., Albahri, A. S., Alamoodi, A. H., Albahri, O. S., 

Alsalem, M. A., Lim, C. K., Tan, K. L., Shir, W. L., & Mohammed, K. I. (2019). 

Smart Home-based IoT for Real-time and Secure Remote Health Monitoring of 

Triage and Priority System using Body Sensors: Multi-driven Systematic Review. 

Journal of Medical Systems, 43(3). https://doi.org/10.1007/s10916-019-1158-z 

Thalmic Labs. (2016). MYO. Retrieved May 28, 2018, from https://www.myo.com/ 

Tofts, P. S. (1990). The distribution of induced currents in magnetic stimulation of the 

nervous system. Physics in Medicine and Biology, 35(8), 1119–1128. 

https://doi.org/10.1088/0031-9155/35/8/008 

Tognetti, A., Lorussi, F., Bartalesi, R., Quaglini, S., Tesconi, M., Zupone, G., & De 

Rossi, D. (2005). Wearable kinesthetic system for capturing and classifying 

upper limb gesture in post-stroke rehabilitation. Journal of Neuroengineering and 

Rehabilitation, B, 8. https://doi.org/10.1186/1743-0003-2-8 

Tukey, J. W. (1949). Comparing Individual Means in the Analysis of Variance. 

Biometrics, 5(2), 99–114. 

Turton, A., Wroe, S., Trepte, N., Fraser, C., & Lemon, R. N. (1996). Contralateral and 

ipsilateral EMG responses to transcranial magnetic stimulation during recovery 

of arm and hand function after stroke. Electroencephalography and Clinical 

Neurophysiology - Electromyography and Motor Control, 101(4), 316–328. 

https://doi.org/10.1016/0924-980X(96)95560-5 

Van de Winckel, A., Carey, J. R., Bisson, T. A., Hauschildt, E. C., Streib, C. D., & 

Durfee, W. K. (2018). Home-based transcranial direct current stimulation plus 



tracking training therapy in people with stroke: an open-label feasibility study. 

Journal of NeuroEngineering and Rehabilitation, 15(1), 83. 

https://doi.org/10.1186/s12984-018-0427-2 

van Meulen, F. B., Klaassen, B., Held, J., Reenalda, J., Buurke, J. H., van Beijnum, 

B.-J. F., Luft, A., & Veltink, P. H. (2016). Objective Evaluation of the Quality of 

Movement in Daily Life after Stroke. Frontiers in Bioengineering and 

Biotechnology | Www.Frontiersin.Org, 3(January), 1–11. 

https://doi.org/10.3389/fbioe.2015.00210 

Verwey, W. B. (1996). Buffer loading and chunking in sequential keypressing. Journal 

of Experimental Psychology: Human Perception and Performance, 22(3), 544–

562. https://doi.org/10.1037//0096-1523.22.3.544 

Verwey, W. B. (2001). Concatenating familiar movement sequences: The versatile 

cognitive processor. Acta Psychologica, 106(1–2), 69–95. 

https://doi.org/10.1016/S0001-6918(00)00027-5 

Verwey, W. B. (2010). Diminished motor skill development in elderly: Indications for 

limited motor chunk use. Acta Psychologica, 134(2), 206–214. 

https://doi.org/10.1016/j.actpsy.2010.02.001 

Verwey, W. B., Jouen, A. L., Dominey, P. F., & Ventre-Dominey, J. (2019). Explaining 

the neural activity distribution associated with discrete movement sequences: 

Evidence for parallel functional systems. Cognitive, Affective and Behavioral 

Neuroscience, 19(1), 138–153. https://doi.org/10.3758/s13415-018-00651-6 

Verwey, W. B., Shea, C. H., & Wright, D. L. (2014). A cognitive framework for 

explaining serial processing and sequence execution strategies. Psychonomic 

Bulletin and Review, 22(1), 54–77. https://doi.org/10.3758/s13423-014-0773-4 

Vos, T., Allen, C., Arora, M., Barber, R. M., Brown, A., Carter, A., Casey, D. C., 

Charlson, F. J., Chen, A. Z., Coggeshall, M., Cornaby, L., Dandona, L., Dicker, 

D. J., … Zuhlke, L. J. (2016). Global, regional, and national incidence, 

prevalence, and years lived with disability for 310 diseases and injuries, 1990–

2015: a systematic analysis for the Global Burden of Disease Study 2015. The 

Lancet, 388(10053), 1545–1602. https://doi.org/10.1016/S0140-6736(16)31678-

6 

Walker, M. F., Sunnerhagen, K. S., & Fisher, R. J. (2013). Evidence-based 

community stroke rehabilitation. Stroke, 44(1), 293–297. 

https://doi.org/10.1161/STROKEAHA.111.639914 



Walker, M. P., Brakefield, T., Hobson, J. A., & Stickgold, R. (2003). Dissociable 

stages of human memory consolidation and reconsolidation. Nature, 425(6958), 

616–620. https://doi.org/10.1038/nature01930 

Wang, J., Yu, L., Wang, J., Guo, L., Gu, X., & Fang, Q. (2014). Automated Fugl-

Meyer Assessment using SVR model. 2014 IEEE International Symposium on 

Bioelectronics and Bioinformatics, IEEE ISBB 2014, 0–3. 

https://doi.org/10.1109/ISBB.2014.6820907 

Welch, G., & Bishop, G. (2006). An Introduction to the Kalman Filter. In Practice, 

7(1), 1–16. Retrieved from 

http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.79.6578&amp;rep=rep

1&amp;type=pdf 

WHO. (2002). Towards a common language for functioning, disability and health: 

ICF. International Classification, 1149, 1–22. Retrieved from 

http://www.who.int/classifications/icf/training/icfbeginnersguide.pdf 

Wickelgren, W. A. (1977). Speed-accuracy tradeoff and information processing 

dynamics. Acta Psychologica, 41(1), 67–85. https://doi.org/10.1016/0001-

6918(77)90012-9 

Wilkins, E., Wilson, L., Wickramasinghe, K., Bhatnagar, P., Leal, J., Luengo-

Fernandez, R., Burns, R., Rayner, M., & Townsend, N. (2017). European 

Cardiovascular Disease Statistics 2017 edition. European Heart Network, 

Brussels, 192. https://doi.org/978-2-9537898-1-2 

Williamson, J., Liu, Q., Lu, F., Mohrman, W., Li, K., Dick, R., & Shang, L. (2015). 

Data sensing and analysis: Challenges for wearables. 20th Asia and South 

Pacific Design Automation Conference, ASP-DAC 2015, 136–141. 

https://doi.org/10.1109/ASPDAC.2015.7058994 

Willingham, D. B. (1998). A Neuropsychological Theory of Motor Skill Learning. 

Psychological Review, 105(3), 558–584. https://doi.org/10.1037/0033-

295X.105.3.558 

Wittmann, F., Held, J. P., Lambercy, O., Starkey, M. L., Curt, A., Höver, R., Gassert, 

R., Luft, A. R., & Gonzenbach, R. R. (2016). Self-directed arm therapy at home 

after stroke with a sensor-based virtual reality training system. Journal of 

NeuroEngineering and Rehabilitation, 13(1), 75. https://doi.org/10.1186/s12984-

016-0182-1 

Wittmann, F., Lambercy, O., & Gassert, R. (2019). Magnetometer-based drift 



correction during rest in IMU arm motion tracking. Sensors (Switzerland), 19(6), 

13–17. https://doi.org/10.3390/s19061312 

Wolpert, D. M., Diedrichsen, J., & Flanagan, J. R. (2011). Principles of sensorimotor 

learning. Nature Reviews Neuroscience, 12(12). https://doi.org/10.1038/nrn3112 

Wolpert, D. M., & Flanagan, J. R. (2016). Computations underlying sensorimotor 

learning. Current Opinion in Neurobiology, 37, 7–11. 

https://doi.org/10.1016/j.conb.2015.12.003 

Wolpert, D. M., & Kawato, M. (1998). Multiple paired forward and inverse models for 

motor control, 11, 1317–1329. 

Wong, A. L., & Krakauer, J. W. (2019). Why Are Sequence Representations in 

Primary Motor Cortex So Elusive? Neuron, 103(6), 956–958. 

https://doi.org/10.1016/j.neuron.2019.09.011 

Wong, A. L., Lindquist, M. A., Haith, A. M., & Krakauer, J. W. (2015). Explicit 

knowledge enhances motor vigor and performance: Motivation versus practice in 

sequence tasks. Journal of Neurophysiology, 114(1), 219–232. 

https://doi.org/10.1152/jn.00218.2015 

Wymbs, N. F., Bassett, D. S., Mucha, P. J., Porter, M. A., & Grafton, S. T. (2012). 

Differential Recruitment of the Sensorimotor Putamen and Frontoparietal Cortex 

during Motor Chunking in Humans. Neuron, 74(5), 936–946. 

https://doi.org/10.1016/j.neuron.2012.03.038 

Xsens North America Inc. (2018). Xsens. Retrieved May 28, 2018, from 

https://www.xsens.com/ 

Yan, J. H., Abernethy, B., & Li, X. (2010). The effects of ageing and cognitive 

impairment on on‐line and off‐line motor learning. Applied Cognitive Psychology, 

24(September 2007), 200–212. https://doi.org/10.1002/acp 

Yang, C. C., & Hsu, Y. L. (2010). A review of accelerometry-based wearable motion 

detectors for physical activity monitoring. Sensors, 10(8), 7772–7788. 

https://doi.org/10.3390/s100807772 

Yang, G., Deng, J., Pang, G., Zhang, H., Li, J., Deng, B., Pang, Z., Xu, J., Jiang, M., 

Liljeberg, P., Xie, H., & Yang, H. (2018). An Iot-Enabled Stroke Rehabilitation 

System Based On Smart Wearable Armband And Machine Learning. IEEE 

Journal of Translational Engineering in Health and Medicine, 6(May). 

https://doi.org/10.1109/JTEHM.2018.2822681 

Yokoi, A., Arbuckle, S. A., & Diedrichsen, J. (2018). The Role of Human Primary 



Motor Cortex in the Production of Skilled Finger Sequences. The Journal of 

Neuroscience, 38(6), 1430–1442. https://doi.org/10.1523/jneurosci.2798-

17.2017 

Yokoi, A., & Diedrichsen, J. (2019). Neural Organization of Hierarchical Motor 

Sequence Representations in the Human Neocortex. Neuron, 103(6), 1178-

1190.e7. https://doi.org/10.1016/j.neuron.2019.06.017 

Yu, L., Xiong, D., Guo, L., & Wang, J. (2016a). A compressed sensing-based 

wearable sensor network for quantitative assessment of stroke patients. Sensors 

(Switzerland), 16(2). https://doi.org/10.3390/s16020202 

Yu, L., Xiong, D., Guo, L., & Wang, J. (2016b). A remote quantitative Fugl-Meyer 

assessment framework for stroke patients based on wearable sensor networks. 

Computer Methods and Programs in Biomedicine, 128(88), 100–110. 

https://doi.org/10.1016/j.cmpb.2016.02.012 

Yuen, A. C., Bakir, A. A., Rajdi, N. N. Z. M., Lam, C. L., Saleh, S. M., & Wicaksono, 

D. H. B. (2014). Proprioceptive sensing system for therapy assessment using 

cotton fabric-based biomedical microelectromechanical system. IEEE Sensors 

Journal, 14(8), 2872–2880. https://doi.org/10.1109/JSEN.2014.2319779 

Zardoshti-Kermani, M., Wheeler, B. C., Badie, K., & Hashemi, R. M. (1995). EMG 

feature evaluation for movement control of upper extremity protheses. IEEE 

Transactions on Rehabilitation Engineering, 3(4), 324–333. 

Zhang, M., Lange, B., Chang, C. Y., Sawchuk, A. A., & Rizzo, A. A. (2012). Beyond 

the standard clinical rating scales: Fine-grained assessment of post-stroke motor 

functionality using wearable inertial sensors. Proceedings of the Annual 

International Conference of the IEEE Engineering in Medicine and Biology 

Society, EMBS, 6111–6115. https://doi.org/10.1109/EMBC.2012.6347388 

Zhang, M., & Sawchuk, A. A. (2012). A feature selection-based framework for human 

activity recognition using wearable multimodal sensors. BODYNETS 2011 - 6th 

International ICST Conference on Body Area Networks, 1, 92–98. 

https://doi.org/10.4108/icst.bodynets.2011.247018 

Zhang, X., & Zhou, P. (2012). High-density myoelectric pattern recognition toward 

improved stroke rehabilitation. IEEE Transactions on Biomedical Engineering, 

59(6), 1649–1657. https://doi.org/10.1109/TBME.2012.2191551 

Zhang, Z., Fang, Q., & Ferry, F. (2011). Upper limb motion capturing and 

classification for unsupervised stroke rehabilitation. IECON Proceedings 



(Industrial Electronics Conference), 3832–3836. 

https://doi.org/10.1109/IECON.2011.6119934 

Zhang, Z., Fang, Q., & Gu, X. (2016). Objective assessment of upper-limb mobility for 

poststroke rehabilitation. IEEE Transactions on Biomedical Engineering, 63(4), 

859–868. https://doi.org/10.1109/TBME.2015.2477095 

Zhang, Z., Liparulo, L., Panella, M., Gu, X., & Fang, Q. (2016). A Fuzzy Kernel 

Motion Classifier for Autonomous Stroke Rehabilitation. IEEE Journal of 

Biomedical and Health Informatics, 20(3), 893–901. 

https://doi.org/10.1109/JBHI.2015.2430524 

Zhou, H., Huosheng, H., Harris, N., Hu, H., Harris, N., Huosheng, H., & Harris, N. 

(2005). Application of wearable inertial sensors in stroke rehabilitation. 

Engineering in Medicine and Biology Society, 2005. IEEE-EMBS 2005. 27th 

Annual International Conference of The, (4), 6825–6828. 

https://doi.org/10.1109/IEMBS.2005.1616072 

Ziemann, U., Lönnecker, S., Steinhoff, B. J., & Paulus, W. (1996). Effects of 

antiepileptic drugs on motor cortex excitability in humans: A transcranial 

magnetic stimulation study. Annals of Neurology, 40(3), 367–378. 

https://doi.org/10.1002/ana.410400306 

Zimerman, M., & Hummel, F. C. (2010). Non-Invasive Brain Stimulation: Enhancing 

Motor and Cognitive Functions In Healthy Old Subjects. Frontiers in Aging 

Neuroscience, 2(December), 1–12. https://doi.org/10.3389/fnagi.2010.00149 

Zimerman, M., Nitsch, M., Giraux, P., Gerloff, C., Cohen, L. G., & Hummel, F. C. 

(2013). Neuroenhancement of the aging brain: Restoring skill acquisition in old 

subjects. Annals of Neurology, 73(1), 10–15. https://doi.org/10.1002/ana.23761 

Zimnik, A. J., & Churchland, M. M. (2021). Independent generation of sequence 

elements by motor cortex. Encyclopedia of the Neurological Sciences, 

24(March), 421–424. https://doi.org/10.1016/B978-0-12-385157-4.01162-3 

 

  



Appendix 
 

• Statistics (Chapter 2) 

• Statistics (Chapter 3) 

• Home-based training manual (Chapter 3) 



Aspect Model Dependent Independent Random ANOVA param. DF num. DF den. F p Level Contrast Estimate DF t p d
AGE 2 9.796767 0.000264 Young ‐ Middle 1.642424 49 1.476524 0.310889 0.494407 ‐0.19425 1.183064

Young ‐ Older 4.909091 49 4.413228 0.000163 1.477748 0.674939 2.280557
Middle ‐ Older 3.266667 49 2.692989 0.025719 0.983341 0.19382 1.772861

Baseline accuracy LM Per. Correct AGE NA AGE 2 0.946997 0.394888
Block 1 accuracy LM Per. Correct AGE NA AGE 2 1.545493 0.223419

AGE 2 49 22.96936 9.17E‐08 Young ‐ Middle 4.49989 55.33501 2.170226 0.085361 1.092034 0.033397 2.15067
DAY 4 1496 309.6215 3.95E‐194 Young ‐ Older 6.203192 55.33501 2.991701 0.011355 1.505391 0.403381 2.607401

AGE:DAY 8 1496 30.80038 6.01E‐45 Middle ‐ Older 1.703302 55.33501 0.753302 0.732914 0.413357 ‐0.69293 1.519643
Young ‐ Middle 8.07949 55.33501 3.89661 0.000766 1.960731 0.797897 3.123566
Young ‐ Older 11.78042 55.33501 5.681512 1.53E‐06 2.858874 1.543574 4.174174
Middle ‐ Older 3.700933 55.33501 1.636774 0.238972 0.898143 ‐0.23295 2.029232
Young ‐ Middle 10.21638 55.33501 4.927198 2.34E‐05 2.479312 1.233054 3.72557
Young ‐ Older 14.85153 55.33501 7.16266 5.92E‐09 3.604172 2.137729 5.070615
Middle ‐ Older 4.635155 55.33501 2.049943 0.109952 1.12486 ‐0.02379 2.27351
Young ‐ Middle 10.08712 55.33501 4.86486 2.92E‐05 2.447944 1.20711 3.688778
Young ‐ Older 15.63477 55.33501 7.540401 1.42E‐09 3.794247 2.286533 5.30196
Middle ‐ Older 5.547643 55.33501 2.4535 0.044959 1.346303 0.177046 2.515559
Young ‐ Middle 10.77967 55.33501 5.198863 8.88E‐06 2.616011 1.345595 3.886426
Young ‐ Older 17.07833 55.33501 8.236606 1.08E‐10 4.14457 2.558394 5.730745
Middle ‐ Older 6.298658 55.33501 2.785644 0.019675 1.528559 0.339907 2.717211

AGE 2 48.98015 0.816388 0.447949 Young ‐ Middle 5.726304 244.9911 3.141517 0.005344 1.05351 0.325554 1.781465
DAY 4 195.9789 8.045557 5.02E‐06 Young ‐ Older 9.151834 244.9911 5.020802 2.96E‐06 1.683729 0.861894 2.505564

