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a b s t r a c t 

A better understanding of practice-induced functional and structural changes in our brains can help us design 

more effective learning environments that provide better outcomes. Although there is growing evidence from 

human neuroimaging that experience-dependent brain plasticity is expressed in measurable brain changes that 

are correlated with behavioural performance, the relationship between behavioural performance and structural 

or functional brain changes, and particularly the time course of these changes, is not well characterised. 

To understand the link between neuroplastic changes and behavioural performance, 15 healthy participants in 

this study followed a systematic eye movement training programme for 30 min daily at home, 5 days a week and 

for 6 consecutive weeks. Behavioural performance statistics and eye tracking data were captured throughout the 

training period to evaluate learning outcomes. Imaging data (DTI and fMRI) were collected at baseline, after two 

and six weeks of continuous training, and four weeks after training ended. 

Participants showed significant improvements in behavioural performance (faster task completion time, lower 

fixation number and fixation duration). 

Spatially overlapping reductions in microstructural diffusivity measures (MD, AD and RD) and functional acti- 

vation increases (BOLD signal) were observed in two main areas: extrastriate visual cortex (V3d) and the frontal 

part of the cerebellum/Fastigial Oculomotor Region (FOR), which are both involved in visual processing. An 

increase of functional activity was also recorded in the right frontal eye field. 

Behavioural, structural and functional changes were correlated. Microstructural change is a better predictor for 

long-term behavioural change than functional activation is, whereas the latter is superior in predicting instan- 

taneous performance. Structural and functional measures at week 2 of the training programme also predict per- 

formance at week 6 and 10, which suggests that imaging data at an early stage of training may be useful in 

optimising practice environments or rehabilitative training programmes. 
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. Introduction 

There is growing evidence from human neuroimaging studies

 Zatorre et al., 2012 ; Fields, 2015 ; Collins, 2015 ; Tucker and Luu, 2012 ;

ang et al., 2014 ; Sampaio-Baptista and Johansen-Berg, 2017 ) that

earning is associated with measurable structural brain changes. This

lteration in structure supports the corresponding changes in the func-

ional properties of individual neurones, giving rise to behavioural

hange ( Sampaio-Baptista and Johansen-Berg, 2017 ). 

Practice-induced structural changes of cortical and subcortical ar-

as have been reported to occur in grey and white matter ( Wang et al.,

014 ). While most studies consider the long-term effect of practice, some

ecent studies have demonstrated measurable changes at much faster
∗ Corresponding author. 

E-mail address: g.meyer@liverpool.ac.uk (G.F. Meyer). 

ttps://doi.org/10.1016/j.neuroimage.2020.117673 

eceived 31 March 2020; Received in revised form 11 December 2020; Accepted 14 

vailable online 24 December 2020 

053-8119/© 2020 Published by Elsevier Inc. This is an open access article under th
ime scales ( Hofstetter et al., 2017 ; Sagi et al., 2012 ). Understanding

he relationship between brain plasticity and behavioural performance

hange provides a valuable insight into the learning process ( Baker et al.,

015 ; Lövdén et al., 2013 ). Better knowledge of how the brain is altered

y practice and experience is also important for neurorehabilitation, for

xample for outcome prediction or to optimise behavioural or cogni-

ive interventions used in rehabilitation ( Baker et al., 2015 ; Kelly and

aravan, 2005 ; Dayan and Cohen, 2011 ). 

Training-related structural brain plasticity has been studied in volu-

etric studies for a number of skills that combine perceptual and mo-

or skills, such as juggling, computer games, sports, typing, phonet-

cs and music making ( Draganski et al., 2004 , 2006 ; Bezzola et al.,

011 ; Boyke et al., 9 ; Cannonieri et al., 2007 ; Golestani et al., 2011 ;
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chmithorst and Wilke, 2002 ; Maguire et al., 2000 ; Sato et al., 2015 ).

hese classical studies consistently show larger local brain volume

n task-relevant brain areas in skilled participants compared to un-

rained controls. Significant positive correlations between grey mat-

er volume and the duration of practice are commonly reported and

upport the claim that the observed differences are training-induced

 Draganski et al., 2006 ; Cannonieri et al., 2007 ; Maguire et al., 2000 ). 

.1. Diffusivity changes in response to short duration perceptual and motor 

raining 

In addition to the volumetric brain structure changes discussed

bove, brain microstructure, as measured by DTI, has been shown to be

 good predictor for skills, such as musical aptitude ( Spray et al., 2017 ),

usical performance ( Oechslin et al., 2010 ), gymnastics ( Deng et al.,

018 ), reading skills ( Horowitz-Kraus et al., 2014 ), or working memory

 Takeuchi et al., 2010 ), as well as in clinical diagnosis in a wide range

f areas, ranging from hallucination proneness ( Spray et al., 2018 ) to

ultiple sclerosis ( Roosendaal et al., 2009 ). 