AGE:DAY 8 195.9789 4.486743 5.10E‐05 Middle ‐ Older 3.42553 244.9911 1.723325 0.198532 0.630219 ‐0.11299 1.373425
Young ‐ Middle ‐3.49969 244.9911 ‐1.91997 0.135206 ‐0.64386 ‐1.33036 0.042632
Young ‐ Older ‐1.24583 244.9911 ‐0.68348 0.773348 ‐0.22921 ‐0.89309 0.434679
Middle ‐ Older 2.253854 244.9911 1.133875 0.494159 0.414658 ‐0.31566 1.144971
Young ‐ Middle ‐0.10921 244.9911 ‐0.05992 0.998023 ‐0.02009 ‐0.68066 0.640471
Young ‐ Older 0.917291 244.9911 0.503236 0.869821 0.168761 ‐0.49359 0.831115
Middle ‐ Older 1.026504 244.9911 0.516416 0.863415 0.188853 ‐0.53355 0.911255
Young ‐ Middle 0.925097 244.9911 0.507519 0.867752 0.170197 ‐0.49219 0.832582
Young ‐ Older ‐0.51353 244.9911 ‐0.28173 0.957198 ‐0.09448 ‐0.75559 0.566629
Middle ‐ Older ‐1.43863 244.9911 ‐0.72375 0.74966 ‐0.26468 ‐0.98908 0.459731
Young ‐ Middle ‐3.75057 244.9911 ‐2.0576 0.10096 ‐0.69002 ‐1.35066 ‐0.02938
Young ‐ Older ‐3.85119 244.9911 ‐2.11281 0.089324 ‐0.70853 ‐1.36928 ‐0.04778
Middle ‐ Older ‐0.10062 244.9911 ‐0.05062 0.998588 ‐0.01851 ‐0.73885 0.701825

AGE 2 0.467166 0.627333 Young ‐ Middle 0.88315 245 2.979489 0.008888 0.997667 0.277289 1.718045
DAY 4 12.64101 2.29E‐09 Young ‐ Older 1.599765 245 5.397138 4.78E‐07 1.807205 0.964321 2.650089

AGE:DAY 8 4.776151 1.80E‐05 Middle ‐ Older 0.716615 245 2.217011 0.07031 0.809538 0.052857 1.566218
Young ‐ Middle ‐0.4177 245 ‐1.40919 0.33772 ‐0.47186 ‐1.14549 0.201768
Young ‐ Older ‐0.29685 245 ‐1.0015 0.576616 ‐0.33535 ‐1.00204 0.331348
Middle ‐ Older 0.120844 245 0.373859 0.925878 0.136514 ‐0.58381 0.856836
Young ‐ Middle 0.227412 245 0.767223 0.723468 0.256901 ‐0.40685 0.92065
Young ‐ Older 0.123662 245 0.417198 0.908566 0.139697 ‐0.52109 0.800486
Middle ‐ Older ‐0.10375 245 ‐0.32098 0.944806 ‐0.1172 ‐0.83724 0.602831
Young ‐ Middle 0.123356 245 0.416167 0.908996 0.139351 ‐0.52143 0.800134
Young ‐ Older ‐0.09555 245 ‐0.32236 0.944342 ‐0.10794 ‐0.76823 0.552345
Middle ‐ Older ‐0.21891 245 ‐0.67724 0.776961 ‐0.24729 ‐0.9701 0.475514
Young ‐ Middle ‐0.45778 245 ‐1.54442 0.272071 ‐0.51714 ‐1.17794 0.14366
Young ‐ Older ‐0.7003 245 ‐2.36259 0.049438 ‐0.7911 ‐1.45178 ‐0.13042
Middle ‐ Older ‐0.24251 245 ‐0.75027 0.733748 ‐0.27396 ‐0.99758 0.449656
day 1 ‐ day 2 1.724773 245 6.462189 5.52E‐09 1.948423 1.128125 2.768721
day 1 ‐ day 3 1.459651 245 5.468858 1.11E‐06 1.648923 0.886021 2.411824
day 1 ‐ day 4 1.656072 245 6.204786 2.31E‐08 1.870814 1.065898 2.675729
day 1 ‐ day 5 2.18587 245 8.189772 1.93E‐13 2.469309 1.675861 3.262757
day 2 ‐ day 3 ‐0.26512 245 ‐0.99333 0.85819 ‐0.2995 ‐0.89972 0.30072
day 2 ‐ day 4 ‐0.0687 245 ‐0.2574 0.999028 ‐0.07761 ‐0.67192 0.516703
day 2 ‐ day 5 0.461096 245 1.727583 0.418962 0.520886 ‐0.07432 1.116095
day 3 ‐ day 4 0.196421 245 0.735928 0.947895 0.221891 ‐0.37548 0.819262
day 3 ‐ day 5 0.726218 245 2.720914 0.05377 0.820386 0.22462 1.416152
day 4 ‐ day 5 0.529797 245 1.984986 0.276395 0.598496 0.004363 1.192628
day 1 ‐ day 2 0.423926 245 1.31151 0.68433 0.478896 ‐0.25366 1.21145
day 1 ‐ day 3 0.803914 245 2.487089 0.096898 0.908156 0.142093 1.67422
day 1 ‐ day 4 0.896278 245 2.772839 0.046791 1.012498 0.235481 1.789514
day 1 ‐ day 5 0.844939 245 2.614009 0.070924 0.954501 0.183701 1.725302
day 2 ‐ day 3 0.379988 245 1.175579 0.765347 0.429261 ‐0.30069 1.159215
day 2 ‐ day 4 0.472353 245 1.461329 0.588596 0.533602 ‐0.20213 1.269338
day 2 ‐ day 5 0.421013 245 1.302499 0.689924 0.475606 ‐0.25677 1.207979
day 3 ‐ day 4 0.092365 245 0.285751 0.998535 0.104341 ‐0.61553 0.82421
day 3 ‐ day 5 0.041025 245 0.126921 0.999941 0.046345 ‐0.67301 0.765701
day 4 ‐ day 5 ‐0.05134 245 ‐0.15883 0.999856 ‐0.058 ‐0.77742 0.661431
day 1 ‐ day 2 ‐0.17185 245 ‐0.53164 0.984018 ‐0.19413 ‐0.91556 0.527309
day 1 ‐ day 3 ‐0.01645 245 ‐0.0509 0.999998 ‐0.01859 ‐0.73784 0.700665
day 1 ‐ day 4 ‐0.03924 245 ‐0.12141 0.999951 ‐0.04433 ‐0.76368 0.675012
day 1 ‐ day 5 ‐0.11419 245 ‐0.35328 0.996646 ‐0.129 ‐0.8492 0.591207
day 2 ‐ day 3 0.155393 245 0.480743 0.989055 0.175542 ‐0.54549 0.896578
day 2 ‐ day 4 0.1326 245 0.410229 0.994024 0.149794 ‐0.57075 0.870339
day 2 ‐ day 5 0.057654 245 0.178365 0.999772 0.06513 ‐0.65435 0.784609
day 3 ‐ day 4 ‐0.02279 245 ‐0.07051 0.999994 ‐0.02575 ‐0.74502 0.693521
day 3 ‐ day 5 ‐0.09774 245 ‐0.30238 0.998171 ‐0.11041 ‐0.83036 0.609532
day 4 ‐ day 5 ‐0.07495 245 ‐0.23186 0.999356 ‐0.08466 ‐0.80432 0.634986

AGE 2 8.27757 0.000354 AGE Young ‐ Middle 2.536574 196 3.342873 0.002843 0.559672 0.21987 0.899474
NIGHT 3 0.079903 0.970857 AGE Young ‐ Older 2.637295 196 3.47561 0.001809 0.581895 0.243562 0.920229

AGE:NIGHT 6 1.753384 0.110611 AGE Middle ‐ Older 0.100721 196 0.121721 0.991865 0.022223 ‐0.3379 0.382343
AGE 2 48.99997 28.30728 6.74E‐09 Young ‐ Middle 2.769697 53.16693 1.619623 0.246343 0.989968 ‐0.27039 2.250327
DAY 4 1496 734.2932 0 Young ‐ Older 4.869697 53.16693 2.84763 0.016918 1.740568 0.41101 3.070125

AGE:DAY 8 1496 84.18678 3.80E‐115 Middle ‐ Older 2.1 53.16693 1.126096 0.502437 0.750599 ‐0.60453 2.105733
Young ‐ Middle 6.169192 53.16693 3.607529 0.001945 2.205044 0.816527 3.59356
Young ‐ Older 10.72475 53.16693 6.27146 1.97E‐07 3.833328 2.163674 5.502982
Middle ‐ Older 4.555556 53.16693 2.442854 0.046412 1.628284 0.207383 3.049186
Young ‐ Middle 8.530303 53.16693 4.988225 2.03E‐05 3.048972 1.527227 4.570716
Young ‐ Older 13.49697 53.16693 7.89256 4.85E‐10 4.824199 2.943273 6.705125
Middle ‐ Older 4.966667 53.16693 2.663306 0.027159 1.775227 0.339019 3.211436
Young ‐ Middle 9.204545 53.16693 5.382499 5.01E‐06 3.289965 1.724945 4.854986
Young ‐ Older 15.21566 53.16693 8.897588 1.07E‐11 5.438506 3.416337 7.460676
Middle ‐ Older 6.011111 53.16693 3.223375 0.00604 2.148541 0.668412 3.62867
Young ‐ Middle 10.33232 53.16693 6.041984 4.57E‐07 3.693065 2.051288 5.334842
Young ‐ Older 17.34343 53.16693 10.14184 0 6.199034 3.993788 8.40428
Middle ‐ Older 7.011111 53.16693 3.759612 0.001218 2.50597 0.977487 4.034452
Young ‐ Middle 7.401212 49 4.41725 0.000161 2.645403 1.209166 4.081639
Young ‐ Older 12.3301 49 7.358949 5.52E‐09 4.407127 2.631304 6.18295
Middle ‐ Older 4.928889 49 2.69757 0.025425 1.761724 0.349317 3.174132
day 1 ‐ day 2 ‐7.31061 1496 ‐21.2283 7.44E‐13 ‐2.61302 ‐3.42419 ‐1.80184
day 1 ‐ day 3 ‐11.8939 1496 ‐34.5372 7.44E‐13 ‐4.25123 ‐5.53237 ‐2.97009
day 1 ‐ day 4 ‐14.7348 1496 ‐42.7865 7.44E‐13 ‐5.26665 ‐6.8435 ‐3.68981
day 1 ‐ day 5 ‐17.8182 1496 ‐51.7397 7.44E‐13 ‐6.36872 ‐8.26813 ‐4.46932
day 2 ‐ day 3 ‐4.58333 1496 ‐13.3089 7.44E‐13 ‐1.63821 ‐2.18193 ‐1.0945
day 2 ‐ day 4 ‐7.42424 1496 ‐21.5582 7.44E‐13 ‐2.65363 ‐3.47626 ‐1.83101
day 2 ‐ day 5 ‐10.5076 1496 ‐30.5115 7.44E‐13 ‐3.7557 ‐4.89341 ‐2.618
day 3 ‐ day 4 ‐2.84091 1496 ‐8.24932 8.04E‐13 ‐1.01542 ‐1.40415 ‐0.6267
day 3 ‐ day 5 ‐5.92424 1496 ‐17.2026 7.44E‐13 ‐2.11749 ‐2.79056 ‐1.44442
day 4 ‐ day 5 ‐3.08333 1496 ‐8.95326 7.86E‐13 ‐1.10207 ‐1.51091 ‐0.69323
day 1 ‐ day 2 ‐3.91111 1496 ‐9.37768 7.93E‐13 ‐1.39794 ‐1.90811 ‐0.88777
day 1 ‐ day 3 ‐6.13333 1496 ‐14.7059 7.44E‐13 ‐2.19223 ‐2.90611 ‐1.47834
day 1 ‐ day 4 ‐8.3 1496 ‐19.9009 7.44E‐13 ‐2.96665 ‐3.89347 ‐2.03984
day 1 ‐ day 5 ‐10.2556 1496 ‐24.5898 7.44E‐13 ‐3.66563 ‐4.79006 ‐2.54119
day 2 ‐ day 3 ‐2.22222 1496 ‐5.32823 1.14E‐06 ‐0.79429 ‐1.17449 ‐0.41408
day 2 ‐ day 4 ‐4.38889 1496 ‐10.5232 7.93E‐13 ‐1.56871 ‐2.1206 ‐1.01683
day 2 ‐ day 5 ‐6.34444 1496 ‐15.2121 7.44E‐13 ‐2.26768 ‐3.00189 ‐1.53348

Speed LMER Seq. Number AGE,DAY (1 + 1|ID)

Offline learning LM ΔScore AGE,NIGHT NA

Online slope LM Slope AGE,DAY NA

Online learning LMER ΔScore AGE,DAY (1 + 1|ID)

Table S3. Statistical tests run on behavioral data of the first experiment.
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day 1

day 2
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Baseline LM Score AGE NA

Training LMER Score AGE,DAY (1 + 1|ID)
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PostHoc tests
CI



Aspect Model Dependent Independent Random ANOVA param. DF num. DF den. F p Level Contrast Estimate DF t p d
ANOVA PostHoc tests

CI
day 3 ‐ day 4 ‐2.16667 1496 ‐5.19502 2.31E‐06 ‐0.77443 ‐1.15103 ‐0.39782
day 3 ‐ day 5 ‐4.12222 1496 ‐9.88386 7.90E‐13 ‐1.4734 ‐2.00181 ‐0.94499
day 4 ‐ day 5 ‐1.95556 1496 ‐4.68884 2.95E‐05 ‐0.69897 ‐1.06244 ‐0.3355
day 1 ‐ day 2 ‐1.45556 1496 ‐3.48999 0.00452 ‐0.52026 ‐0.85649 ‐0.18402
day 1 ‐ day 3 ‐3.26667 1496 ‐7.83249 8.84E‐13 ‐1.1676 ‐1.62433 ‐0.71087
day 1 ‐ day 4 ‐4.38889 1496 ‐10.5232 7.93E‐13 ‐1.56871 ‐2.1206 ‐1.01683
day 1 ‐ day 5 ‐5.34444 1496 ‐12.8144 7.44E‐13 ‐1.91026 ‐2.54938 ‐1.27113
day 2 ‐ day 3 ‐1.81111 1496 ‐4.3425 0.000146 ‐0.64734 ‐1.00235 ‐0.29233
day 2 ‐ day 4 ‐2.93333 1496 ‐7.03326 3.14E‐11 ‐1.04846 ‐1.47917 ‐0.61775
day 2 ‐ day 5 ‐3.88889 1496 ‐9.3244 7.93E‐13 ‐1.39 ‐1.89827 ‐0.88173
day 3 ‐ day 4 ‐1.12222 1496 ‐2.69075 0.055781 ‐0.40111 ‐0.72276 ‐0.07947
day 3 ‐ day 5 ‐2.07778 1496 ‐4.98189 6.96E‐06 ‐0.74266 ‐1.11362 ‐0.37169
day 4 ‐ day 5 ‐0.95556 1496 ‐2.29114 0.148234 ‐0.34154 ‐0.65712 ‐0.02597

AGE 2 72.52015 5.837485 0.00446 Young ‐ Middle ‐0.00122 75.56009 ‐0.0468 0.998793 ‐0.01294 ‐0.56385 0.537963
DAY 4 1481 10.23586 3.55E‐08 Young ‐ Older 0.06209 75.56009 2.390027 0.050087 0.661015 0.076918 1.245112
BLOCK 1 1481 19.87458 8.89E‐06 Middle ‐ Older 0.063306 75.56009 2.234595 0.071861 0.673958 0.041443 1.306473

AGE:DAY 8 1481 2.510816 0.010367 Young ‐ Middle 0.019482 75.69673 0.749573 0.734812 0.207406 ‐0.34708 0.76189
AGE:BLOCK 2 1481 3.748352 0.02378 Young ‐ Older 0.077628 75.69673 2.986752 0.010492 0.82643 0.224228 1.428631
DAY:BLOCK 4 1481 1.115982 0.34729 Middle ‐ Older 0.058146 75.69673 2.051518 0.107076 0.619024 ‐0.00887 1.246922

AGE:DAY:BLOCK 8 1481 3.131654 0.00162 Young ‐ Middle 0.014007 75.8786 0.538613 0.852564 0.149124 ‐0.40405 0.702301
Young ‐ Older 0.076204 75.8786 2.930189 0.012299 0.81127 0.210566 1.411974
Middle ‐ Older 0.062197 75.8786 2.193101 0.078833 0.662146 0.030144 1.294149
Young ‐ Middle ‐0.007 75.69673 ‐0.26946 0.960785 ‐0.07456 ‐0.62612 0.477003
Young ‐ Older 0.040223 75.69673 1.547597 0.274792 0.428218 ‐0.13708 0.993511
Middle ‐ Older 0.047227 75.69673 1.666264 0.22484 0.502778 ‐0.1161 1.121654
Young ‐ Middle ‐0.01204 75.56009 ‐0.46357 0.888484 ‐0.12821 ‐0.68039 0.423968
Young ‐ Older 0.021121 75.56009 0.813021 0.69616 0.224859 ‐0.32998 0.779696
Middle ‐ Older 0.033164 75.56009 1.170647 0.474273 0.353069 ‐0.25656 0.962701
day 1 ‐ day 2 ‐0.0376 1481 ‐3.24898 0.010396 ‐0.40034 ‐0.67249 ‐0.1282
day 1 ‐ day 3 ‐0.05016 1481 ‐4.32868 0.000156 ‐0.53405 ‐0.82557 ‐0.24252
day 1 ‐ day 4 ‐0.05014 1481 ‐4.3323 0.000153 ‐0.53383 ‐0.82507 ‐0.24259
day 1 ‐ day 5 ‐0.04937 1481 ‐4.26905 0.000202 ‐0.52555 ‐0.81529 ‐0.2358
day 2 ‐ day 3 ‐0.01256 1481 ‐1.08272 0.815519 ‐0.1337 ‐0.38278 0.115376
day 2 ‐ day 4 ‐0.01254 1481 ‐1.08231 0.815724 ‐0.13349 ‐0.38226 0.115281
day 2 ‐ day 5 ‐0.01176 1481 ‐1.01609 0.848043 ‐0.1252 ‐0.37338 0.122974
day 3 ‐ day 4 2.02E‐05 1481 0.001738 1 0.000215 ‐0.24575 0.246179
day 3 ‐ day 5 0.000798 1481 0.068888 0.999995 0.008499 ‐0.23726 0.254255
day 4 ‐ day 5 0.000778 1481 0.067232 0.999995 0.008284 ‐0.23717 0.253736
day 1 ‐ day 2 ‐0.01691 1481 ‐1.20617 0.747838 ‐0.17999 ‐0.4819 0.121911
day 1 ‐ day 3 ‐0.03494 1481 ‐2.4896 0.09349 ‐0.37198 ‐0.68901 ‐0.05495
day 1 ‐ day 4 ‐0.05593 1481 ‐3.99019 0.000661 ‐0.59545 ‐0.94031 ‐0.25058
day 1 ‐ day 5 ‐0.06019 1481 ‐4.2982 0.000178 ‐0.64081 ‐0.99239 ‐0.28924
day 2 ‐ day 3 ‐0.01803 1481 ‐1.28373 0.701327 ‐0.19198 ‐0.49515 0.111182
day 2 ‐ day 4 ‐0.03902 1481 ‐2.78143 0.04351 ‐0.41545 ‐0.73701 ‐0.0939
day 2 ‐ day 5 ‐0.04329 1481 ‐3.08802 0.017498 ‐0.46082 ‐0.78742 ‐0.13422
day 3 ‐ day 4 ‐0.02099 1481 ‐1.49426 0.566373 ‐0.22347 ‐0.52849 0.081553
day 3 ‐ day 5 ‐0.02525 1481 ‐1.79927 0.37431 ‐0.26883 ‐0.57674 0.03907
day 4 ‐ day 5 ‐0.00426 1481 ‐0.304 0.998144 ‐0.04537 ‐0.34291 0.252174
day 1 ‐ day 2 ‐0.02207 1481 ‐1.57429 0.514196 ‐0.23493 ‐0.54007 0.070216
day 1 ‐ day 3 ‐0.03605 1481 ‐2.56866 0.076765 ‐0.38379 ‐0.70203 ‐0.06555
day 1 ‐ day 4 ‐0.07201 1481 ‐5.13729 3.14E‐06 ‐0.76663 ‐1.13951 ‐0.39374
day 1 ‐ day 5 ‐0.09033 1481 ‐6.45053 1.50E‐09 ‐0.9617 ‐1.37153 ‐0.55188
day 2 ‐ day 3 ‐0.01398 1481 ‐0.99539 0.857507 ‐0.14886 ‐0.44993 0.152206
day 2 ‐ day 4 ‐0.04994 1481 ‐3.55969 0.003513 ‐0.5317 ‐0.8677 ‐0.1957
day 2 ‐ day 5 ‐0.06827 1481 ‐4.87022 1.22E‐05 ‐0.72677 ‐1.09271 ‐0.36084
day 3 ‐ day 4 ‐0.03596 1481 ‐2.5599 0.078489 ‐0.38284 ‐0.70123 ‐0.06445
day 3 ‐ day 5 ‐0.05428 1481 ‐3.86788 0.001083 ‐0.57791 ‐0.92052 ‐0.23531
day 4 ‐ day 5 ‐0.01832 1481 ‐1.30722 0.686775 ‐0.19507 ‐0.49779 0.107638

AGE 2 48.99998 27.97434 7.87E‐09 Young ‐ Middle 10.0237 57.78333 4.067446 0.000423 2.222246 0.946917 3.497575
DAY 2 410 10.36045 4.08E‐05 Young ‐ Older 15.71304 57.78333 6.376083 9.82E‐08 3.483569 1.982418 4.98472

AGE:DAY 4 410 1.726828 0.143117 Middle ‐ Older 5.689342 57.78333 2.117046 0.095219 1.261322 0.011863 2.510782
Young ‐ Middle 10.0269 57.78333 4.068742 0.000421 2.222955 0.947518 3.498391
Young ‐ Older 17.54548 57.78333 7.119656 5.63E‐09 3.88982 2.304128 5.475511
Middle ‐ Older 7.518588 57.78333 2.797722 0.018852 1.666865 0.376669 2.95706
Young ‐ Middle 11.75296 57.78333 4.76915 3.82E‐05 2.605622 1.268568 3.942676
Young ‐ Older 18.45429 57.78333 7.488433 1.37E‐09 4.0913 2.462034 5.720567
Middle ‐ Older 6.701326 57.78333 2.493612 0.040554 1.485679 0.214914 2.756443
Young ‐ Middle 10.60119 49 4.483804 0.000129 2.350274 1.087538 3.613011
Young ‐ Older 17.2376 49 7.290697 7.03E‐09 3.821563 2.275052 5.368074
Middle ‐ Older 6.636418 49 2.573952 0.034474 1.471289 0.242662 2.699915
day 5 ‐ day 10 ‐1.92449 410 ‐2.51073 0.033209 ‐0.43706 ‐0.80866 ‐0.06547
day 5 ‐ day 60 ‐0.50385 410 ‐0.65734 0.788305 ‐0.11443 ‐0.46454 0.235687
day 10 ‐ day 60 1.42064 410 1.853397 0.153786 0.322635 ‐0.03862 0.683894
day 5 ‐ day 10 ‐1.9213 410 ‐2.06973 0.09745 ‐0.43634 ‐0.87758 0.004909
day 5 ‐ day 60 1.225407 410 1.320077 0.38479 0.278297 ‐0.15166 0.708249
day 10 ‐ day 60 3.146705 410 3.389806 0.00221 0.714634 0.242825 1.186443
day 5 ‐ day 10 ‐0.09205 410 ‐0.09916 0.994594 ‐0.02091 ‐0.44298 0.401173
day 5 ‐ day 60 2.237392 410 2.410243 0.043171 0.508124 0.060234 0.956014
day 10 ‐ day 60 2.329443 410 2.509406 0.033326 0.529029 0.079036 0.979023

AGE 2 48.99995 16.57653 3.17E‐06
DAY 5 245 1.233546 0.293915

AGE:DAY 10 245 0.807684 0.621469

Accuracy LMER Per. Correct AGE,DAY,BLOCK (1 + 1|ID)

FU scores LMER Score AGE,DAY (1 + 1|ID)

Catch block scores LMER Score AGE, DAY (1 + 1|ID)
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Aspect Model Dependent Independent Random ANOVA param. DF num. DF den. F p

AGE 2 6.108802 0.00402

STIM 1 0.001996 0.964523

AGE:STIM 2 1.104202 0.33871

AGE 2 54.99973 12.39233 3.61E‐05

DAY 4 1745 392.5667 2.70E‐241

STIM 1 54.99973 1.622449 0.208107

AGE:DAY 8 1745 22.91452 1.39E‐33

AGE:STIM 2 54.99973 0.680037 0.510806

DAY:STIM 4 1745 2.72677 0.027954

AGE:DAY:STIM 8 1745 5.243177 1.67E‐06

AGE 2 54.99969 26.35831 9.38E‐09

DAY 4 1745 1152.315 0

STIM 1 54.99969 4.571259 0.036971

AGE:DAY 8 1745 92.13703 9.04E‐128

AGE:STIM 2 54.99969 0.510373 0.603087

DAY:STIM 4 1745 11.20811 5.58E‐09

AGE:DAY:STIM 8 1745 2.193037 0.025422

AGE 2 55 5.36158 0.00746

DAY 4 1745 7.115792 1.11E‐05

STIM 1 55 0.029438 0.864402

AGE:DAY 8 1745 6.245986 5.45E‐08

AGE:STIM 2 55 7.31263 0.001527

DAY:STIM 4 1745 2.190772 0.067767

AGE:DAY:STIM 8 1745 6.361158 3.66E‐08

(1 + 1|ID)

(1 + 1|ID)

(1 + 1|ID)

Score

Seq. Number

Per. Correct

AGE,DAY,STIM

AGE,DAY,STIM

AGE,DAY,STIM

Training

Speed

Accuracy

LMER

LMER

LMER

ANOVA

Table S4. Statistical tests run on behavioral data of the second experiment.

Baseline Score NAAGE,STIMLM



Aspect Model Dependent Independent Random ANOVA param. DF num. DF den. F p Level Contrast Estimate DF t p d

Baseline LM Score AGE NA AGE 2 2.2342 0.128025

Baseline accuracy LM Per. Correct AGE NA AGE 2 0.959892 0.396603

2 7.07238 0.00368 Young ‐ Middle ‐0.09889 25 ‐1.48365 0.315589 ‐0.68169 ‐1.65036 0.28698

Young ‐ Older 0.150828 25 2.20547 0.08977 1.039668 0.018751 2.060585

Middle ‐ Older 0.249722 25 3.746412 0.002633 1.721358 0.640295 2.802421

AGE 2 24.99991 12.6383 0.000161 Young ‐ Middle 2.079861 32.63027 1.18927 0.467897 0.564413 ‐0.4163 1.545122

DAY 4 800 185.2798 2.44E‐112 Young ‐ Older 2.503491 32.63027 1.395257 0.355068 0.679373 ‐0.33245 1.691193

AGE:DAY 8 800 15.42003 3.32E‐21 Middle ‐ Older 0.42363 32.63027 0.242233 0.968203 0.114961 ‐0.85163 1.081548

Young ‐ Middle 5.084451 32.63027 2.907303 0.017414 1.37977 0.328791 2.430748

Young ‐ Older 6.968115 32.63027 3.883501 0.001343 1.89094 0.748907 3.032973

Middle ‐ Older 1.883664 32.63027 1.077084 0.534798 0.511171 ‐0.46691 1.489247

Young ‐ Middle 7.55981 32.63027 4.32272 0.00039 2.051509 0.906022 3.196995

Young ‐ Older 8.244156 32.63027 4.594669 0.000179 2.23722 1.040148 3.434292

Middle ‐ Older 0.684346 32.63027 0.391311 0.91927 0.185711 ‐0.78187 1.153289

Young ‐ Middle 7.001167 32.63027 4.003287 0.000962 1.89991 0.778219 3.021601

Young ‐ Older 9.812826 32.63027 5.468927 1.40E‐05 2.662911 1.389787 3.936034

Middle ‐ Older 2.811659 32.63027 1.607714 0.256801 0.763001 ‐0.22974 1.75574

Young ‐ Middle 9.204791 32.63027 5.263325 2.56E‐05 2.497908 1.275189 3.720627

Young ‐ Older 12.6187 32.63027 7.032711 1.51E‐07 3.424343 1.996659 4.852026

Middle ‐ Older 3.413913 32.63027 1.952085 0.140464 0.926435 ‐0.07875 1.931621

Online learning D1 LM ΔScore AGE NA AGE 2 3.21531 0.057192

AGE 2 25 0.518973 0.601404

DAY 3 75 2.0123 0.119427

AGE:DAY 6 75 0.415053 0.866847

Online slope D1 LM Slope AGE NA AGE 2 3.057761 0.064869

AGE 2 24.99995 0.825421 0.449639

DAY 3 75.00003 4.078163 0.009714

AGE:DAY 6 75.00004 1.332544 0.253411

AGE 2 4.129986 0.018906 Young ‐ Middle 2.19457 100 2.000396 0.117382 0.459559 ‐0.00344 0.922554

NIGHT 3 0.620068 0.603626 Young ‐ Older 3.148837 100 2.797554 0.016858 0.65939 0.191201 1.127578

AGE:NIGHT 6 0.378325 0.891285 Middle ‐ Older 0.954267 100 0.869834 0.660507 0.199831 ‐0.25969 0.65935

AGE 2 25 13.7418 9.42E‐05 Young ‐ Middle 2.133333 27.4524 1.334487 0.388703 1.046805 ‐0.5923 2.685907

DAY 4 800 600.4129 3.67E‐239 Young ‐ Older 2.962963 27.4524 1.806523 0.186234 1.453895 ‐0.25368 3.161472

AGE:DAY 8 800 40.8779 7.82E‐55 Middle ‐ Older 0.82963 27.4524 0.518967 0.862775 0.407091 ‐1.20588 2.020059

Young ‐ Middle 4.896296 27.4524 3.062833 0.013082 2.402562 0.637909 4.167215

Young ‐ Older 6.611111 27.4524 4.030805 0.001124 3.244004 1.324549 5.163459

Middle ‐ Older 1.714815 27.4524 1.072686 0.538656 0.841442 ‐0.78682 2.469699

Young ‐ Middle 6.72963 27.4524 4.209657 0.000701 3.30216 1.409288 5.195032

Young ‐ Older 9.111111 27.4524 5.555059 1.90E‐05 4.470728 2.337861 6.603596

Middle ‐ Older 2.381481 27.4524 1.489714 0.311299 1.168568 ‐0.47804 2.815173

Young ‐ Middle 6.97963 27.4524 4.366042 0.000462 3.424832 1.512145 5.33752

Young ‐ Older 10.25926 27.4524 6.255087 2.95E‐06 5.034113 2.789462 7.278763

Middle ‐ Older 3.27963 27.4524 2.051542 0.119009 1.60928 ‐0.07095 3.289512

Young ‐ Middle 8.214815 27.4524 5.138701 5.81E‐05 4.030925 2.013176 6.048674

Young ‐ Older 11.77778 27.4524 7.180931 2.70E‐07 5.779234 3.376166 8.182302

Middle ‐ Older 3.562963 27.4524 2.228778 0.084 1.748309 0.055431 3.441187

day 1 ‐ day 2 ‐5.7963 800 ‐14.7788 0 ‐2.84418 ‐3.79017 ‐1.89819

day 1 ‐ day 3 ‐9.62963 800 ‐24.5527 0 ‐4.72516 ‐6.20704 ‐3.24328

day 1 ‐ day 4 ‐12.1296 800 ‐30.9269 0 ‐5.95188 ‐7.79385 ‐4.10992

day 1 ‐ day 5 ‐14.8148 800 ‐37.7733 0 ‐7.26948 ‐9.50213 ‐5.03682

day 2 ‐ day 3 ‐3.83333 800 ‐9.77384 0 ‐1.88098 ‐2.57307 ‐1.18888

day 2 ‐ day 4 ‐6.33333 800 ‐16.1481 0 ‐3.1077 ‐4.12663 ‐2.08877

day 2 ‐ day 5 ‐9.01852 800 ‐22.9945 0 ‐4.42529 ‐5.82001 ‐3.03058

day 3 ‐ day 4 ‐2.5 800 ‐6.37425 0 ‐1.22672 ‐1.7682 ‐0.68524

day 3 ‐ day 5 ‐5.18519 800 ‐13.2207 0 ‐2.54432 ‐3.40875 ‐1.67988

day 4 ‐ day 5 ‐2.68519 800 ‐6.84641 0 ‐1.31759 ‐1.87824 ‐0.75694

day 1 ‐ day 2 ‐3.03333 800 ‐8.15244 0 ‐1.48843 ‐2.07371 ‐0.90314

day 1 ‐ day 3 ‐5.03333 800 ‐13.5277 0 ‐2.4698 ‐3.30499 ‐1.63462

day 1 ‐ day 4 ‐7.28333 800 ‐19.5748 0 ‐3.57386 ‐4.71722 ‐2.43049

day 1 ‐ day 5 ‐8.73333 800 ‐23.4719 0 ‐4.28536 ‐5.63379 ‐2.93693

day 2 ‐ day 3 ‐2 800 ‐5.37524 9.91E‐07 ‐0.98138 ‐1.45901 ‐0.50375

day 2 ‐ day 4 ‐4.25 800 ‐11.4224 0 ‐2.08543 ‐2.8186 ‐1.35226

day 2 ‐ day 5 ‐5.7 800 ‐15.3194 0 ‐2.79693 ‐3.72158 ‐1.87228

day 3 ‐ day 4 ‐2.25 800 ‐6.04714 1.51E‐08 ‐1.10405 ‐1.60555 ‐0.60255

day 3 ‐ day 5 ‐3.7 800 ‐9.94419 0 ‐1.81555 ‐2.47988 ‐1.15123

day 4 ‐ day 5 ‐1.45 800 ‐3.89705 0.000998 ‐0.7115 ‐1.14321 ‐0.27979

day 1 ‐ day 2 ‐2.14815 800 ‐5.47713 5.69E‐07 ‐1.05407 ‐1.56124 ‐0.54691

day 1 ‐ day 3 ‐3.48148 800 ‐8.87673 0 ‐1.70833 ‐2.35823 ‐1.05843

day 1 ‐ day 4 ‐4.83333 800 ‐12.3235 0 ‐2.37167 ‐3.19001 ‐1.55332

day 1 ‐ day 5 ‐6 800 ‐15.2982 0 ‐2.94414 ‐3.91767 ‐1.9706

day 2 ‐ day 3 ‐1.33333 800 ‐3.3996 0.006351 ‐0.65425 ‐1.09562 ‐0.21289

day 2 ‐ day 4 ‐2.68519 800 ‐6.84641 0 ‐1.31759 ‐1.87824 ‐0.75694

day 2 ‐ day 5 ‐3.85185 800 ‐9.82106 0 ‐1.89006 ‐2.58442 ‐1.19571

day 3 ‐ day 4 ‐1.35185 800 ‐3.44681 0.005387 ‐0.66334 ‐1.10594 ‐0.22074

day 3 ‐ day 5 ‐2.51852 800 ‐6.42146 0 ‐1.23581 ‐1.77918 ‐0.69245

day 4 ‐ day 5 ‐1.16667 800 ‐2.97465 0.0251 ‐0.57247 ‐1.00332 ‐0.14162

AGE 2 24.99996 6.075138 0.007075 Young ‐ Middle ‐0.06364 35.37045 ‐1.55259 0.27931 ‐0.6517 ‐1.52556 0.222155

DAY 4 800 17.144 1.68E‐13 Young ‐ Older 0.124837 35.37045 2.968616 0.014414 1.278457 0.324453 2.232462

AGE:DAY 8 800 4.508314 2.25E‐05 Middle ‐ Older 0.188473 35.37045 4.598326 0.000153 1.930162 0.901015 2.959308