Plasticity studies can broadly be split into studies that compare

roups that received extensive training with control groups, and stud-

es that measure rapid learning-induced microstructural changes within

ubjects. Studies that compare groups commonly show that extensive

raining is linked to increased fractional anisotropy (FA) and decreased

iffusivity measures (e.g. Steele et al., 2013 ; Moore et al., 2017 ; (motor

raining), Salminen et al., 2016 ; (n-back memory), and Cao et al., 2016 ;

cognitive training)). Increases in FA and decreases in diffusivity mea-

ures, however, are not reported in all training studies: Imfeld et al.

2009 ), for example, showed that diffusivity measures in the corti-

ospinal tract of early onset musicians was higher and FA lower than

n controls. Oechslin et al. (2010 ), presumably using the same imag-

ng data, showed that mean FA in the superior longitudinal fasciculus

as negatively correlated with pitch identification performance. Similar

ata was reported by Vandermosten et al. (2016 ) who showed that, for

 group of trained phoneticians, the FA in auditory areas was reduced

ompared to controls. 

Golestani et al. (2011 ), also for phoneticians, showed systematic

ross morphological difference in the transverse gyri of the trained

roup vs controls. These structures are thought to be established in

tero, highlighting that influences of domain-specific predispositions

annot be distinguished from training related morphological differences

hen comparing controls with groups that received specialist training

and may well have been selected for this training because of specific

redispositions). This significant confound can be avoided by looking

t the effect of training on a novel task within groups although this ap-

roach precludes the study of very long term training effects since the

ame participants have to be scanned at least twice, before and after

raining. 

A number of recent studies have shown diffusivity reduction and/or

A increases in task-relevant brain areas after very short training peri-

ds. Hofstetter et al. (2017 ), for a lexical training task, showed rapid

iffusivity reduction in language-related brain areas, while Tavor et al.

2020 ) showed that short duration (45 mins) keyboard training causes

ignificant MD reduction in motor areas. Similarly, training on mem-

ry tasks cause rapid changes in the hippocampus: Antonenko et al.

2016) showed that reductions in diffusivity and increases in FA are

een in older participants (mean age 69 years), suggesting that ob-

erved changes are not age-limited. Sagi et al. (2012 ) and Tavor et al.

2013 ), showed significant changes to hippocampal microstructure in

articipants trained to navigate in a car racing game. Interestingly, in

avor et al. (2013 ) study, the transient changes returned to baseline

fter approximately a week. This is consistent with data by Blumenfeld-

atzir et al. (2011) that link DTI changes observed in rats trained to

erform a navigation task over five days to structural plasticity in as-

rocytes. The involvement of these glial cells suggests that the rapid mi-

rostructural changes seen in rats and humans may not be the results of
2 
irect changes to neural processes, but perhaps instead reflect changes

hat are precursors to more long-term neural changes. Furthermore, at

east in the short term and in rats, rapid diffusivity changes appear to

epend on the nature of the novel experience rather than exposure time

 Hofstetter and Assaf, 2017 ). 

In summary, while long term DTI training studies show conflicting

hanges in DTI parameters with learning, which may be explained by

roup differences, short term studies show more consistent increases

n FA and/or reductions in diffusivity measures, even after very short

raining on novel tasks. These changes often are correlated with perfor-

ance and do not appear to be limited by the age of the participants

 Antonenko et al., 2016 ; Madden et al., 2009 ; Antonenko et al., 2016 ;

ichols and Joanisse, 2016 ; Bennett et al., 2011 ). These changes may

eflect transient changes in supporting tissue, for example astrocytes

 Sagi et al., 2012 ; Theodosis et al., 2008 ), rather than directly reflect

eural plasticity. 

Functional and structural changes to neural tissue can be caused by a

umber of mechanisms and affect grey matter, white matter, and extra-

euronal structures (review: Zatorre et al., 2012 ). Unfortunately, the

ffect of training on these structures and the relationship between the

ifferent DTI parameters is not well understood ( Golestani et al., 2011 ).

ongitudinal studies that include multiple scans may provide the nec-

ssary data to better understand how practice induces change in DTI

easures of microstructure in the human brain ( Zatorre et al., 2012 ;

ang et al., 2014 ; Sampaio-Baptista and Johansen-Berg, 2017 ). 

To explore the underlying learning mechanisms during longitudinal

tudies ( Kelly and Garavan, 2005 ; Cao et al., 2016 ), DTI needs to be

ombined with other imaging modalities (e.g. fMRI). If the observed mi-

rostructural changes have a causal relationship to behavioural changes,

hen one would expect diffusivity measures to correlate not only with

ehavioural performance ( Sagi et al., 2012 ), but also with functional

rain activation measures ( Straathof et al., 2019 ). Moreover, if mi-

rostructural changes are apparent within days ( Hofstetter et al., 2017 ;

agi et al., 2012 ) rather than months of the onset of a new practice task,

hen this offers the possibility to directly measure brain micro-structural

hange before, during and after training. 

.2. fMRI activation changes in response to short duration motor and 

erceptual training 

In general, reports of fMRI activation changes with learning are not

ntirely consistent ( Kelly and Garavan, 2005 ). Some authors report an

ncrease in activation ( Huang et al., 2013 ; Larcombe et al., 2018 ) oth-

rs a decrease over time ( Schneiders et al., 2011 ; Erickson et al., 2007 ;

arrar and Budson, 2017 ), yet others show simultaneous increase in

ome areas and decrease in other areas, consistent with functional reor-

anisation ( Kelly and Garavan, 2005 ). A possible explanation for these

nconsistent results is that there are distinct mechanisms and temporal

hases in the time course of learning, related to differential dynamics of

lood oxygen level-dependent (BOLD) activity ( Yotsumoto et al., 2008 ).

he following review will focus on motor and perceptual learning, which

s at the core of the task we use. 

One of the earliest reports of fMRI experiments that provide evidence

f experience-dependent reorganisation of task relevant areas was pro-

ided by Kami et al. (1995 ) who showed that motor learning results

n persistent and task-specific BOLD response increases in motor cortex.

ater work on motor sequence learning and motor adaptation confirmed

hese findings and emphasized the role of sleep dependent consolidation

 Debas et al., 2010 ; review Doyon and Benali, 2005 ). 

A substantial amount of fMRI data supports proposals that percep-

ual training, like motor training, also leads to changes in local con-

ections within task relevant areas. In the visual domain this has been

hown for tasks ranging from texture ( Schwartz et al., 2002 ) or curva-

ure discrimination ( Maertens and Pollmann, 2005 ) to motion percep-

ion ( Shibata et al., 2012 , 2016 ). Similar effects have been demonstrated

n other sensory modalities: short term discrimination training leads to
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eural activation increases, for example for auditory pitch discrimina-

ion ( de Souza et al., 2013 ), or tactile grating orientation discrimination

raining ( Hodzic et al., 2004 ) that were correlated to behavioural per-

ormance gains. 

While perceptual learning necessarily modifies mostly sensory brain

reas, similar effects have been shown in non-perceptual tasks. One ex-

mple is mental practise, the cognitive rehearsal of movements, which

n stroke patients led to simultaneous improvements in clinical motion

easures and increased functional activation in bilateral motor cortex

nd ipsilateral superior parietal cortex ( Page et al., 2009 ). Censor et al.

2012) argue that perceptual and motor learning show similar character-

stics in terms temporal dynamics and the interactions between primary

ortical and higher-order brain areas that are suggestive of a common

earning mechanism for both types of tasks. 

In visual perceptual learning (VPL), initial functional activation in-

reases are consistently reported with learning ( Yotsumoto et al., 2008 ;

rank et al., 2018 ; Hadjikhani et al., 2001 ; Furmanski et al., 2004 ;

ourtzi et al., 2005 ), the further time course of functional activation

hanges with learning is much less clear. Yotsumoto et al. (2008 ), for

nstance, found that functional activation in the primary visual cortex

V1) initially increased, but returned to the level observed before train-

ng while behavioural performance still improved. The authors hypoth-

size that there are distinct temporal phases in the time course of per-

eptual learning, which are expressed in differential dynamics of BOLD

ctivity. The initial activation increase can be explained in terms of an

arly encoding phase, while the drop in activation as learning progresses

s explained by the consolidation in a later retention phase. 

The reduction in functional activity to baseline levels, however, is

ot seen in other studies: Most strikingly, Frank et al. (2018 ) measured

ehavioural performance and functional activation during a VPL task

hat required participants to discriminate complex motion patters and

ound that performance and task specific functional activation increases

ere still measurable three years after participants completed the initial

PL training. 

A possible explanation of these differential results is that functional

ctivation changes can be explained by different models: if learning

eads to neuroplastic changes that make pre-existing task-relevant neu-

al circuitry more efficient, then a reduction of activity would be ex-

ected. More efficient neural circuitry might enable participants to di-

ect attentional resources better to task relevant areas, leading to more

ocal increases of activation in relevant areas ( Büchel and Friston, 1997 ).

nother, partial, explanation for activation increases, particularly in

elf-paced tasks, are rate effects ( Nyberg et al., 2006 ): increased acti-

ation may be caused by an increase in the number of stimuli partici-

ants can process in a given time ( Liu et al., 2005 ), or by attending to

ask-relevant aspects, such as the modality, of the signals. 

Functional activation changes in many VPL studies ( Bi et al., 2014 ;

otsumoto et al., 2014 ; Frank et al., 2016 ; Kang et al., 2018 ) are re-

ected in structural changes. Cortical thickness measures, for exam-

le, were associated with successful behavioural improvement in two

PL training studies ( Bi et al., 2014 ; Frank et al., 2016 ) that also re-

orted increase of functional activation with learning. Similarly, FA in-

reases have been shown to accompany functional activation increases

ith training, and these FA increases were correlated significantly with

ehavioural improvement ( Kang et al., 2018 ). A better understanding

f the time course of functional activation patterns, in particular when

ombined with microstructural data, may therefore shed light on the

ynamics of learning induced neuroplastic changes. 