Young ‐ Middle ‐0.03252 35.37045 ‐0.79335 0.709508 ‐0.33301 ‐1.19064 0.524622

Young ‐ Older 0.14517 35.37045 3.452149 0.004066 1.486695 0.506044 2.467345

Middle ‐ Older 0.177687 35.37045 4.335181 0.000332 1.819706 0.808736 2.830676

Young ‐ Middle ‐0.01486 35.37045 ‐0.36248 0.930278 ‐0.15215 ‐1.00519 0.700889

Young ‐ Older 0.061324 35.37045 1.458285 0.322883 0.628022 ‐0.26591 1.52195

Middle ‐ Older 0.076181 35.37045 1.85865 0.165728 0.780174 ‐0.10306 1.663407

Young ‐ Middle ‐0.02676 35.37045 ‐0.65289 0.791957 ‐0.27405 ‐1.12982 0.581711

Young ‐ Older 0.080799 35.37045 1.92139 0.147543 0.827461 ‐0.08089 1.735809

Middle ‐ Older 0.107559 35.37045 2.624194 0.033275 1.101514 0.18815 2.014877

Young ‐ Middle ‐0.01066 35.37045 ‐0.26 0.963459 ‐0.10914 ‐0.96159 0.743315

Young ‐ Older 0.071427 35.37045 1.698545 0.219854 0.731492 ‐0.16945 1.632436

Middle ‐ Older 0.082084 35.37045 2.002672 0.126358 0.840628 ‐0.04756 1.728812

day 1 ‐ day 2 ‐0.04374 800 ‐2.32756 0.13722 ‐0.44794 ‐0.86085 ‐0.03503

day 1 ‐ day 3 ‐0.05876 800 ‐3.12669 0.015702 ‐0.60173 ‐1.03178 ‐0.17168

day 1 ‐ day 4 ‐0.05397 800 ‐2.87216 0.033935 ‐0.55275 ‐0.97687 ‐0.12862

day 1 ‐ day 5 ‐0.07742 800 ‐4.11972 0.000402 ‐0.79284 ‐1.24979 ‐0.33589

day 2 ‐ day 3 ‐0.01502 800 ‐0.79913 0.930852 ‐0.15379 ‐0.54704 0.239457

day 2 ‐ day 4 ‐0.01023 800 ‐0.54459 0.982589 ‐0.10481 ‐0.49661 0.286998

day 2 ‐ day 5 ‐0.03368 800 ‐1.79215 0.378822 ‐0.3449 ‐0.74885 0.059053

day 3 ‐ day 4 0.004783 800 0.254535 0.999075 0.048985 ‐0.34184 0.439809

day 3 ‐ day 5 ‐0.01866 800 ‐0.99302 0.858529 ‐0.19111 ‐0.58582 0.203605

day 4 ‐ day 5 ‐0.02344 800 ‐1.24756 0.723353 ‐0.24009 ‐0.63719 0.157008

day 1 ‐ day 2 ‐0.01262 800 ‐0.70791 0.954707 ‐0.12925 ‐0.50177 0.243273

day 1 ‐ day 3 ‐0.00998 800 ‐0.55967 0.980728 ‐0.10218 ‐0.47395 0.269585

day 1 ‐ day 4 ‐0.0171 800 ‐0.95904 0.873316 ‐0.1751 ‐0.54929 0.199097

day 1 ‐ day 5 ‐0.02444 800 ‐1.37079 0.646622 ‐0.25027 ‐0.62827 0.127727

day 2 ‐ day 3 0.002643 800 0.148248 0.999891 0.027066 ‐0.34353 0.397661

day 2 ‐ day 4 ‐0.00448 800 ‐0.25112 0.999123 ‐0.04585 ‐0.41661 0.324912

day 2 ‐ day 5 ‐0.01182 800 ‐0.66288 0.964192 ‐0.12102 ‐0.4933 0.251247

day 3 ‐ day 4 ‐0.00712 800 ‐0.39937 0.994636 ‐0.07291 ‐0.44406 0.298234

day 3 ‐ day 5 ‐0.01446 800 ‐0.81113 0.927235 ‐0.14809 ‐0.52124 0.225056

day 4 ‐ day 5 ‐0.00734 800 ‐0.41176 0.993967 ‐0.07518 ‐0.44637 0.296012

day 1 ‐ day 2 ‐0.02341 800 ‐1.24553 0.724568 ‐0.2397 ‐0.63678 0.157377

day 1 ‐ day 3 ‐0.12227 800 ‐6.50646 0 ‐1.25217 ‐1.79337 ‐0.71097

day 1 ‐ day 4 ‐0.09801 800 ‐5.2156 2.31E‐06 ‐1.00374 ‐1.49642 ‐0.51107

day 1 ‐ day 5 ‐0.13083 800 ‐6.96183 0 ‐1.33981 ‐1.89948 ‐0.78013

day 2 ‐ day 3 ‐0.09886 800 ‐5.26092 1.82E‐06 ‐1.01247 ‐1.50673 ‐0.5182

day 2 ‐ day 4 ‐0.07461 800 ‐3.97007 0.000745 ‐0.76404 ‐1.21658 ‐0.3115

day 2 ‐ day 5 ‐0.10742 800 ‐5.7163 1.46E‐07 ‐1.1001 ‐1.61086 ‐0.58934

day 3 ‐ day 4 0.024258 800 1.290853 0.696966 0.248425 ‐0.14913 0.645984

day 3 ‐ day 5 ‐0.00856 800 ‐0.45538 0.991132 ‐0.08764 ‐0.47906 0.30379

day 4 ‐ day 5 ‐0.03282 800 ‐1.74623 0.406178 ‐0.33606 ‐0.73935 0.067223

AGE 2 25 12.07554 0.000214 Young ‐ Middle 7.681741 31.64578 2.953826 0.015768 1.911783 0.473198 3.350368

DAY 2 218 10.40153 4.85E‐05 Young ‐ Older 11.81251 31.64578 4.427201 0.000305 2.939823 1.323855 4.555791

AGE:DAY 4 218 1.377101 0.24284 Middle ‐ Older 4.130771 31.64578 1.588387 0.265335 1.02804 ‐0.32658 2.382655

Young ‐ Middle 8.009999 31.64578 3.080049 0.011538 1.993478 0.544917 3.442039

Young ‐ Older 12.22752 31.64578 4.582741 0.000196 3.043107 1.409969 4.676245

Middle ‐ Older 4.217519 31.64578 1.621744 0.25147 1.049629 ‐0.30648 2.405739

Young ‐ Middle 10.30596 31.64578 3.962904 0.001119 2.564881 1.037311 4.092451

Table S5. Statistical tests run on behavioral and electrophysiological data from the placebo groups of the second experiment.

day 4

day 5

ANOVA

Block 1 accuracy AGELM

LMER

LMER

LMER

LM

LMER

LMER

Training

Online learning D2‐D5

Online slope D2‐D5

Offline learning

Speed

Accuracy

Per. Correct

Score

ΔScore

Slope

ΔScore

Seq. Number
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NA

(1 + 1|ID)

(1 + 1|ID)
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NA
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AGE,NIGHT
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Older

Young
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day 10

day 1

day 2

day 3

day 3

day 4

day 5

day 1

day 2

day 5

day 5



Aspect Model Dependent Independent Random ANOVA param. DF num. DF den. F p Level Contrast Estimate DF t p d

ANOVA PostHoc tests

CI

Young ‐ Older 11.73988 31.64578 4.399979 0.00033 2.921747 1.308741 4.534753

Middle ‐ Older 1.433923 31.64578 0.55138 0.84652 0.356866 ‐0.96641 1.680145

day 5 ‐ day 10 ‐0.60415 218 ‐0.55244 0.845334 ‐0.15036 ‐0.70682 0.406107

day 5 ‐ day 60 1.403806 218 1.283668 0.405902 0.34937 ‐0.2151 0.913843

day 10 ‐ day 60 2.007953 218 1.836113 0.160307 0.499727 ‐0.07486 1.074318

day 5 ‐ day 10 ‐0.27589 218 ‐0.26593 0.961775 ‐0.06866 ‐0.59523 0.457908

day 5 ‐ day 60 4.028022 218 3.882544 0.000402 1.002468 0.396191 1.608746

day 10 ‐ day 60 4.303911 218 4.148469 0.000142 1.07113 0.454343 1.687917

day 5 ‐ day 10 ‐0.18914 218 ‐0.17295 0.983646 ‐0.04707 ‐0.60188 0.507735

day 5 ‐ day 60 1.331174 218 1.217252 0.444252 0.331294 ‐0.23219 0.894782

day 10 ‐ day 60 1.520315 218 1.390207 0.347788 0.378366 ‐0.18779 0.944524

AGE 2 25 8.715846 0.001343

DAY 5 125 2.02342 0.079779

AGE:DAY 10 125 0.783287 0.644731

SICIrest at Baseline LM SICI ratio (SICI/Test) AGE NA AGE 2 0.097957 0.907064

AGE 2 0.268557 0.765672

TimePoint 1 0.02577 0.873166

AGE:TimePoint 2 0.111119 0.895071

AGE 2 0.034383 0.966226

TimePoint 1 0.803903 0.374499

AGE:TimePoint 2 0.244467 0.784112

AGE,TimePoint

NA

NALM

SICIrest change Tr. D1

SICIrest change Tr. Week

ΔSICI ratio

ΔSICI ratio

LM AGE,TimePoint

FU scores

Catch blocks

LMER

LMER

Score

Score

AGE,DAY

AGE,DAY

(1 + 1|ID)

(1 + 1|ID)

Young

Older

day 60

Middle



Aspect Age Group Model Dependent Independent Random ANOVA param. DF num. DF den. F p Level Contrast Estimate DF t p d

Young STIM 1 0.52376 0.479083

Middle 1 1.849072 0.191654

Older 1 0.015125 0.903289

Young STIM 1 1.229327 0.282978

Middle 1 2.850293 0.109615

Older 1 0.038756 0.845826

STIM 1 17 0.090493 0.767199 day 1 0.582313 20.04746 0.196147 0.84647 0.116902 ‐1.12665 1.360452

DAY 4 543 151.4861 6.11E‐87 day 2 1.5869 20.04746 0.534534 0.598851 0.318578 ‐0.92831 1.565463

STIM:DAY 4 543 5.150391 0.000444 day 3 2.201949 20.04746 0.741708 0.466866 0.442052 ‐0.80839 1.692493

day 4 2.597604 20.04746 0.874981 0.391947 0.521482 ‐0.73185 1.774814

day 5 ‐2.68403 20.04746 ‐0.90409 0.376683 ‐0.53883 ‐1.79286 0.715193

STIM 1 17 0.027385 0.870515 day 1 ‐1.45057 20.31419 ‐0.71386 0.483438 ‐0.41001 ‐1.61351 0.793501

DAY 4 543 140.4404 2.48E‐82 day 2 ‐0.36435 20.31419 ‐0.1793 0.859477 ‐0.10298 ‐1.3003 1.094332

STIM:DAY 4 543 3.380069 0.009564 day 3 1.051544 20.31419 0.517486 0.610406 0.297221 ‐0.90315 1.497596

day 4 0.787435 20.31419 0.387513 0.702407 0.22257 ‐0.97628 1.421418

day 5 1.583947 20.31419 0.779492 0.444677 0.447705 ‐0.75707 1.652481

STIM 1 20.99994 4.997128 0.03638 day 1 2.771352 24.74045 1.682165 0.105118 0.934891 ‐0.24504 2.114822

DAY 4 659 95.52916 4.39E‐64 day 2 4.138842 24.74045 2.512208 0.018897 1.396202 0.174931 2.617473

STIM:DAY 4 659 2.719338 0.028847 day 3 2.583184 24.74045 1.56795 0.129596 0.871414 ‐0.30402 2.046852

day 4 3.622439 24.74045 2.19876 0.03747 1.221998 0.018087 2.425908

day 5 4.558031 24.74045 2.766649 0.010556 1.537611 0.300761 2.774462

Young LM ΔScore STIM NA STIM 1 0.005869 0.93983

Middle LM ΔScore STIM NA STIM 1 0.091144 0.766389

Older LM ΔScore STIM NA STIM 1 9.192547 0.006341 day 1 Verum vs. Placebo 3.619165 21 3.031921 0.006341 1.295378 0.322132 2.268624

STIM 1 17 0.170196 0.685094

DAY 3 51 1.493668 0.227352

STIM:DAY 3 51 0.228043 0.876449

STIM 1 0.130912 0.71861

DAY 3 3.70962 0.015589

STIM:DAY 3 0.282582 0.837797

STIM 1 21 0.007162 0.933356

DAY 3 63 1.337383 0.270225

STIM:DAY 3 63 0.504896 0.6803

Young LM Slope STIM NA STIM 1 0.007103 0.933821

Middle LM Slope STIM NA STIM 1 0.226887 0.639907

Older LM Slope STIM NA STIM 1 7.228349 0.013754 day 1 Verum vs. Placebo 3.499548 21 2.688559 0.013754 1.148678 0.192907 2.104449

STIM 1 17 0.001108 0.973835

DAY 3 51 2.221858 0.096831

STIM:DAY 3 51 0.61681 0.607289

STIM 1 1.038524 0.311777

DAY 3 7.939899 0.000129

STIM:DAY 3 1.413525 0.246378

Slope STIM 1 21.00008 0.229233 0.637041

Slope DAY 3 62.99986 1.757451 0.16441

Slope STIM:DAY 3 62.99986 0.49405 0.687702

STIM 1 0.0229 0.880166

NIGHT 3 0.147828 0.930739

STIM:NIGHT 3 0.447888 0.719593

STIM 1 0.210953 0.647487

NIGHT 3 1.281362 0.2878

STIM:NIGHT 3 0.125095 0.944954

STIM 1 0.040191 0.841592

NIGHT 3 1.314234 0.275203

STIM:NIGHT 3 1.630893 0.188352

STIM 1 17 2.078396 0.167566 day 1 1.416667 18.36444 0.536224 0.59824 0.462183 ‐1.35172 2.276081

DAY 4 543 511.9617 1.21E‐182 day 2 3.103704 18.36444 1.174786 0.255089 1.012572 ‐0.82261 2.847754

STIM:DAY 4 543 6.612859 3.35E‐05 day 3 4.52037 18.36444 1.71101 0.103918 1.474755 ‐0.39015 3.339664

day 4 4.787037 18.36444 1.811946 0.08638 1.561754 ‐0.30992 3.433428

day 5 4.851852 18.36444 1.836479 0.082529 1.5829 ‐0.29047 3.456273

STIM 1 16.99999 2.2041 0.15595 day 1 0.948148 19.20977 0.61181 0.547837 0.421402 ‐1.02501 1.867819

DAY 4 543 330.4279 6.51E‐144 day 2 1.896296 19.20977 1.22362 0.235893 0.842805 ‐0.62102 2.306629

STIM:DAY 4 543 3.795345 0.0047 day 3 2.859259 19.20977 1.84499 0.080514 1.270791 ‐0.22213 2.763708

day 4 2.553704 19.20977 1.647825 0.115649 1.134988 ‐0.34749 2.617463

day 5 2.9 19.20977 1.871279 0.076617 1.288899 ‐0.20549 2.783291

STIM 1 21 0.496911 0.488606

DAY 4 659 264.3163 2.17E‐135

STIM:DAY 4 659 0.703884 0.589453

STIM 1 17 0.155273 0.698446 day 1 0.00426 22.85555 0.129455 0.89813 0.058486 ‐0.8766 0.993576

DAY 4 543 6.412699 4.78E‐05 day 2 ‐0.00041 22.85555 ‐0.01236 0.990247 ‐0.00558 ‐0.9405 0.929338

STIM:DAY 4 543 5.873906 0.000124 day 3 0.001119 22.85555 0.034016 0.97316 0.015368 ‐0.91956 0.950299

day 4 0.005933 22.85555 0.180319 0.858491 0.081466 ‐0.85378 1.016716

day 5 ‐0.0711 22.85555 ‐2.16077 0.041439 ‐0.97621 ‐1.95743 0.00501

day 1 ‐ day 2 ‐0.03907 543 ‐2.93848 0.028267 ‐0.53649 ‐0.94824 ‐0.12474

day 2 ‐ day 3 ‐0.01654 543 ‐1.24411 0.725431 ‐0.22714 ‐0.61126 0.156976

day 3 ‐ day 4 ‐3.08E‐05 543 ‐0.00232 1 ‐0.00042 ‐0.37824 0.377393

day 4 ‐ day 5 0.053588 543 4.030032 0.000608 0.73578 0.296299 1.175261

day 1 ‐ day 2 ‐0.04374 543 ‐3.1206 0.016238 ‐0.60056 ‐1.03895 ‐0.16217

day 2 ‐ day 3 ‐0.01502 543 ‐1.07141 0.821188 ‐0.20619 ‐0.60938 0.196999

day 3 ‐ day 4 0.004783 543 0.341259 0.99708 0.065675 ‐0.33308 0.464432

day 4 ‐ day 5 ‐0.02344 543 ‐1.67262 0.451833 ‐0.3219 ‐0.73208 0.088289

STIM 1 17 4.111138 0.058575 day 1 ‐0.14785 21.71704 ‐3.39216 0.002655 ‐1.67475 ‐2.82044 ‐0.52907

DAY 4 543 13.05669 3.69E‐10 day 2 ‐0.10713 21.71704 ‐2.45805 0.022432 ‐1.21357 ‐2.30346 ‐0.12368

STIM:DAY 4 543 7.065989 1.50E‐05 day 3 ‐0.06873 21.71704 ‐1.57692 0.12927 ‐0.77855 ‐1.83055 0.273456

day 4 ‐0.04822 21.71704 ‐1.10623 0.280733 ‐0.54616 ‐1.58437 0.492054

day 5 ‐0.04364 21.71704 ‐1.0013 0.327711 ‐0.49435 ‐1.53013 0.541425

STIM 1 21 9.092071 0.006587 day 1 0.113522 35.17942 2.841075 0.00743 0.927315 0.20904 1.64559

DAY 4 659 3.554149 0.007023 day 2 0.171254 35.17942 4.28591 0.000134 1.398903 0.615213 2.182592

STIM:DAY 4 659 4.054401 0.002959 day 3 0.0529 35.17942 1.323904 0.194073 0.432117 ‐0.24288 1.107118

day 4 0.100713 35.17942 2.520517 0.016405 0.822686 0.115919 1.529453

day 5 0.09076 35.17942 2.271434 0.029345 0.741386 0.042722 1.44005

STIM 1 16.99982 0.293404 0.595076 day 5 ‐ day 10 ‐0.94675 148 ‐1.03171 0.558089 ‐0.19353 ‐0.58954 0.202492

DAY 2 148.0001 3.47365 0.033554 day 5 ‐ day 60 1.454159 148 1.584657 0.255451 0.297245 ‐0.10481 0.699304

STIM:DAY 2 148.0001 0.10859 0.897169 day 10 ‐ day 60 2.400907 148 2.616369 0.02638 0.490771 0.071136 0.910406

STIM 1 17 0.706449 0.412291 day 5 ‐ day 10 ‐1.54311 148 ‐2.12247 0.088768 ‐0.39813 ‐0.80832 0.012069

DAY 2 148 14.3154 2.07E‐06 day 5 ‐ day 60 2.321085 148 3.192525 0.004877 0.598845 0.166169 1.03152

STIM:DAY 2 148 2.971993 0.054266 day 10 ‐ day 60 3.864197 148 5.314991 1.15E‐06 0.996971 0.499612 1.49433

STIM 1 20.99996 5.698807 0.026458 stim Verum vs. Placebo 4.916899 21 2.387217 0.026458 1.490656 0.113987 2.867324

DAY 2 180 5.581149 0.00445 day 5 ‐ day 10 ‐0.43619 182 ‐0.79852 0.70441 ‐0.13595 ‐0.48853 0.21663

STIM:DAY 2 180 0.122867 0.884456 day 5 ‐ day 60 1.409152 182 2.57971 0.028644 0.439199 0.064565 0.813833

day 10 ‐ day 60 1.845337 182 3.378226 0.002558 0.575147 0.183955 0.96634

Young LM SICI ratio (SICI/Test) STIM NA STIM 1 1.209097 0.287781

Middle LM SICI ratio (SICI/Test) STIM NA STIM 1 1.625375 0.221739

Older LM SICI ratio (SICI/Test) STIM NA STIM 1 0.076384 0.78603

STIM 1 2.838527 0.101759

TimePoint 1 0.251919 0.619163

STIM:TimePoint 1 0.016824 0.897611

STIM 1 2.457586 0.127807

TimePoint 1 0.039016 0.844795

STIM:TimePoint 1 0.007487 0.931641

STIM 1 0.016204 0.899556

TimePoint 1 0.002271 0.962305

STIM:TimePoint 1 0.2572 0.615758

STIM 1 0.979849 0.329662

TimePoint 1 0.14306 0.707755

STIM:TimePoint 1 0.111089 0.741082

STIM 1 0.895513 0.351306

TimePoint 1 0.080159 0.778965

STIM:TimePoint 1 0.692909 0.411544

STIM 1 0.027865 0.868548

TimePoint 1 0.45041 0.507275

STIM:TimePoint 1 0.018168 0.89368

Verum vs. Placebo

Verum vs. Placebo

Table S6. Statistical tests run on data from the second experiment, comparing verum and placebo groups for each age group.