The aim of this study is to test the hypothesis that training induces

orrelated changes in microstructural MR parameters, functional acti-

ation measures and behavioural data. To investigate the potential cor-

elations between multiple outcome measures we chose a task which

as clearly defined outcome measures, is novel for all participants to

ontrol for previous experience, and is relevant for clinical applications

 Rowe et al., 2017 ). The task we chose is a ‘visual search’ task that is

sed for rehabilitation of patients with hemianopia (visual field loss,
3 
ypically caused by injury to visual cortex; Rowe et al., 2017 ). Indeed,

or clinical and rehabilitative purposes, several studies have explored

he impact of scanning eye movements into the affected visual field for

emianopia patients ( Hanna et al., 2017 ). The training aims to com-

ensate for visual field defects by improving the speed and accuracy of

ye movements. into the defective visual field portion ( Aimola et al.,

014 ; Jacquin-Courtois et al., 2013 ; Lane et al., 2010 ; Ong et al., 2015 ;

ambakian et al., 2004 ). 

Rowe et al. (2017 ) proposed a specific eye movement training pro-

ram for stroke survivors with hemianopia and show an improvement

n vision-related quality of life with training. In this intervention, stroke

urvivors learn to make systematic bilateral eye movements to scan the

nvironment over six weeks. The task provides precisely measurable

ata on performance and eye movement parameters ( Mannan et al.,

010 ; Pambakian et al., 2004 ; Wang, 2001 ), which can be directly corre-

ated with MR imaging parameters. While the task has previously been

sed in neuro-rehabilitation, it can be applied to healthy participants

nd provides insights into the underlying neural mechanisms of percep-

ual and motor learning that reflect general principles of brain plasticity

n adults ( Kang et al., 2018 ). 

Using a visuomotor learning task that is carried out over a relatively

xtended period means that we can scan participants multiple times dur-

ng the training and these repeated scans enable us to test how early pa-

ameter changes predict longer-term changes or behavioural outcomes.

.3. Specific hypotheses 

In this novel visuomotor learning task, we expect to see significant

erformance improvements over time in terms of processing speed, in

erms of the required number of gazes to perform the task and in terms

f gaze fixation duration. 

1) Most fMRI studies in motor or visual perceptual learning, as dis-

cussed previously, report early increases of fMRI signal as a conse-

quence of training. We therefore hypothesize that BOLD activation

in functionally relevant areas should increase. 

2) In addition to testing participants on the trained task, data was col-

lected for an untrained, involuntary, eye movement task. We ex-

pect this task to activate broadly similar brain areas in fMRI, but

do not expect to see significant performance or functional activation

changes for this control task. 

3) As discussed in the introduction, many learning studies show a re-

duction in diffusivity measures (MD, AD and RD) and an increase

in FA with training. We therefore expect to see an increase in FA

and/or a reduction in water diffusivity measures (MD, AD and RD)

in the functionally relevant brain areas. 

4) One of the aims of this study is to characterise the time course of

behavioural, functional and structural change. Being able to demon-

strate correlations between these parameters would strengthen the

argument that the observed changes are directly or indirectly related

and have predictive value. 

. Methods 

.1. Participants 

To determine the number of participants required for the experi-

ent, a power analysis (g-power, V3.1.9.4 ( Faul et al., 2020 )) was car-

ied out. The effect size was estimated from previous results published

y Sagi et al. (2012) who conducted a similar learning study (Cohen’s

 = 0.95). For the DTI analysis we have a clear a-priori hypothesis: de-

reased diffusivity measures and increased FA. The minimum partici-

ant number for a one-tailed, paired samples (comparing pre-and post-

raining data) analysis with 𝛼 error probability (0.05) and power (1- 𝛽

rror prob = 0.95) was estimated as 14 (actual power 0.956). 

In the current study, 15 healthy participants (7 female, 8 male) with

ormal vision were recruited (mean age = 35.9 years, range 21 – 60).
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Fig. 1. Schematic representation of the digital VISION visual scanning 

training : the diagram shows the target gaze positions that participants are 

asked to look at during the task. The numbered circles and fixation point are 

permanently visible, participants systematically look at all numbered targets, 

alternating left and right. The next target always contains a small shape (circle 

or triangle), which participants have to identify. As soon as a response is given 

the current target disappears and a random shape is presented at the next 

target position. The targets are repetitively represented (379 stimuli) on three 

different axes (horizontal and two oblique axes). The digital version was used 

for training at home (30 min daily), lab testing and for the voluntary fMRI task. 
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ll participants gave informed consent and the study was approved by

niversity of Liverpool Ethics Committee (reference number: 1596). 

.2. Training design 

All participants followed an eye movement training programme

eveloped for hemianopia neurorehabilitation: VISION visual scanning

raining ( Rowe et al., 2017 ). The basic training paradigm remained un-

hanged, except that the visual targets were presented on a computer

creen instead of an A4 landscape card to enable us to measure be-

avioural performance and eye tracking data, such as correct eye fix-

tion points and gaze duration. 

The digital version of the VISION visual scanning training card

 Fig. 1 ) was created using PsychoPy2 (v1.82.01; Peirce et al., 2019 ), and

onsists of numbered circles radiating out from a central fixation target

long three axes, one horizontal, the other two spanning the diagonals

f the screen. The participants learn to move their gaze quickly between

 sequence of permanently visible and numbered targets as indicated in

he diagram. Participants start just to the right of the fixation point (tar-

et 1, right) then move to the left hemifield (1, left), then to target (2)

n the right etc. 

.2.1. Training task and stimuli 

Participants were asked to identify a small (0.45° visual angle, grey

olour) symbol at the fixation target positions by pressing an appropri-

te button on a custom key-pad (left for triangle, right for circle). The

rst target appeared at the first numbered position near the centre of

he screen at the beginning of each training session. Subsequent stimuli

ere presented in predictable positions but with a random shape (trian-

le or circle), systematically alternating between hemifields along the

orizontal as well as oblique planes to ensure stimulation of a wide vi-

ual area. Only one target shape was visible at a time; the next target was
4 
resented in the opposite hemifield as soon as participants responded to

he current stimulus. The three axes of targets were always fixated in the

ame order: horizontal, then bottom-left to top-right, and then top-left

o bottom-right. 

As in the original training paradigm, participants were instructed to

inimise head movements and keep at a fixed distance from the com-

uter screen to achieve at least a 30-degree field of vision to the right

nd left sides. Participants were asked to respond as rapidly and accu-

ately as possible. A minimum performance criterion of > 75% correct

the midpoint between chance and ceiling performance) was defined for

ll behavioural and functional tasks to ensure participants were attend-

ng to the stimuli. 

.2.2. Training paradigm 

Participants were asked to continually train at home for 30 min daily,

ve days a week and for six consecutive weeks. Performance data (re-

ponse times, accuracy, and overall training duration) were recorded

utomatically and checked every week (results: Table 2 ). 

.3. Behavioural performance data 

In addition to the performance monitoring that was carried out while

articipants were training at home, each participant was assessed in

he laboratory, using an eye tracker, every week. The data gathered at

ome were used to check compliance with the training regime while

he data recorded in the lab, using common equipment and a controlled

nvironment for all participants, is the basis of the performance data

eported here. 

.3.1. Testing procedure 

Behavioural performance was measured for each subject at the base-

ine (week 0), once every week for six weeks of training and at a follow-

p test, one month after the training ended, to quantify visuomotor

earning gains ( Table 1 ). 

All participants performed a session of the same 379 targets at each

ata collection point. The test session was performed on a laptop screen

f 38.3 × 21.6 cm (width x height) at a viewing distance of 50 cm. A

hin rest was used to minimise head movements. A display mounted eye

racker ( The EyeTribe – Model: ET1000), individually calibrated for each

est session, was used to record gaze position data. 

.3.2. Behavioural performance measurement 

The principal behavioural performance measure was the mean re-

ponse time (RT): the average time taken by participants to respond to

ach stimulus in the experiment. For experiments conducted in the lab

nd training runs at home, the number of targets in each run was fixed.

he fMRI experiment was a block design, with alternating ‘task’ and

rest’ conditions, here the total execution time (task block duration) was

xed so that the number of targets processed varied between partici-

ants and MRI sessions. 

In addition to the behavioural RT measure, two sets of eye tracking

ata were recorded: the Mean Fixation Duration (MFD); fixation dura-

ions were estimated from the eye tracking data as periods where the eye

osition varied less than 0.5 
0 

over a minimum of 60 ms ( Mannan et al.,

010 ), and the total number of fixations (TNF); the number of fixa-

ions (gazes) required to complete the task. 

Learning-related behavioural changes in this study were expected for

ye movement parameters rather than for response accuracy, where we

xpect near ceiling performance, see also tables S1, S2 and S3 in the

upplementary material (section B). 

.3.3. Stimulus presentation in the scanner 

Participants were asked to lie still in the MRI scanner in

 low light environment. The stimuli were presented via an

RI compatible monitor (NordicNeuroLab, model LCD 3.0.4,

ttps://www.nordicneurolab.com ). Participants saw the stimuli

https://www.nordicneurolab.com
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Table 1 

Data collection protocol : table shows behavioural performance measures in lab (baseline, six visits during the training period and a follow up visit 

after a month of training period), and MRI scans visits (baseline, two weeks later, end of the training period and a follow up visit after a month of 

training period). During the MRI scan visits the fMRI data (voluntary and involuntary), DTI data and in-scanner behavioural performance data were 

collected. 