Verum vs. Placebo

Verum vs. Placebo

Verum vs. Placebo

Verum vs. Placebo

Verum vs. Placebo

Verum vs. Placebo

(1 + 1|ID)

(1 + 1|ID)

NA

NA

NA

(1 + 1|ID)

(1 + 1|ID)

(1 + 1|ID)

(1 + 1|ID)

NA

(1 + 1|ID)

(1 + 1|ID)

NA

STIM,NIGHT

STIM,NIGHT

NA

Verum

Placebo

day

day

day
(1 + 1|ID)

NA

NA

NA

NA

NA

(1 + 1|ID)

(1 + 1|ID)

(1 + 1|ID)

(1 + 1|ID)

(1 + 1|ID)

STIM,DAY

STIM,DAY

STIM,DAY

STIM,TimePoint

STIM,TimePoint

STIM,TimePoint

STIM,TimePoint

STIM,TimePoint

STIM,TimePoint

STIM,DAY

STIM,DAY

STIM,DAY

STIM,DAY

STIM,DAY

STIM,DAY

STIM

STIM,DAY

STIM,DAY

STIM,DAY

Per. Correct

Per. Correct

Score

Score

Score

ΔScore

ΔScore

Seq. Number

Seq. Number

Seq. Number

Per. Correct

ΔScore

ΔScore

STIM,NIGHT

STIM,DAY

STIM,DAY

STIM,DAY

STIM,DAY

STIM,DAY

STIM,DAY

LM

LM

LM

LM

LM

LMER

LM

ΔSICI ratio

ΔSICI ratio

ΔSICI ratio

ΔSICI ratio

ΔSICI ratio

ΔSICI ratio

LMER

LM

LMER

LMER

LM

LMER

LM

ΔScore

Slope

Slope

ΔScore

LMER

Older

Young

Middle

Older

Young

Middle

Older

Young

Middle

Older

Young

Middle

Older

Young

LMER

LMER

LMER

LMER

LM

LM

LMER

LMER

LMER

Middle

Accuracy

FU scores

SICI at Baseline

SICIrest change Tr. D1

SICIrest change Tr. Week

Offline learning

Speed

Older

Young

Middle

Older

Young

Middle

Online learning D1

Online learning D2‐D5

Online slope D1

Online slope D2‐D5 Middle

Older

Young

ANOVA

Baseline

Block 1 accuracy

Training

NA

NA

(1 + 1|ID)

(1 + 1|ID)

PostHoc tests

CI

Young

Middle

Older

LM

LM

LMER

LMER

LMER

Score

Per. Correct

Score

Score

Score

STIM



Aspect Model Dependent Independent Random ANOVA param. DF num. DF den. F p Level Contrast Estimate DF t p d

Baseline speed LM Seq. Number LABEL NA LABEL 1 6.0615 0.029928 BL YoungLike ‐ OldLike 4.208333 12 2.462011 0.029928 1.329638 0.077816 2.581461

Block 1 speed LM Seq. Number LABEL NA LABEL 1 6.817824 0.022756 B1 YoungLike ‐ OldLike 4.25 12 2.611096 0.022756 1.410153 0.149271 2.671036

Block 1 accuracy LM Per. Correct LABEL NA LABEL 1 0.097421 0.760304

LABEL 1 12 23.68295 0.000387 day 1 3.896406 16.15486 2.569147 0.020478 1.361515 0.16111 2.56192

DAY 4 398 84.58827 6.20E‐52 day 2 6.578695 16.15486 4.337749 0.000499 2.298783 0.966261 3.631304

LABEL:DAY 4 398 9.701391 1.70E‐07 day 3 7.004135 16.15486 4.618268 0.000278 2.447443 1.089343 3.805544

day 4 7.411037 16.15486 4.886565 0.00016 2.589626 1.206045 3.973207

day 5 9.362692 16.15486 6.173414 1.28E‐05 3.27159 1.753634 4.789546

LABEL 1 35.0624 7.62E‐08

BLOCK 1 27.45138 1.28E‐06

LABEL:BLOCK 1 2.214154 0.140681

LABEL 1 289.9642 3.54E‐47

BLOCK 1 13.87193 0.00023

LABEL:BLOCK 1 0.083031 0.773411

DAY 4 398 224.2692 1.49E‐100 day 1 2.777778 13.2841 1.941788 0.073675 1.719401 ‐0.26609 3.704889

LABEL 1 11.99999 16.75407 0.00149 day 2 5.590278 13.2841 3.907848 0.001731 3.460294 1.257319 5.663269

DAY:LABEL 4 398 26.0044 3.62E‐19 day 3 6.180556 13.2841 4.320478 0.000792 3.825667 1.562478 6.088856

day 4 6.270833 13.2841 4.383586 0.000704 3.881547 1.608767 6.154328

day 5 7.722222 13.2841 5.39817 0.000113 4.779934 2.340342 7.219527

LABEL 1 44.78938 2.75E‐09 Slope D1 YoungLike ‐ OldLike 0.547619 80 2.850178 0.005555 0.290895 0.070579 0.511211

BLOCK 1 27.93586 1.06E‐06

LABEL:BLOCK 1 8.123515 0.005555

LABEL 1 305.058 6.53E‐49

BLOCK 1 13.34315 0.000301

LABEL:BLOCK 1 1.296887 0.255604

LABEL 1 12 0.007673 0.931642 day 1 ‐ day 2 ‐0.08039 398 ‐4.57962 6.10E‐05 ‐0.71397 ‐1.10482 ‐0.32313

DAY 4 398 11.02619 1.72E‐08 day 1 ‐ day 3 ‐0.05978 398 ‐3.40553 0.0065 ‐0.53093 ‐0.89339 ‐0.16847

LABEL:DAY 4 398 0.305363 0.874357 day 1 ‐ day 4 ‐0.08503 398 ‐4.84412 1.80E‐05 ‐0.75521 ‐1.15326 ‐0.35715

day 1 ‐ day 5 ‐0.10883 398 ‐6.19978 1.41E‐08 ‐0.96656 ‐1.40542 ‐0.5277

day 2 ‐ day 3 0.020609 398 1.17409 0.766217 0.183043 ‐0.14569 0.511781

day 2 ‐ day 4 ‐0.00464 398 ‐0.2645 0.998922 ‐0.04124 ‐0.3654 0.28293

day 2 ‐ day 5 ‐0.02844 398 ‐1.62016 0.485326 ‐0.25259 ‐0.58562 0.080446

day 3 ‐ day 4 ‐0.02525 398 ‐1.43859 0.603055 ‐0.22428 ‐0.55541 0.106847

day 3 ‐ day 5 ‐0.04905 398 ‐2.79425 0.043143 ‐0.43563 ‐0.78596 ‐0.0853

day 4 ‐ day 5 ‐0.0238 398 ‐1.35566 0.656414 ‐0.21135 ‐0.54168 0.118976

(1 + 1|ID)

(1 + 1|ID)

YoungLike ‐ OldLike

YoungLike ‐ OldLike

Day

(1 + 1|ID)

NA

NA

NA

NA

Seq. Number

Seq. Number

Per. Correct

LABEL,DAY

LABEL,BLOCK

LABEL,BLOCK

LABEL,DAY

LABEL,BLOCK

LABEL,BLOCK

LABEL,Day

Seq. Number

LM

LMER Score

Slope

SlopeLM

LMER

LM

LM

LMER

Speed slope D2‐D5

Online slope D1

Online slope D2‐D5

Speed

Speed slope D1

Accuracy

ANOVA

Table S7. Statistical tests run on data from the second experiment, comparing young‐like and old‐like older adults in the verum group. Labels are either "Young‐like" or "Old‐Like"

CI

PostHoc tests

Training



Aspect AGE group Model Dependent Independent Random Parameters DF num. DF den. F p Level Contrast DF Estimate t p d

AGE 2 45.68067 0.073668 0.92909

DAY 4 1767 3.033341 0.016632

BLOCK 1 1767 86.29617 4.40E‐20

AGE:DAY 8 1767 2.666987 0.006527

AGE:BLOCK 2 1767 7.506309 0.000567

DAY:BLOCK 4 1767 0.699577 0.592234

AGE:DAY:BLOCK 8 1767 1.221993 0.281869

DAY 4 849 6.482129 3.86E‐05 D1‐D2 849 1.060739 8.743712 0 0.932083 0.573233 1.290933

BLOCK 1 849 14.14725 0.000181 D2‐D3 849 0.044119 0.363677 0.996265 0.038768 ‐0.18149 0.259026

DAY:BLOCK 4 849 0.290771 0.884045 D3‐D4 849 ‐0.2894 ‐2.38556 0.120209 ‐0.2543 ‐0.48745 ‐0.02115

D4‐D5 849 0.067699 0.558045 0.980936 0.059488 ‐0.1612 0.280173

DAY 4 381 2.293873 0.058878

BLOCK 1 381 17.26319 4.02E‐05

DAY:BLOCK 4 381 0.487373 0.745025

DAY 4 537 0.40211 0.807169 D1 slope over BLOCKs 97 0.227049 6.395316 5.64E‐09 1.430036 0.156587 0.297512

BLOCK 1 537 84.79408 7.39E‐19 D2 slope over BLOCKs 97 0.234001 7.023921 2.98E‐10 1.570596 0.16788 0.300122

DAY:BLOCK 4 537 2.954083 0.019644 D3 slope over BLOCKs 97 0.132602 3.776207 0.000275 0.844386 0.062908 0.202296

D4 slope over BLOCKs 97 0.091858 4.088568 8.96E‐05 0.914232 0.047267 0.136449

D5 slope over BLOCKs 97 0.111586 5.220472 1.02E‐06 1.167333 0.069163 0.154009

Att.Diff. 1 131.6857 0.50656 0.477891

AGE 2 49.97175 4.049703 0.023444

NIGHT 3 125.9367 0.639795 0.590779

Att.Diff.:AGE 2 128.0689 0.643882 0.526941

Att.Diff.:NIGHT 3 148.6348 0.641049 0.589766

AGE:NIGHT 6 125.8198 1.922057 0.082178

Att.Diff.:AGE:NIGHT 6 147.862 1.183845 0.318009

AGE 2 45.71778 0.073813 0.928956

DAY 4 1767 2.244268 0.062122

BLOCK 1 1767 27.6279 1.65E‐07

AGE:DAY 8 1767 6.368921 3.55E‐08

AGE:BLOCK 2 1767 9.813098 5.78E‐05

DAY:BLOCK 4 1767 1.219599 0.300426

AGE:DAY:BLOCK 8 1767 1.344472 0.216789

DAY 4 849 12.24022 1.11E‐09 D1‐D2 849 1.384631 10.02207 0.00E+00 1.068356 0.676615 1.460097

BLOCK 1 849 0.358259 5.50E‐01 D2‐D3 849 ‐0.02548 ‐0.18445 1.00E+00 ‐0.01966 ‐0.2393 0.199975

DAY:BLOCK 4 849 0.171086 9.53E‐01 D3‐D4 849 0.067557 0.488982 9.88E‐01 0.052126 ‐0.168 0.272251

D4‐D5 849 ‐0.34795 ‐2.51852 8.75E‐02 ‐0.26848 ‐0.50268 ‐0.03427

DAY 4 381 0.576733 0.679676

BLOCK 1 381 7.047336 0.008271

DAY:BLOCK 4 381 0.552292 0.697463

DAY 4 537 2.094641 0.080233 D1 slope over BLOCKs 97 0.236446 7.241042 1.06E‐10 1.619146 0.171637 0.301254

BLOCK 1 537 54.27314 6.62E‐13 D2 slope over BLOCKs 97 0.171471 5.743798 1.06E‐07 1.284352 0.112221 0.230722

DAY:BLOCK 4 537 4.144151 0.002577 D3 slope over BLOCKs 97 0.096373 2.979695 0.003646 0.66628 0.032181 0.160566

D4 slope over BLOCKs 97 0.033703 1.433857 0.154829 0.32062 ‐0.01295 0.080355

D5 slope over BLOCKs 97 0.096042 4.833883 5.02E‐06 1.080889 0.056608 0.135475

Fatg.Diff. 1 147.2008 0.722465 0.396717

AGE 2 45.16342 4.983619 0.011073

NIGHT 3 123.0322 0.569456 0.63616

Fatg.Diff.:AGE 2 133.9185 0.519881 0.595786

Fatg.Diff.:NIGHT 3 151.4781 0.916891 0.434319

AGE:NIGHT 6 123.0875 2.222761 0.045227

Fatg.Diff.:AGE:NIGHT 6 149.2243 0.252344 0.957714

DAY,BLOCK

(1 + 1|ID)

(1 + 1|ID)

DAY

DAY:BLOCK

DAY,BLOCK

Att. Score
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Att. ScoreLMER
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Table S8. Statistical tests run on scores given to rate attention and fatigue using a visual analog scale in the first experiment.
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Aspect AGE group Model Dependent Independent Random Parameters DF num. DF den. F p Level Contrast DF Estimate t p d