Data collection week 0 week 1 week 2 week 3 week 4 week 5 week 6 week 7 week 8 week 9 week 10 

Behavioural Data 1st visit 2nd visit 3rd visit 4th visit 5th visit 6th visit 7th visit 8th visit 

Functional Data 1st scan 2nd scan 3rd scan 4th scan 

Structural Data 1st scan 2nd scan 3rd scan 4th scan 

Training Period 
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hrough a small mirror mounted on the head coil, providing a visual

eld of 45° degrees. PsychoPy2 (v1.82.01; Peirce et al., 2019 ) was

sed for stimulus presentation and to record participants’ responses

ia NordicNeuroLab fMRI Response Grips (using right index finger for

ircle targets and left index finger for triangle targets). 

.4. Image data analysis: general approach 

Our image analysis is split into three parts. Firstly, we identify

egions of significant change in functional and diffusivity measures

ver the six-week course of training. This analysis was limited to task-

elevant brain regions, i.e. areas that show significant functional ac-

ivation at any time during training. Following on from this analysis,

e analyse the time course of change in the functional and diffusivity

easures, focussing on the regions identified in the previous step. The

nal analysis tests whether neuroimaging measures correlate with be-

avioural performance and whether it is possible to extrapolate (predict)

easures in time. 

.5. Functional imaging data analysis 

.5.1. Functional imaging tasks 

Two functional task sessions, voluntary and involuntary eye move-

ent, were run for each participant at each MRI scan visit. For the volun-

ary eye movement task, stimulus presentation and participant instruc-

ions were identical to those used during training. For the involuntary

ye movement task, serving as a control task, participants were asked to

espond to circle or triangle targets (grey colour, size varied randomly

etween 0.92° and 1.14° visual degrees), which were presented in ran-

om positions to create involuntary saccades. 

A standard block-design of 15 blocks, 32 s block duration

 Maus et al., 2010 ), alternating 16 s of rest and 16 s of activity, was

pplied to measure the fMRI contrast changes for both tasks. Each func-

ional task took 8 min (160 vol) to complete. All sessions started with

6 s of rest and participants were requested to fixate a central fixation

oint during the rest periods. 

The response accuracy and the total number of responses to the tar-

ets were recorded using PsychoPy2 ( Peirce et al., 2019 ). Both tasks

ere performed at each of four fMRI scan visits (week 0, 2, 6 and 10,

able 1 ) that coincided with DTI scans and performance tests. Global

ctivation patterns elicited during the training task are compared with

hose seen during the control task to demonstrate learning specific

hanges. 

.5.2. fMRI data acquisition 

Anatomical, T1-weighted images (mprage, voxel size:

.0 × 1.0 × 1.0 mm, TR = 2000.0 ms, TE = 2.25 ms, TI = 912 ms) and

unctional, T2 ∗ -weighted MR images were acquired with a 3T Siemens

agnetom Prisma using a 32-channel receiver head-coil. Functional

maging data were acquired using an echo-planar (EPI) pulse sequence

a T2 ∗ -weighted gradient-echo). Forty-eight interleaved transverse

lices (voxel size = 3.0 × 3.0 × 2.7 mm, inter-slice gap = 2.97 mm)

o cover the whole brain volume were acquired with EPI acceleration
5 
actor set to 2 and repetition time TR = 3000 ms (TE = 30 ms, flip

ngle = 90°, FOV 192 × 192 mm 

2 ). 

.5.3. fMRI statistical analysis 

Analysis of the functional data was performed with SPM12 (Statisti-

al Parametric Mapping software, https://www.fil.ion.ucl.ac.uk/spm/ )

unning on MATLAB R2016a. Pre-processing of the functional data was

erformed using the SPM12 default batch (preproc_fMRI.m) starting

ith slice time correction, before realignment of all functional scanning

essions to a common image. For each participant, the EPI volumes for

ll eight sessions, voluntary and involuntary task at each of the four

isits, were processed at the same time. All images within each session

ere spatially realigned to the first volume of the session, unwarped and

orrected for motion artefacts. 

The T1 weighted (mprage) structural image, collected during the

aseline scan, was segmented into white matter, grey matter and cere-

rospinal fluid for spatial normalization. All EPI images for each indi-

idual were realigned to this single, high resolution structural scan. 

To complete the preprocessing, all EPI images were normalised

o the Montreal Neurological Institution (MNI) space, resampled

1 × 1 × 1 mm 

3 voxels using trilinear interpolation) and spatially

moothed with a 6 mm Gaussian kernel (full-width at half-maximum)

or the group analysis. 

.5.4. First level fMRI data analysis 

Data were analysed using a random-effect model ( Friston et al.,

999 ), implemented in a two-level procedure. In the first level, fMRI

ignals for individual subjects were modelled in a General Linear Model

GLM) by a design-matrix, modelling the onsets and the durations

f each block in the voluntary and involuntary task. In addition to

he four regressors that were used for further analysis, rest_voluntary,

ct_voluntary, rest_involuntary and act_involuntary, six motion param-

ters, representing translational and rotational motion in three dimen-

ions each, computed at the realignment stage, were modelled as nui-

ance regressors. From the four task-related regressors, two contrasts

ere created (act_voluntry vs rest_voluntary and act_involuntary vs

est_involuntary) for each visit. These contrasts form the basis of the

OI definition because they enable us to restrict further analysis to task-

elevant brain regions in the fMRI and DTI data. 

.5.5. Second level fMRI analysis 1: ROI definition 

In fMRI and DTI analysis, it is common to define independent regions

f interest (ROI) to increase sensitivity to small changes of the parame-

ers of interest, here relatively subtle changes in fMRI or DTI parameters

ver six weeks of training ( Froeling et al., 2016 ). 

For DTI analysis, in particular for white matter tracts, it is common

o use anatomically or functionally defined ROIs to extract white mat-

er tracts that connect these regions ( Anon, 2007 ; Revill et al., 2014 ;

eer et al., 2013 ) while in functional imaging independent functional

cans are commonly used to define ROIs ( Poldrack, 2007 ). 

Training effects in DTI data are not restricted to white mat-

er, but have also been shown to modulate grey matter diffu-

ivity ( Fields, 2011 ; Kühn et al., 2014 ; Noppeney et al., 2005 ;

https://www.fil.ion.ucl.ac.uk/spm/
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lumenfeld-Katzir et al., 2011 ). Functionally relevant grey matter ar-

as should therefore be included in the DTI analysis. 

We expect relatively small structural or functional learning-induced

hanges over time but expect these neuroplastic changes to be restricted

o task-relevant grey-matter regions, or in white matter tracts that con-

ect relevant regions. To enhance the specificity of our analysis we

herefore define a ROI that is used in fMRI and DTI analysis: group-wise

MRI activation maps (voluntary eye movement vs rest, thresholded pT-

CE < 0.05; Spisák et al., 2019 ), were computed separately for each of

he four visits. These four maps were combined using a logical union

OR) operation to ensure that any clusters that were significantly active

t any time of the training were included in the resulting ROI. 

The DTI and fMRI used different image acquisition sequences and

ere processed independently. To allow for any inaccuracies in the

lignment of the two modalities, the fMRI-based ROI masks were fur-

her smoothed using a 6 mm Gaussian kernel. The resulting mask conse-

uently extends significantly into white matter adjacent to functionally

efined regions: 55.9% of voxels in the global mask are located in white

atter tracts identified from the DTI FA map (FA ≥ 0.15; Dellani et al.,

007 ); see supplementary material (section A, Fig. S1) 

.5.6. Second level fMRI analysis 2: training-induced functional activation 

hange 

For the second-level analysis (group analysis), contrast images from

he first level analysis were entered into flexible ANOVA (repeated mea-

ures) analysis ( Friston et al., 2002 ). This analysis was performed sep-

rately for the two functional experiments (voluntary and involuntary)

nd consisted of four contrasts: two contrasts characterise the activation

ontrasts at baseline (week 0) and the end of training (week 6) relative

o rest: ACT w0 > REST w0 and ACT w6 > REST w6. The remaining two con-

rasts compare activation post-training (week 6) with the baseline (week

): ACT w0 > ACT w6 and ACT w0 < ACT w6 ). Cluster level probability val-

es, thresholded at pFWE < 0.05, were computed from a voxel-level

hreshold of p -unc < 0.001. The cutoff for the cluster size used in the

nalysis was 845 voxels. All analyses were limited to the ROI. 

.6. Structural imaging data 

.6.1. DTI data acquisition 

Diffusion-weighted images were collected immediately follow-

ng the fMRI scans at each of the four visits (see Table 1 ). An

PI sequence with the following parameters was applied: repetition

ime/TR = 3200 ms, echo time/TE = 90 ms, flip angle = 90°, slice

hickness = 2.5 mm, FOV = 220 × 220 voxels, 50 slices. As DTI se-

uences suffer from spatial distortions along the phase encoding direc-

ion ( Thakkar et al., 2020 ), two diffusion-weighted sequences were

cquired with reverse encoding directions, resulting in pairs of im-

ges with distortions in opposite directions. The principal DTI se-

uence (posterior/interior) consisted of a non-diffusion weighted T2

b-value = 0 s/mm 

2 ) followed by a 64-direction diffusion weighted (b-

alue = 1000s/mm 

2 ) images. 