AGE 2 59.79038 0.083294 0.920187 D1‐D2 2325 0.612498 10.64041 8.99E‐12 0.689556 0.448646 0.930465

STIM 1 59.79038 0.151111 0.698856 D2‐D3 2325 ‐0.09956 ‐1.7295 0.41591 ‐0.11208 ‐0.24571 0.021553

DAY 4 2325 7.966487 2.24E‐06 D3‐D4 2325 ‐0.05619 ‐0.97609 0.866064 ‐0.06326 ‐0.19408 0.067568

BLOCK 1 2325 39.97953 3.07E‐10 D4‐D5 2325 0.027367 0.475425 0.989568 0.03081 ‐0.099 0.160618

AGE:STIM 2 59.79038 1.856584 0.165098

AGE:DAY 8 2325 1.021196 0.417448

STIM:DAY 4 2325 1.41702 0.225717

AGE:BLOCK 2 2325 13.34761 1.72E‐06

STIM:BLOCK 1 2325 0.000346 0.985168

DAY:BLOCK 4 2325 0.910253 0.456953

AGE:STIM:DAY 8 2325 0.445183 0.894219

AGE:STIM:BLOCK 2 2325 0.001665 0.998336

AGE:DAY:BLOCK 8 2325 1.389249 0.195997

STIM:DAY:BLOCK 4 2325 0.666886 0.614973

AGE:STIM:DAY:BLOCK 8 2325 0.362382 0.940416

Att.Diff. 1 183.0026 0.181275 0.67078

AGE 2 58.89909 6.573071 0.00265

STIM 1 59.1089 0.013262 0.908708

NIGHT 3 146.8905 0.210935 0.888702

Att.Diff.:AGE 2 187.1501 0.013211 0.986877

AttChange:STIM 1 183.0026 0.021227 0.884323

AGE:STIM 2 58.89909 0.775012 0.465339

Att.Diff.:NIGHT 3 169.9148 3.04928 0.030152

AGE:NIGHT 6 146.8187 0.713472 0.639287

STIM:NIGHT 3 146.8905 0.179958 0.90986

Att.Diff.:AGE:STIM 2 187.1501 0.124199 0.883277

Att.Diff.:AGE:NIGHT 6 168.1358 0.525433 0.788468

Att.Diff.:STIM:NIGHT 3 169.9148 0.151235 0.928783

AGE:STIM:NIGHT 6 146.8187 4.529984 0.000304

Att.Diff.:AGE:STIM:NIGHT 6 168.1358 1.983098 0.070704

Att.Diff. 1 55.01355 0.007572 0.930972

STIM 1 16.5574 0.259698 0.617053

NIGHT 3 44.00605 0.091742 0.964211

Att.Diff.:STIM 1 55.01355 0.016417 0.898515

Att.Diff.:NIGHT 3 48.53039 1.435353 0.24394

STIM:NIGHT 3 44.00605 5.819877 0.001935

Att.Diff.:STIM:NIGHT 3 48.53039 2.030266 0.121976

Att.Diff. 1 43.88773 0.064588 0.800574

STIM 1 19.71731 2.20887 0.153035

NIGHT 3 47.7768 1.115186 0.352265

Att.Diff.:STIM 1 43.88773 0.017546 0.895226

Att.Diff.:NIGHT 3 55.60296 1.964199 0.129916

STIM:NIGHT 3 47.7768 0.466135 0.707271

Att.Diff.:STIM:NIGHT 3 55.60296 0.170898 0.915606

Att.Diff. 1 63.71946 0.054561 0.816057

STIM 1 21.65852 0.099122 0.755899

NIGHT 3 55.96544 0.522384 0.668656

Att.Diff.:STIM 1 63.71946 0.205449 0.651898

Att.Diff.:NIGHT 3 65.05374 1.404731 0.24938

STIM:NIGHT 3 55.96544 2.894376 0.043153

Att.Diff.:STIM:NIGHT 3 65.05374 2.104272 0.108223

AGE 2 59.51159 1.427205 0.248072

STIM 1 59.51159 0.145404 0.704325

DAY 4 2325 12.06511 1.05E‐09

BLOCK 1 2325 10.88526 0.000984

AGE:STIM 2 59.51159 1.248396 0.29437

AGE:DAY 8 2325 3.242799 0.001122

STIM:DAY 4 2325 2.83953 0.023043

AGE:BLOCK 2 2325 9.158439 0.000109

STIM:BLOCK 1 2325 0.258093 0.611481

DAY:BLOCK 4 2325 1.783872 0.129296

AGE:STIM:DAY 8 2325 0.536278 0.829884

AGE:STIM:BLOCK 2 2325 0.67222 0.510673

AGE:DAY:BLOCK 8 2325 1.279287 0.249587

STIM:DAY:BLOCK 4 2325 1.149562 0.331352

AGE:STIM:DAY:BLOCK 8 2325 0.49494 0.860602

STIM 1 18.32312 0.81955 0.377062 D1‐D2 723 0.840906 7.565769 0 0.869058 0.509256 1.22886

DAY 4 723 8.28597 1.55E‐06 D2‐D3 723 ‐0.02261 ‐0.20347 0.999618 ‐0.02337 ‐0.26365 0.216905

BLOCK 1 723 2.029106 0.154743 D3‐D4 723 ‐0.23288 ‐2.09525 0.22317 ‐0.24067 ‐0.49204 0.010693

STIM:DAY 4 723 1.358473 0.246757 D4‐D5 723 ‐0.20009 ‐1.80028 0.374148 ‐0.20679 ‐0.45528 0.041693

STIM:BLOCK 1 723 0.045009 0.832047

DAY:BLOCK 4 723 0.362326 0.835485

STIM:DAY:BLOCK 4 723 0.207573 0.934249

STIM 1 18.47923 0.439077 0.515749 D1‐D2 723 0.988806 8.778537 0 1.008365 0.615905 1.400825

DAY 4 723 7.455515 6.91E‐06 D2‐D3 723 ‐0.25934 ‐2.30243 0.145215 ‐0.26447 ‐0.51787 ‐0.01108

BLOCK 1 723 17.0646 4.04E‐05 D3‐D4 723 0.073767 0.654901 0.965716 0.075227 ‐0.16583 0.316287

STIM:DAY 4 723 0.57978 0.677383 D4‐D5 723 0.313149 2.780115 0.044127 0.319344 0.060023 0.578664

STIM:BLOCK 1 723 1.335341 0.248239

DAY:BLOCK 4 723 1.697226 0.148751

STIM:DAY:BLOCK 4 723 1.077718 0.366423

STIM 1 22.70795 1.400237 0.248925 D1 slope over BLOCKs 160 0.113535 4.813551 3.41E‐06 1.076343 0.066954 0.160116

DAY 4 879 0.282416 0.889448 D2 slope over BLOCKs 160 0.056545 3.500963 0.000601 0.782839 0.024648 0.088442

BLOCK 1 879 10.18879 0.001463 D3 slope over BLOCKs 160 0.001025 0.058466 0.95345 0.013073 ‐0.03359 0.035643

STIM:DAY 4 879 2.225241 0.064531 D4 slope over BLOCKs 160 0.014943 1.063371 0.289216 0.237777 ‐0.01281 0.042695

STIM:BLOCK 1 879 0.027861 0.867475 D5 slope over BLOCKs 160 0.014633 0.713951 0.476298 0.159644 ‐0.02584 0.055108

DAY:BLOCK 4 879 2.51227 0.04037

STIM:DAY:BLOCK 4 879 0.827751 0.50758

Fatg.Diff. 1 187.9116 0.144108 0.704659

AGE 2 57.59129 6.148782 0.003799

STIM 1 57.5733 0.128463 0.721342

NIGHT 3 148.726 0.408184 0.747344

Fatg.Diff.:AGE 2 190.6759 0.206127 0.813911

Fatg.Diff.:STIM 1 187.9116 4.48E‐06 0.998314

AGE:STIM 2 57.59129 0.678663 0.511305

Fatg.Diff.:NIGHT 3 176.077 1.792867 0.150257

AGE:NIGHT 6 148.6078 1.294804 0.263005

STIM:NIGHT 3 148.726 0.217004 0.884486

Fatg.Diff.:AGE:STIM 2 190.6759 0.047532 0.953591

Fatg.Diff.:AGE:NIGHT 6 173.1769 0.752842 0.607961

Fatg.Diff.:STIM:NIGHT 3 176.077 0.665712 0.574169

AGE:STIM:NIGHT 6 148.6078 3.915453 0.001162

Fatg.Diff.:AGE:STIM:NIGHT 6 173.1769 1.325355 0.248232
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Table S9. Statistical tests run on scores given to rate attention and fatigue using a visual analog scale in the second experiment.
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Table 3.3 Statistical tests run on behavioral and physiological data of the placebo groups

Aspect Centered Model Dependent Independent Random ANOVA param. Df num. Df den. F p η
2

Level Contrast Estimate DF t p d

Score B1 No LM Score AGE NA AGE 1 4.4837 0.04 0.1994 B1 Middle‐Older 3.1 17.397 2.1175 0.0489 0.9469 0.0165 6.1834

AGE 1 18.27836 4.192355 0.055255 0.18657 day 1 3.583452 18.67438 1.014683 0.323224 1.298804 ‐1.4133 4.010911

DAY 9 1114.009 98.54525 4.46E‐135 0.443251 day 2 5.502522 18.69394 1.557675 0.136079 1.994361 ‐0.75842 4.74714

BLOCK 1 1114.005 73.78205 2.90E‐17 0.062117 day 3 6.00726 18.69937 1.700434 0.105621 2.1773 ‐0.58883 4.94343

AGE:DAY 9 1114.009 4.185568 2.46E‐05 0.032709 day 4 7.269484 18.67722 2.058334 0.053786 2.634787 ‐0.16835 5.437922

AGE:BLOCK 1 1114.005 0.660327 0.416618 0.000592 day 5 7.66322 18.67438 2.169902 0.043133 2.777495 ‐0.03869 5.593682

DAY:BLOCK 9 1114.005 5.595285 1.39E‐07 0.043249 day 6 8.635829 18.67438 2.445304 0.024574 3.130012 0.278748 5.981276

AGE:DAY:BLOCK 9 1114.005 0.457909 0.902892 0.003686 day 7 9.029283 18.72702 2.554913 0.019497 3.272617 0.404371 6.140863

day 8 9.132206 18.731 2.583898 0.018334 3.309921 0.437499 6.182343

day 9 8.551625 18.72702 2.419755 0.025884 3.099492 0.249663 5.949322

day 10 9.02906 18.72402 2.554952 0.019497 3.272536 0.40437 6.140702

AGE 1 18.98912 2.465332 0.132897 0.11491 day 1 0.16823 20.42711 0.069183 0.945517 0.048278 ‐1.40551 1.502071

DAY 9 1114.032 55.93461 3.84E‐84 0.311239 day 2 2.315745 20.49904 0.951488 0.352442 0.664569 ‐0.80463 2.133768

BLOCK 1 1114.018 50.84333 1.80E‐12 0.043648 day 3 2.608936 20.519 1.071692 0.296302 0.748709 ‐0.72459 2.222008

AGE:DAY 9 1114.032 2.448232 0.009243 0.019395 day 4 3.852031 20.43756 1.583904 0.128568 1.105451 ‐0.38752 2.598426

AGE:BLOCK 1 1114.018 0.103284 0.747984 9.27E‐05 day 5 3.786537 20.42711 1.557173 0.134788 1.086655 ‐0.40488 2.578195

DAY:BLOCK 9 1114.017 3.760233 0.000112 0.029483 day 6 4.960407 20.42711 2.039914 0.054501 1.423531 ‐0.09452 2.941578

AGE:DAY:BLOCK 9 1114.017 0.571522 0.821224 0.004596 day 7 5.364124 20.62046 2.200731 0.039298 1.539389 0.00749 3.071288

day 8 5.531679 20.63516 2.269069 0.034122 1.587474 0.050772 3.124176

day 9 4.827955 20.62046 1.980758 0.061114 1.38552 ‐0.13246 2.903499

day 10 5.308923 20.60938 2.178377 0.041143 1.523548 ‐0.00672 3.053814

Speed B1 No LM Seq. Number AGE NA AGE 1 1.3678 0.2574 0.0706

AGE 1 18.16391 3.202313 0.090222 0.149877 day 1 3.05618 18.39617 0.813836 0.426148 1.351525 ‐2.15705 4.860104

DAY 9 1114.005 159.7144 1.65E‐193 0.563381 day 2 4.624872 18.40762 1.231375 0.233683 2.045243 ‐1.49582 5.586309

BLOCK 1 1114.003 89.24338 1.98E‐20 0.074169 day 3 5.534352 18.4108 1.473461 0.157519 2.447439 ‐1.11807 6.012945

AGE:DAY 9 1114.005 8.002977 1.51E‐11 0.060729 day 4 6.834838 18.39783 1.820022 0.085065 3.022549 ‐0.58435 6.629444

AGE:BLOCK 1 1114.003 3.66718 0.05575 0.003281 day 5 7.767617 18.39617 2.068455 0.052951 3.435049 ‐0.20694 7.077043

DAY:BLOCK 9 1114.003 7.66506 5.52E‐11 0.058315 day 6 8.519875 18.39617 2.268775 0.035533 3.767718 0.094392 7.441045

AGE:DAY:BLOCK 9 1114.003 0.533148 0.851127 0.004289 day 7 8.940017 18.42699 2.379659 0.028315 3.953516 0.260204 7.646828

day 8 8.955872 18.42932 2.383804 0.028073 3.960528 0.266424 7.654631

day 9 8.538742 18.42699 2.272848 0.03522 3.776062 0.100556 7.451567

day 10 9.009432 18.42523 2.398193 0.027255 3.984213 0.287802 7.680624

AGE 1 18.43061 4.092975 0.057812 0.18172

DAY 9 1114.014 159.7069 1.67E‐193 0.563367

BLOCK 1 1114.008 89.23479 1.99E‐20 0.074162

AGE:DAY 9 1114.014 8.005261 1.50E‐11 0.060745

AGE:BLOCK 1 1114.008 3.668972 0.05569 0.003283

DAY:BLOCK 9 1114.007 7.663782 5.54E‐11 0.058305

AGE:DAY:BLOCK 9 1114.007 0.533543 0.850831 0.004292

Accuracy B1 No LM Per. Correct AGE NA AGE 1 5.029 3.77E‐02 0.2183 B1 Middle‐Older 0.1105 13.934 2.2425 0.0417 1.002 0.0047 0.2061

AGE 1 27.91447 9.682319 0.004263 0.257531 day 1 0.062565 45.70829 2.626295 0.011705 0.742217 0.132088 1.352346

DAY 9 1118.171 2.377968 0.011522 0.01878 day 2 0.075315 45.84926 3.159051 0.002801 0.893477 0.265386 1.521568

BLOCK 1 1118.053 16.67626 4.75E‐05 0.014696 day 3 0.050287 46.03543 2.10708 0.040589 0.596561 ‐0.00019 1.193312

AGE:DAY 9 1118.171 0.917988 0.508444 0.007335 day 4 0.067056 45.84926 2.812613 0.00721 0.795494 0.179118 1.411869

AGE:BLOCK 1 1118.053 4.798508 0.02869 0.004274 day 5 0.030017 45.70829 1.260022 0.214057 0.356094 ‐0.2226 0.934792

DAY:BLOCK 9 1118.053 0.830745 0.587779 0.006643 day 6 0.044923 45.70829 1.885746 0.065694 0.53293 ‐0.05761 1.123475

AGE:DAY:BLOCK 9 1118.053 0.605228 0.793373 0.004848 day 7 0.031524 48.22824 1.304893 0.198121 0.373972 ‐0.21354 0.961484

day 8 0.028148 48.42927 1.163932 0.250154 0.333927 ‐0.25199 0.919847

day 9 0.033565 48.22824 1.38938 0.171099 0.398185 ‐0.19073 0.987098

day 10 0.026822 48.07601 1.111143 0.272033 0.318189 ‐0.26601 0.90239

SICIrest (BL) No LM SICIratio AGE NA AGE 1 0.1017 0.7542 0.0067

AGE 1 15.096 0.1603 0.6945 0.0105

TIMEPOINT 1 14.464 0.7874 0.3894 0.0516

AGE:TIMEPOINT 1 14.464 2.2085 0.1587 0.1324

SICImove (BL) No LM Modulation AGE NA AGE 1 0.2316 0.6373 0.0152

AGE 1 15.206 1.4455 0.2476 0.0868

TIMEPOINT 1 15.185 0.4 0.5365 0.0256

AGE:TIMEPOINT 1 15.185 3.2337 0.092 0.1755
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Table 3.4 Statistical tests run on behavioral and physiological data, comparing verum and placebo stimulation in each age group

Aspect Age Group Centered Model Dependent Independent Random ANOVA param. Df num. Df den. F p η2 Level Contrast Estimate DF t p d

Middle 1 3.1958 0.09 0.1507

Older 1 9.8009 0.005 0.3525 B1 Verum‐Placebo ‐3.8 17.41 ‐3.13 0.005 1.4 ‐6.35632 ‐1.24368

STIM 1 18.32916 0.663762 0.425694 0.034948

DAY 9 1117.005 115.5308 7.18E‐153 0.482096

BLOCK 1 1117.002 73.60575 3.15E‐17 0.061822

STIM:DAY 9 1117.005 0.521844 0.859521 0.004187

STIM:BLOCK 1 1117.002 0.01664 0.897384 1.49E‐05

DAY:BLOCK 9 1117.002 7.625668 6.40E‐11 0.057886

STIM:DAY:BLOCK 9 1117.002 0.50016 0.875039 0.004014

STIM 1 18.4558 6.149546 0.02299 0.249927 day 1 ‐0.21786 98 ‐1.3856 0.169014 ‐0.30983 ‐0.52987 0.094159

DAY 9 1108.016 62.93884 3.55E‐93 0.338287 day 2 ‐0.28856 96.11125 ‐1.89072 0.061674 ‐0.42278 ‐0.5915 0.014381

BLOCK 1 1108.008 91.88806 5.81E‐21 0.07658 day 3 0.298902 96.10843 1.677821 0.096631 0.375172 ‐0.05472 0.652519

STIM:DAY 9 1108.016 3.46868 0.00031 0.027403 day 4 ‐0.07391 98 ‐0.46851 0.640457 ‐0.10476 ‐0.38698 0.239158

STIM:BLOCK 1 1108.008 0.445595 0.504573 0.000402 day 5 0.05 98 0.275001 0.783894 0.061492 ‐0.31081 0.410811

DAY:BLOCK 9 1108.007 2.270906 0.016061 0.018112 day 6 0.295238 93 1.384952 0.16938 0.309685 ‐0.12809 0.718563

STIM:DAY:BLOCK 9 1108.007 1.528305 0.1329 0.012262 day 7 ‐0.15887 93 ‐0.9173 0.36136 ‐0.20511 ‐0.50279 0.185056

day 8 0.305245 93 1.525987 0.130407 0.341221 ‐0.09198 0.702467

day 9 0.365148 93 2.066571 0.041555 0.462099 0.014271 0.716025

day 10 ‐0.10992 93 ‐0.66699 0.506427 ‐0.14914 ‐0.43718 0.217339

STIM 1 19.30953 0.000709 0.979029 3.67E‐05

DAY 9 1117.021 65.23262 3.08E‐96 0.344515

BLOCK 1 1117.007 49.41467 3.60E‐12 0.042364

STIM:DAY 9 1117.021 0.488087 0.88333 0.003917

STIM:BLOCK 1 1117.007 0.028986 0.864841 2.59E‐05

DAY:BLOCK 9 1117.007 4.801004 2.63E‐06 0.037242

STIM:DAY:BLOCK 9 1117.007 0.579715 0.814581 0.004649

STIM 1 19.38029 1.926169 0.180929 0.090403 day 1 ‐0.60919 21.39605 ‐0.33019 0.744468 ‐0.19817 ‐1.44633 1.049996

DAY 9 1108.045 34.36452 1.02E‐53 0.218214 day 2 ‐0.37512 21.49782 ‐0.20308 0.840982 ‐0.12202 ‐1.3707 1.126651

BLOCK 1 1108.022 66.0868 1.15E‐15 0.056287 day 3 ‐2.73303 21.52619 ‐1.4791 0.1536 ‐0.88904 ‐2.16684 0.388767

STIM:DAY 9 1108.045 3.124106 0.001009 0.024747 day 4 ‐2.65584 21.4108 ‐1.43926 0.164537 ‐0.86393 ‐2.13854 0.410685

STIM:BLOCK 1 1108.022 0.187201 0.665341 0.000169 day 5 ‐3.07237 21.39605 ‐1.66528 0.110433 ‐0.99942 ‐2.28314 0.284289

DAY:BLOCK 9 1108.02 1.390698 0.187309 0.01117 day 6 ‐3.20558 21.64027 ‐1.73254 0.097407 ‐1.04276 ‐2.33314 0.247628

STIM:DAY:BLOCK 9 1108.02 1.736153 0.076537 0.013906 day 7 ‐3.5433 21.6695 ‐1.91441 0.068864 ‐1.15261 ‐2.4521 0.14687

day 8 ‐1.93432 21.69044 ‐1.04484 0.307601 ‐0.62922 ‐1.89483 0.636383

day 9 ‐3.01774 21.6695 ‐1.63046 0.117456 ‐0.98165 ‐2.2679 0.304593

day 10 ‐2.35165 21.65385 ‐1.27081 0.217281 ‐0.76498 ‐2.03718 0.507224

Middle 1 1.7236 0.2057 0.0873

Older 1 3.3947 0.0819 0.1586

STIM 1 18.1953 0.439516 0.515668 0.023586

DAY 9 1118.003 204.3185 5.25E‐229 0.621896

BLOCK 1 1118.001 98.36295 2.81E‐22 0.080866

STIM:DAY 9 1118.003 0.911425 0.51428 0.007284

STIM:BLOCK 1 1118.001 1.23553 0.266573 0.001104

DAY:BLOCK 9 1118.001 11.73045 9.01E‐18 0.086283

STIM:DAY:BLOCK 9 1118.001 0.537181 0.848086 0.004306

STIM 1 18.17465 3.170266 0.091713 0.148526 day 1 ‐0.23571 98 ‐2.11248 0.037187 ‐0.47236 ‐0.45715 ‐0.01428

DAY 9 1108.006 118.047 4.89E‐155 0.489499 day 2 ‐0.17712 96.03264 ‐1.76428 0.080865 ‐0.3945 ‐0.3764 0.022157

BLOCK 1 1108.003 102.7079 3.82E‐23 0.084833 day 3 ‐0.0162 96.02466 ‐0.16061 0.872735 ‐0.03591 ‐0.2164 0.184

STIM:DAY 9 1108.006 3.734631 0.000122 0.029442 day 4 ‐0.01491 98 ‐0.1249 0.900856 ‐0.02793 ‐0.25175 0.221932

STIM:BLOCK 1 1108.003 0.335776 0.562395 0.000303 day 5 0.017857 98 0.200865 0.84122 0.044915 ‐0.15856 0.194278

DAY:BLOCK 9 1108.003 3.555951 0.000229 0.028073 day 6 0.219841 93 2.272353 0.025369 0.508114 0.027723 0.41196

STIM:DAY:BLOCK 9 1108.003 1.174418 0.307608 0.009449 day 7 0.000276 93 0.003317 0.997361 0.000742 ‐0.16501 0.165562

day 8 0.229883 93 2.379271 0.01939 0.532021 0.038017 0.421749

day 9 0.08744 93 0.941519 0.348878 0.21053 ‐0.09698 0.271863

day 10 0.208333 93 2.477846 0.015022 0.554063 0.04137 0.375296

STIM 1 18.42088 0.033641 0.856475 0.001823

DAY 9 1118.009 204.3165 5.26E‐229 0.621893

BLOCK 1 1118.004 98.36342 2.81E‐22 0.080867

STIM:DAY 9 1118.009 0.911581 0.514141 0.007285

STIM:BLOCK 1 1118.004 1.235536 0.266572 0.001104

DAY:BLOCK 9 1118.004 11.7305 9.01E‐18 0.086283

STIM:DAY:BLOCK 9 1118.004 0.537184 0.848084 0.004306

STIM 1 18.43414 2.018658 0.172071 0.098698 day 1 ‐0.84122 19.04715 ‐0.4574 0.652558 ‐0.47318 ‐2.64295 1.696594

DAY 9 1108.016 118.0378 4.99E‐155 0.489477 day 2 ‐1.29103 19.07767 ‐0.7017 0.491339 ‐0.72619 ‐2.90344 1.451053

BLOCK 1 1108.008 102.6965 3.84E‐23 0.084824 day 3 ‐2.63146 19.08619 ‐1.43009 0.168859 ‐1.48017 ‐3.69368 0.733335

STIM:DAY 9 1108.016 3.733219 0.000123 0.029431 day 4 ‐2.89801 19.05157 ‐1.57566 0.131564 ‐1.63011 ‐3.85271 0.592495

STIM:BLOCK 1 1108.008 0.336441 0.562008 0.000304 day 5 ‐3.0494 19.04715 ‐1.65807 0.113681 ‐1.71526 ‐3.94387 0.513346

DAY:BLOCK 9 1108.008 3.555066 0.00023 0.028066 day 6 ‐2.93404 19.12039 ‐1.59381 0.127375 ‐1.65037 ‐3.87633 0.575591

STIM:DAY:BLOCK 9 1108.008 1.173954 0.307915 0.009446 day 7 ‐2.71527 19.1293 ‐1.4748 0.156535 ‐1.52732 ‐3.74511 0.690481

day 8 ‐2.63775 19.13556 ‐1.43258 0.168113 ‐1.48371 ‐3.69882 0.731393

day 9 ‐3.03244 19.1293 ‐1.64707 0.115872 ‐1.70572 ‐3.93586 0.524422

day 10 ‐2.73975 19.12462 ‐1.48819 0.153006 ‐1.54108 ‐3.75969 0.677525

Middle 1 3.2724 0.0871 0.1538

Older 1 11.851 0.0029 0.397 B1 Verum‐Placebo ‐0.2907 14.678 ‐3.4425 0.0037 1.5395 ‐0.471 ‐0.1103

STIM 1 23.65878 3.309865 0.081545 0.12273 day 1 slope 0.01545 98 1.735866 0.085731 0.388151 ‐0.00221 0.033112

DAY 9 1123.033 4.531613 7.03E‐06 0.035044 day 2 slope 0.017921 93 1.950635 0.054111 0.436175 ‐0.00032 0.036165

BLOCK 1 1122.993 15.66487 8.04E‐05 0.013757 day 3 slope ‐0.00641 98 ‐0.9593 0.339766 ‐0.21451 ‐0.01967 0.00685

STIM:DAY 9 1123.033 2.389943 0.011096 0.018793 day 4 slope 0.003535 98 0.60719 0.545129 0.135772 ‐0.00802 0.015088

STIM:BLOCK 1 1122.993 3.991618 0.045968 0.003542 day 5 slope 0.011225 98 1.615866 0.109338 0.361319 ‐0.00256 0.025011

DAY:BLOCK 9 1122.993 1.913127 0.046559 0.015101 day 6 slope 0.004608 92.05587 0.749115 0.455698 0.167507 ‐0.00761 0.016825

STIM:DAY:BLOCK 9 1122.993 1.4036 0.181509 0.011124 day 7 slope ‐0.00596 98 ‐1.07213 0.286296 ‐0.23973 ‐0.01698 0.00507

day 8 slope 0.004914 98 0.70224 0.484194 0.157026 ‐0.00897 0.0188

day 9 slope ‐0.00229 98 ‐0.46287 0.644483 ‐0.1035 ‐0.01212 0.007537

day 10 slope 0.001545 93 0.376747 0.70722 0.084243 ‐0.0066 0.009691

STIM 1 27.09333 15.621 0.0005 0.365709 day 1 slope 0.013182 98 1.097913 0.274933 0.245501 ‐0.01064 0.037009

DAY 9 1112.195 6.438361 5.86E‐09 0.04952 day 2 slope 0.006188 98 0.578286 0.564398 0.129309 ‐0.01505 0.027424

BLOCK 1 1112.067 37.90442 1.04E‐09 0.032961 day 3 slope 0.025445 98 2.193411 0.030642 0.490462 0.002424 0.048466

STIM:DAY 9 1112.195 1.998901 0.036325 0.015918 day 4 slope 0.003228 98 0.385622 0.700613 0.086228 ‐0.01339 0.019843

STIM:BLOCK 1 1112.067 3.294309 0.06979 0.002954 day 5 slope ‐0.00148 98 ‐0.13426 0.893468 ‐0.03002 ‐0.02335 0.02039

DAY:BLOCK 9 1112.067 1.494358 0.144892 0.011949 day 6 slope 0.011419 93 1.238147 0.218778 0.276858 ‐0.0069 0.029732

STIM:DAY:BLOCK 9 1112.067 1.121011 0.344434 0.008991 day 7 slope ‐0.00925 93 ‐1.08922 0.278869 ‐0.24356 ‐0.02613 0.007618

day 8 slope 0.00637 93 0.723488 0.471196 0.161777 ‐0.01111 0.023856

day 9 slope 0.015924 93 1.874054 0.064062 0.419051 ‐0.00095 0.032798

day 10 slope ‐0.0105 93 ‐1.51047 0.134315 ‐0.33775 ‐0.02431 0.003304

Middle 1 0.0341 0.8559 0.002

Older 1 0.0174 0.8966 0.001

STIM 1 15.194 0.7828 0.39 0.0489 Verum 0.056844 13.23515 0.88657 0.391135 0.472818 ‐0.66179 1.607424

TIMEPOINT 1 13.43 1.324 0.2699 0.0897 Placebo ‐0.15766 13.20965 ‐2.628 0.020642 ‐1.31136 ‐2.44025 ‐0.18246

STIM:TIMEPOINT 1 13.43 5.9939 0.0287 0.3085

STIM 1 16 0.332 0.5725 0.0203

TIMEPOINT 1 16 0.0502 0.8256 0.003

STIM:TIMEPOINT 1 16 0.5863 0.455 0.0353

Middle 1 0.0166 0.8991 0.001

Older 1 0.5788 0.4579 0.034

STIM 1 6.705212 0.015303 0.198937 Verum ‐0.25158 27 ‐3.01011 0.005605 ‐1.55788 ‐2.71969 ‐0.39607

TIMEPOINT 1 2.61179 0.117698 0.088201 Placebo 0.054961 27 0.675333 0.505207 0.340336 ‐0.6988 1.379475

STIM:TIMEPOINT 1 6.90502 0.014001 0.203658

STIM 1 16 2.4204 0.1393 0.1313

TIMEPOINT 1 16 2.0793 0.1686 0.115

STIM:TIMEPOINT 1 16 0.9179 0.3523 0.0542
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Si vous rencontrez un problème, contactez : 
 
 
Contact: 
Equipe de l’étude „Trainstim“ 
 
Prof.Dr.med. Friedhelm C. Hummel 
Pablo Maceira 
 
 
 
Téléphone: 
+41 21 695 50 34 
 
E-Mail: 
pablo.maceiraelvira@epfl.ch 
 
Adresse:   
EPFL Valais 
SUVA – Clinique Romande de Réadaptation 
Av. Grand-Champsec 90 
CH – 1951 Sion 
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Introduction 
 

Chère participante, Cher participant, 

Pour avoir un aperçu du manuel, vous pouvez lire ici une brève introduction de l'étude et de 

l’entrainement. Veuillez planifier suffisamment de temps pour effectuer l'entraînement. 

Prévoyez un temps maximal d’une heure (sans compter le chargement de l'ordinateur et 

du stimulateur). 

L’entrainement pianotage moteur nécessite deux composants principaux : l'ordinateur et le 

bonnet avec le stimulateur. L'ordinateur et le stimulateur doivent être entièrement chargés 

pour effectuer la combinaison de l’entraînement et de la stimulation. Vérifiez, s’il vous plaît, 

que l'ordinateur et le stimulateur soient chargés et chargez-les complètement avant d’installer 

l'espace de travail et d'assembler les éléments/accessoires du bonnet. 

Veuillez prendre en compte que le chargement de l’ordinateur peut prendre jusqu'à 4 heures. 

La procédure pour charger l’ordinateur est décrite au chapitre 1: "Chargement de 

l'ordinateur". De plus, la procédure pour charger le stimulateur est décrite au chapitre 3: 

"Chargement du stimulateur". 

Lorsque l'ordinateur et le stimulateur sont complètement chargés, vous pouvez commencer 

à installer votre espace de travail (voir chapitre 2 "Installation"). Veuillez garder à l'esprit que 

pour les entrainements I et II vous aurez besoin de différents équipements pour l'ordinateur. 

Pendant l’entrainement, choisissez votre espace de travail de manière à ne pas être 

dérangé(e) par d'autres stimulations et que l’endroit soit assez silencieux pour pouvoir vous 

concentrer sur l’entraînement. 

Veuillez vous assurer qu'il n'y aura pas d'interruptions comme le bruit du téléphone, le 

téléphone portable, la TV, la radio, votre partenaire / enfant, le besoin de manger, d’aller aux 

toilettes ou la fatigue. 

Pour la stimulation, vous aurez besoin du bonnet pour fixer les électrodes de stimulation sur 

votre tête. Différents éléments, importants pour la stimulation, seront attachés à votre bonnet. 

L'équipement de stimulation ainsi que sa mise en place sont décrits plus loin dans le chapitre 

3 "Stimulation". 

Quand la mise en place du bonnet est terminée, veuillez lire attentivement les chapitres pour 

l’entrainement (chapitre 4: « Entrainement et stimulation »). Veuillez prendre votre temps 

pour lire les instructions. Mettez le bonnet et commencez l’entrainement. 

Après avoir terminé l’entrainement, retirez le casque et posez-le à côté de vous. 
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Finalement, veuillez désassembler complètement les parties de votre bonnet, de sorte que 

le bonnet et les éponges puissent sécher correctement (chapitre 6 "Séchage des électrodes, 

des éponges et du bonnet"). Cela est très important pour éviter l'apparition de moisissures. 

Dans le dernier chapitre « Résolution de problèmes », vous trouverez des solutions à 

différents problèmes que vous pourriez rencontrer. 
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Ordinateur 

Chargement de l’ordinateur 
 

1 

 
 

Branchez le câble d’alimentation 
dans la prise. 

 
 

2 

 
 

Assurez-vous, s’il vous plait, que le 
câble d’alimentation est bien serré 

dans la prise. 
 

3 

 

Pour charger l’ordinateur, vous avez 
besoin de l’ordinateur… 

4 

 

 

… et du câble de chargement, qui 

est indiqué par un petit point jaune, à 

l’extrémité du plus petit câble (dans 

le cercle rouge) . 

5 

 

Veuillez connecter l’extrémité du plus 
petit câble (point jaune) avec l’ouverture 

du côté gauche de l’ordinateur (point 
jaune). 
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6 

 

Si l’ordinateur se charge, la petite 
lumière à côté du bouton de démarrage 

est rouge-orange. 

7 

 

 
Veuillez noter que le chargement 

complet de l’ordinateur peut prendre 
jusqu’à 4 heures de temps. 

8 

 

L’ordinateur est complètement chargé 
quand la lumière près du bouton de 

démarrage devient blanche. 
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Installation  

Liste d’équipement informatique pour l’entrainement 
 

 Ordinateur 

 Nappe en plastique (pour y déposer l’équipement) 

 Touches jaunes (petit clavier) 

 Coussinet bleu 

Comment est-ce que je prépare mon espace de travail pour la stimulation et 
l’entrainement? 
 

1 

 

Placez la nappe en plastique sur une 
surface propre. Le bas de la nappe 

doit être aligné sur le bord d’une 
table. Assurez-vous, s’il vous plait, 

que vous avez assez d’espace. 

2 

 

Placez le coussinet bleu sur le cercle 
bleu dessiné sur la nappe. 

3 

 

Connectez le câble du clavier avec 
l’ordinateur (pointe bleue). 

4 

 

Posez le clavier sur le coussinet bleu.  

Voici ce que votre installation devrait 
avoir l’air maintenant. 
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5  

 
 

 
 

Placez les doigts de votre main 
gauche sur le clavier, comme sur la 
figure. L’auriculaire est sur le bouton 
avec le numéro 5, l’annulaire sur le 
bouton avec le nombre 4, le majeur 
sur le bouton avec le numéro 3 et 

l’index sur le bouton avec le nombre. 
Si nécessaire, veuillez ajuster la 

position de vos doigts pour que vous 
puissiez presser les boutons 

confortablement avec chaque doigt ! 
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Stimulation 

List des équipements de stimulation 
  

 

 

 Aperçu de la valise (image A)  Seringue (image F) – 5ml 

 Bonnet (image B)  Solution saline (image G) 

 Faisceau de câbles pour les électrodes (image C)  Eponge pour électrode (image H) 

 Câble de chargement pour le stimulateur (image D)  Bouton d’éléctrode (image I) 

 Stimulateur (image E)  
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Stimulateur pour tDCS 
 

1 

 

Retournez le stimulateur pour que 

vous puissiez lire les lettres NE 

(cercle rouge). Cela est le devant du 

stimulateur. 

2 

 

Sur la partie arrière du stimulateur, 

vous trouverez une grande pièce de 

Velcro attachée. 

3 

 

La partie supérieure du stimulateur a 
une grande ouverture. 

4 

 

La partie inférieure du stimulateur a 
deux petites ouvertures. L’ouverture 

la plus large sera utilisée pour le 
chargement plus tard. La partie plus 

fine ne vous concerne pas. 

5 

 

Sur le côté à droite, vous allez 
trouver un interrupteur. L’interrupteur 
est sur 0 quand l’appareil est éteint. 
Pour allumer l’appareil, l’interrupteur 

devra être sur 1. 
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1. Chargement du stimulateur 
 

1 

 

Pour charger le stimulateur, vous 
avez besoin du stimulateur qui est 

présenté sur l’image… 

2 

 

…ainsi que le câble de chargement 

provenant de la valise de stimulation. 

3 

 
 

Branchez l’extrémité du câble dans la 
prise. 

4 

 

L’extrémité la plus petite du câble 
doit être connectée avec la petite 
ouverture en bas du stimulateur. 
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Installation des accessoires du stimulateur 

1. Faisceau de câbles pour la stimulation 
 

1 

 

Le faisceau de câble est 
indispensable pour la stimulation. 

2 

 
 

Le faisceau de câbles a, à son 
extrémité, deux électrodes de 

stimulation et sont marquées avec 
les numéros « 1 » et  « 2 »… 

3 

 

…ainsi que d’autres électrodes qui 
ne sont pas utilisées. Veuillez laisser 
les électrodes attachées au faisceau 

du câbles et ne les désassemblez 
pas du faisceau du câbles! 

4 

 

Les câbles marqués avec « DRL » et 
« CMS » sont les câbles de référence, 
nécessaires pour mesurer la conduction 
électrique au moment d’appliquer la 
stimulation.  

5 

 

De l’autre côté du faisceau de 

câbles, vous trouverez une prise qui 

peut être connectée au stimulateur. 
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2. Bouton d’électrodes et éponges 
 

1 

 

Pour un fonctionnement correct de la 
stimulation, les éponges pour 

électrode doivent être humidifiées 
avec la solution saline. Placez tout 

l’équipement sur la nappe en 
plastique: La bouteille avec la 

solution saline, les éponges pour 
électrode, les électrodes et la 

seringue. 

2 

 

Veuillez prendre les boutons 
d’électrodes… 

3 

 

…et les éponges pour électrode en 
dehors de la valise. 

 

4 

 

Ajustez les boutons d’électrodes 

dans l’éponge pour électrode… 

5 

 

…vous pouvez compresser un peu la 
partie de caoutchouc noir, pour que 
vous puissiez ajuster plus facilement 

l’électrode dans l’ouverture de l’éponge 
pour électrode. 

6 

 

Poussez le bouton d’électrode dans 

l’éponge pour électrode jusqu’à ce 

que la pièce de métal ressorte du 

centre de l’ouverture dans la partie 

violette de l’éponge pour électrode. 

La partie de caoutchouc noir de 

l’électrode est presque entièrement 
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couverte par la partie violette de 

l’éponge. 

7 

 

Répétez le même processus avec le 

deuxième bouton d’électrode et 

l’éponge pour électrode. 

 

 

3. Mise en place des boutons d’électrodes sur le bonnet  
 

1 

 

Le bonnet va permettre de fixer les 
électrodes en position correcte sur 

votre tête durant la stimulation. 

2 

 

Pour cela, vous devez mettre en 
place les boutons d’électrodes dans 
les éponges humidifies aux endroits 

indiqués. 

La première éponge pour 
électrode est placée dans 

l’ouverture qui est marquée 
« Fp1 ». 

3 

 

Pour cela, prenez le bouton 
d’électrode qui est placé dans 

l’éponge pour électrode humide et 
mettez-le à l’endroit correct dans la 

partie intérieure du bonnet. 

4 

 

Poussez la tête métallique de 
l’intérieur à travers l’ouverture du 

bonnet. 
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5 

 

…jusqu’à ce que l’ouverture soit 
complètement couverte par la partie 

métallique extérieure de 
l’électrode… 

6 

 

Répétez cela pour le deuxième 
bouton d’électrode. La deuxième 

éponge d’électrode est placée dans 
l’ouverture marquée « C4 ». 

7 

 

Poussez à nouveau la tête 
métallique à travers l’ouverture 
depuis l’intérieur du bonnet… 

8 

 

…jusqu’à ce que l’ouverture soit 
couverte complètement par la partie 
métallique extérieure de l’électrode. 

 
4. Application de solution saline aux électrodes et du gel au clip-oreille 

1 

 

 

Pour humidifier les éponges pour électrode, 

remplissez la seringue avec 10 ml de 

solution saline. 
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2 

 
 

Appliquez 10 ml d’eau à chaque éponge. 

3 

 

 

Pour préparer le clip-oreille, appliquez une 

goutte de gel conducteur entre les deux 

côtés du clip en utilisant la seringue au gel. 

 

5. Installation du stimulateur et du faisceau de câbles 
 

1 

 

Veuillez prendre le stimulateur… 

2 

 

…et le faisceau de câbles. 

3 

 

 
Connectez le faisceau de câbles à la 
grande ouverture du stimulateur. 
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4 

 

Pour savoir dans quel sens orienter le 
faisceau de câbles, assurez-vous que 

les lettres « NE » soient visibles (cercles 
bleues) 

 

6. Connexion du stimulateur avec le bonnet 
 

1 

 

Sur la partie arrière du stimulateur 
(cercle bleu) et sur le faisceau de 
câbles (cercle rouge), il y a des 

pièces en Velcro attachées. 
Sur la partie arrière du bonnet, les 

parties correspondant au Velcro sont 
visibles. 

2 

 

Premièrement, attachez le faisceau 

de câbles avec la petite pièce de 

Velcro sur la partie correspondante 

sur le bonnet. Cela permet au 

faisceau d’électrodes d’être orienté 

vers le sommet du bonnet. 

 

3 

 

Ensuite, attachez le stimulateur sur 
la partie inférieure du Velcro sur le 

bonnet. 

4 

 

Le montage devrait ressembler à 
cette image. 
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7. Connexion des éléctrodes au stimulateur 
 

Les câbles des électrodes, qui sont appelées « 1 » et « 2 », doivent être attachés sur le 

bonnet comme décrit ci-dessous : 

1 

 

Le câble de l’électrode avec le 

numéro « 1 », coloré en jaune, doit 

être connecté à l’électrode à la 

position « Fp1 » du bonnet, 

marquée avec le point jaune.  

 

2 

 
 

Le câble avec le numéro « 2 », 
coloré en bleu, doit être connecté à 

l’électrode en position « C4 » du 
bonnet, marquée avec le point bleu. 

3 

 

 

 

Le câble nommé « DRL » et le câble 
nommé « CMS » doivent être connectés 
au clip-oreille. C’est pas important de 
quel côté on connecte chaque câble. 
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8. Allumage du stimulateur 
  

1 

 

Le stimulateur se trouve sur la partie 
arrière du bonnet. 

2 

 

Le stimulateur est désactivé quand 

l’interrupteur est en position « 0 ». 

 

3 

 

Poussez l’interrupteur en position 

« I » pour activer le stimulateur. 

4 

 

Si le stimulateur est activé, les 

lettres NE sont illuminées (cercle 

rouge). 
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9. Mise en place du bonnet 
 

1 

 

Placez le bonnet en face de vous 
sur la table. Cela vous permet de 

voir le faisceau de câbles et le 
stimulateur. Assurez-vous que les 

pièces de Velcro pour le menton ne 
sont pas attachées l’une à l’autre. 

2 

 

Prenez le bonnet et placez-le sur 

votre tête de façon à ce que le 

stimulateur soit situé à l’arrière de 

votre tête.  

 

3 

 
 

Veuillez faire attention à bien faire 

passer vos oreilles dans les trous du 

bonnet prévus à cet effet. 

 

4 

 

Fermez le bonnet sous votre menton 

en utilisant le Velcro. Assurez-vous 

que le bonnet est bien serré sur la 

tête pour éviter qu’il ne bouge. 

5 

 

Assurez-vous que le bonnet est bien 

serré et qu’il n’y a pas d’espace vide 

entre la tête et le bonnet. 
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6 

 
 

 

Assurez-vous, avec l’aide d’un 

miroir, que le bonnet est placé droit. 

Cela est important pour que les 

électrodes soient placées à l’endroit 

correct sur votre tête. 

7 

 

Placez le clip-oreille dans le lobe de 

votre oreille (vous pouvez choisir 

laquelle). 
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Préparation de la stimulation et démarrage du training 
 

1. Démarrage de l‘ordinateur 
 

1 

 
 

Posez l’ordinateur en face de vous 

avec le point rouge à votre droite. 

2 

 

Pour démarrer l’ordinateur, 

commencez par ouvrir l’écran. 

3 

 

Maintenez le bouton marqué avec le 
point rouge pressé pendant au moins 5 

secondes. 

4 

 

Quand l’image de fond apparait, 
appuyez à nouveau sur “Enter” (cercle 

rouge). 

5 

 

Veuillez écrire le mot de passe 
“1234” dans le rectangle blanc. 

Appuyez sur “Enter”. 
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6 

 
 

Maintenant, l’ordinateur est prêt à 
être utilisé. Veuillez atteindre le 

démarrage automatique du 
logiciel. 

 

2.  Comment est-ce que je prépare la stimulation ?  

 

1 

 

Une fenêtre apparait. 

Veuillez patienter pour que la 
connexion soit établie.  

3 

 

Cliquez sur “Continuer”. 

4 

 

S’il y a une séance programmée pour 
vous, vous pourrez appuyer sur 
« Démarrer la séance ». Veuillez 
suivre les instructions qui 
apparaissent dans l’écran.  

 

5 

 

Le logiciel vous montrera un message 
en vous disant de nous contacter en 
cas d’urgence. N’hésitez pas à nous 
appeler si vous avez besoin d’aide ! 
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6 

 
 

 
 

 
 
 

Préparez les électrodes comme 
indiqué dans la section précédente. 
Même si dans l’écran vous lisez 

l’indication par rapport à la 
quantité d’eau à appliquer, 

veuillez suivre notre 
recommandation : Rajoutez 10 ml 

de solution saline à chaque 
électrode et ne vous inquiétez pas 
si le casque est mouillé ; ça posse 

pas un problème. 

7 

 

 

Pour connecter les câbles aux 
électrodes, assurez-vous que le 

couleur de chaque câble correspond 
aux couleurs dans le casque. 
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8 

 

 

 

Appliquez une goutte du gel à 
l’intérieure du clip-oreille et 

connectez les câbles CMS et DRL 
de chaque côté du clip. 

9 

 

Le logiciel va vérifier la conduction 
électrique entre les électrodes en 
appliquant une petite courante ; 

possiblement, vous ressentirez 
un léger picotement en dessous 

des électrodes, ce que c’est 
normal. 

10 

 

Si la conduction électrique entre les 
électrodes satisfait les paramètres de 
sécurité, vous verrez un message 
indiquant que la configuration est 
correcte. Au cas contraire, vous verrez 
une notification d’échec. Veuillez 
consulter la section « Résolution de 
problèmes » dans ce manuel pour 
savoir quoi à faire.   

11 

 

Une fois la configuration a été 
accepté, tout est prêt pour démarrer 

l’entrainement. 
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Entrainement et stimulation 
 

1. Démarrage de l’entrainement 

1 

 

L’écran vous informe de la semaine 
et du jour d’entrainement.  

 

2 

 
 
 

Cliquez sur le bouton “Démarrer 
l’entrainement”.  

 

3 

 

Sur l’écran, un questionnaire 
apparait. Il contient des questions 

sur votre sommeil et votre état actuel 
d’attention/fatigue. Veuillez répondre 

à chaque question. 
 

Après avoir répondu à toutes les 
questions, veuillez cliquer sur 
”Continuer”. 

 

4 

 
 

Le prochain écran vous donne le 
choix entre 3 différentes images, qui 
vont être affichées entre chaque bloc 
d’entrainement, lorsque vous avez 
une pause. Veuillez choisir une des 3 
images, puis cliquez sur ”Continuer”. 

5 

 

Les instructions pour l’entrainement 
moteur vont s’afficher. 

Quand vous avez fini de lire les 
instructions, et une fois vous soyez 
prêt(e), appuyez sur « Démarrer » 

6 

 
 

Après chaque bloc de 60 secondes, 
les questions concernant votre 
attention et votre fatigue vont 

apparaitre. Veuillez répondre aux 
questions et appuyez sur 

« Continuer ». 

Démarrer 
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7 

 

Vous verrez l’image que vous avez 
choisie auparavant pendant les pauses.  

Pendant la pause, veuillez rester 
assis(e) en face de l’écran et essayez 
de ne pas vous distraire avec d’autres 

activités.  

8 

 

 

En cas d’urgence, par exemple, si la 
stimulation vous gêne et vous voulez 

l’arrêter, vous pouvez appuyer sur 
« Interrompre Session ». Si vous 

confirmez l’interruption, le logiciel sera 
fermé et l’entrainement sera interrompu 

pour la journée. 

9 

 

Une fois l’entrainement soit complété, 
vous verrez un remerciement et l’écran 
affichée à gauche. Veuillez cliquer sur 

le bouton « Quitter ». 

10 

 
 

 

Vous verrez une confirmation de que la 
séance a été complété avec succès.   

11 

 

On aimerait bien de savoir si vous avez 
ressenti des effets désagréables. 

Veuillez choisir les options 
correspondantes à votre expérience. 
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12 

 

Avant finir, on vous demanderait de 
ranger l’équipement pour le maintenir 

en bonne condition. 

 

Démontage et nettoyage de l’équipement d’entrainement et de 
stimulation 
 

Retrait du bonnet 
 

Quand vous avez fini l’entrainement et que vous avez éteint l’ordinateur, veuillez retirer 

soigneusement votre bonnet. 

1 

 

Enlevez le bonnet en détachant la 

connexion du Velcro sous votre 

menton. 

2 

 

Retirez soigneusement le bonnet en 
poussant le bonnet vers l’arrière de 

votre tête. 

3 

 

Eteignez le stimulateur en mettant 
l’interrupteur en position « 0 ». 
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Démontage du bonnet  
 

Pour s’assurer que le bonnet et les éponges sèchent suffisamment, toutes les pièces du 

bonnet doivent être démontées après chaque utilisation tous les jours. Veuillez procéder 

comme indiqué ci-dessous : 

1. Retrait des câbles d’électrodes du bonnet  
 

1 

 

Pour enlever les câbles d’électrode 

de la partie extérieure du bonnet, 

saisissez directement la tête du 

câble de l’électrode (ne tirez pas le 

câble lui-même). 

2 

  

Tirez doucement le câble de 
l’électrode et placez un doigt entre le 

câble de l’électrode et le bouton 
d’électrode. Cela permet de détacher 

plus facilement les éléments. 

 

2. Détachement du stimulateur et du faisceau de câbles du bonnet  
 

1 

 
 

Debranchez le faisceau de câble du 

stimulateur en tirant doucement de la 

base rigide du faisceau.   

 

2 

 

Tirez doucement le stimulateur 
jusqu’à ce qu’il se détache du Velcro 

sur le bonnet. Veuillez détacher la 
base du faisceau de câble de la 

même manière. 
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3 

 

 
 

 
Prenez le câble de chargement du 

stimulateur et rechargez le 
stimulateur (voir « Chargement du 

stimulateur »). Veuillez vous assurer 
que le stimulateur est éteint. 

 

3. Détachement des boutons d’électrodes et des éponges du bonnet 

  

1 

 

Enlevez les électrodes du bonnet. 

5 

 

Veuillez retirer le bouton d’électrode de 
l’éponge. 
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Séchage des boutons d’électrodes, des éponges et du bonnet  
 

1. Séchage des boutons d’électrodes 
 

 

 

Placez les boutons d’électrode sur 
une serviette afin qu’elles puissent 

sécher plus convenablement. 

 

2. Séchage des éponges  
 

1 

 

Rincez les éponges avec de l’eau de 
robinet et pressez-les pour faire 

sortir l’eau. Placez les éponges sur 
une serviette, la partie jaune orientée 

vers le haut. De cette manière, les 
éponges peuvent bien sécher des 

deux côtés. 

2 

 

Si les éponges ne sont pas 
complètement sèches quand vous 
les placez dans la valise, cela peut 

mener à la formation de moisissures.  
Quand les éponges sont 

complètement sèches, vous pouvez 
les remettre dans la valise. 

 

 

3. Séchage du bonnet 
 

1 

 

Après l’utiliser, vous pouvez rincer le 
bonnet pour enlever la solution 
saline restante. Pour sécher le 

bonnet, prenez la valise... 
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2 

 

... Ouvrez un fermoir de la valise. 

Laissez-le bien droit, à la verticale… 

3 

 

... Et suspendez le bonnet au 

sommet du fermoir pour le faire 

sécher. 

4 

 

Grâce au fermoir ouvert, le bonnet 

reste au sommet du sac et il peut 

sécher. 

Résolution de problèmes 

Equipement 
 

Si un problème apparait pendant l’installation, la stimulation ou l’entrainement, il existe une 

liste de problématiques assez communes. Veuillez, en premier lieu, lire les suggestions. Si 

les solutions décrites ne résolvent pas les problèmes, n’hésitez pas à nous contacter. 

1. Ré-assemblages des boutons d‘électrode 
 

1 

 

Dans le cas où la partie métallique du 
bouton d’électrode se sépare de la 

partie en caoutchouc... 

2 

 

…Assemblez les deux parties en... 
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3 

 

…plaçant la longue broche en 
métal... 

4 

 

…dans la petite ouverture au milieu 
de la partie en caoutchouc de 

l’électrode. 

5 

 

Pressez les deux parties ensemble 
jusqu’à ce qu’il n’y ait plus d’espace 

entre le caoutchouc et la partie 
métallique de l’électrode. 

 

2. Détachement du Velcro du stimulateur, du faisceau de câbles et du bonnet 
 

1 

 

Le Velcro pourrait se détacher du 

stimulateur, des faisceaux de câbles 

ou du bonnet. Si vous le remarquez, 

veuillez nous contacter pour que 

nous puissions les remplacer. 

3. Rupture de câbles ou d’autres éléments de l‘équipement 
 

1 

 

En cas de rupture du matériel, 

veuillez ne plus les utiliser du 

tout. Merci de nous contacter pour 

que nous puissions remplacer le 

matériel endommagé et que vous 

puissiez continuer votre stimulation 

et entrainement. 
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 Stimulation 

4. L’ordinateur ne s’allume pas 

1 

 

Dans le cas où l’ordinateur ne s’allume 

pas, vérifiez que vous avez pressé le 

bouton pendant au moins 5 secondes, 

et que l’ordinateur est chargée. 

 

5. Démarrage du logiciel de stimulation 
 

1 

 

Si le logiciel s’arrête longtemps 
dans une fenêtre, ça pourrait être 

indicatif d’un problème de 
connexion d’internet. Veuillez 
vérifier que l’ordinateur soit 

connecté à la réseau de votre 
maison. 

2 

 

Pour vérifier la connexion, appuyez 
sur la touche Windows dans le 

clavier de l’ordinateur (encerclée en 
rouge dans l’image). 

3 

 
 

En bas de l’écran, à droite, vous 
verrez le symbole Wi-Fi. Veuillez 
vous assurer que le symbole soit 
blanc. Au cas contraire, établissez 
la connexion à votre réseau.  
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6. Impédance trop haute 
 

1 

 

Si le test de conduction électrique a 
échoué, vous verrez l’écran affichée 

à gauche. 

2 

 
 

Le logiciel vous montrera l’étape 
concernant la préparation des 
électrodes à nouveau. Encerclé en 
rouge, vous verrez les électrodes qui 
ont une conduction électrique 
insuffisante. Pour améliorer la 
conduction, essayez d’appuyer avec les 
paumes de vos mains au-dessous des 
électrodes pour assurer un bon contact 
avec votre tête, ou bien tirez légèrement 
du bonnet vers le bas. 

Si cela ne suffit pas, enlevez le bonnet 
et appliquez un peu plus d’eau aux 
électrodes. 
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Aperçu total du manuel 
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