.6.2. DTI data analysis 

DTI data were analysed using FMRIB Software Library (FSL 5.0.9,

ttp://www.fMRIb.ox.ac.uk/fsl/ ; Woolrich et al., 2009 ) in a

ipeline ( Burzynska et al., 2010 ), including: (1) topup, to esti-

ate and correct susceptibility induced distortions ( Andersson et al.,

003 ), (2) eddy, to correct for eddy currents and motion artefacts

n diffusion data ( Andersson and Sotiropoulos, 2016 ), (3) BET (brain

xtraction tool) to remove the skull and non-brain tissue ( Pechaud et al.,

006 ), and (4) DTIFIT for voxel-by-voxel calculation of the diffusion

ensors ( Basser et al., 1994 ). The following DTI parameters were com-

uted: axial diffusivity ( AD = 𝜆1 ) , radial diffusivity, RD = ( 𝜆2 + 𝜆3 )∕2 ,
ean diffusivity MD = ( 𝜆1 + 𝜆2 + 𝜆3 )∕3 , and fractional anisotropy

A = 

√ 

(( 𝜆1 − 𝜆2 ) 2 + ( 𝜆2 − 𝜆3 ) 2 + ( 𝜆1 − 𝜆3 ) 2 )∕2( 𝜆2 1 + 𝜆2 2 + 𝜆2 3 )) . 
6 
Instead of TBSS (tract-based spatial statistic; Smith et al., 2006 ),

he conventional DTI analysis consisting of nonlinear registration, fol-

owed by projection onto an alignment-invariant tract representation,

he "mean FA skeleton", we followed the work of Schwarz et al.

2014 ), who showed that ANTs (Advanced Normalization Tool;

vants et al., 2011 ) groupwise registration methods enable more sen-

itive detection of the true structural changes and greater specificity in

esisting false positives, which may occur from misregistration. As dif-

usion gradients are specified in the native space ( Thakkar et al.,

020 ), DTI analysis was also carried out in the native space for

ach participant. In order to perform voxel-based analysis (VBA)

e used ANTs ( antsMultivariateTemplateConstruction2.sh ; Klein et al.,

010 ) to generate a FA template images for each individual subject. All

TI maps (FA, MD, AD and RD), then, were realigned in native space,

sing this FA template. DTI parameter changes between visits were com-

uted in native space as a first level of analysis. To transform the DTI

aps into a common space, transformation matrices mapping the indi-

idual FA templates into a common space (FMRIB58_FA_1 mm.nii.gz)

ere computed using antsRegistrationSyNQuick.sh. The same transfor-

ation was then applied to all DTI maps using antsApplyTransforms

 Avants et al., 2011 ). 

The group analysis (as a second level of analysis) was

hen conducted after transforming the results of individ-

al calculations into a common space. To increase the sig-

al to noise ratio (SNR) ( Schwarz et al., 2014 ), all com-

uted images were smoothed with a 5 mm Gaussian kernel af-

er transformation to the common space. The FSL-randomise

cript ( https://fsl.fMRIb.ox.ac.uk/fsl/fslwiki/Randomise ; Winkler et al.,

014 ) was applied with default settings ( z = 2.3 and p = 0.05) and by

unning 5000 permutations for statistical inference. 

In a joint functional and DTI analysis, it is common to consider white

atter tracts that connect functionally relevant grey matter areas. We

erformed a separate TBSS analysis to identify changes located in white

atter tracts and found that all clusters of significant changes in the

BSS analysis were included in the main ROI mask. Instead of duplicat-

ng the material in the main text, we therefore cover the TBSS analysis

n the supplementary materials (section A, Fig. S2). 

.7. fMRI and DTI data extraction for time course analysis 

The basis of the time-course analysis are brain areas that showed

ignificant functional or structural change at week 6 (the end of training)

ompared to baseline. 

.7.1. fMRI data extraction 

The MarsBar ROI toolbox for SPM (release 0.42; Brett et al., 2002 )

nd REX ( http://web.mit.edu/swg/rex ) were used to extract the mean

ctivation in those areas that exhibited significant change at week 6 for

ll other time points. The labels of these regions were obtained using

PM-Anatomy toolbox v.1.7. All clusters fell into occipital (v3d), cere-

ellar (OC) regions (see Fig. 5 a, in the results section) and the right

rontal eye field (FEF); see Fig. 4 in results section. Where more than

ne activation cluster was located within a single anatomical region the

lusters were combined. 

.7.2. DTI data extraction 

Analogous to the fMRI processing, mean DTI parameters (AD, RD,

D and FA) were calculated over all voxels showing significant change.

lusters for each of the four DTI parameters were extracted and anal-

sed separately because the size and shape of regions of change differed

cross DTI parameters. This means that each parameter mean is based on

 mask that is specific to the parameter under consideration (see Fig. 5 b

or MD mask for time course data extraction; supplementary material,

ig. S6a for AD mask data extraction, S6b for RD mask data extraction;

ig. S4 for FA mask data extraction). Where more than one activation

luster was located within a single anatomical region the clusters were

http://www.fMRIb.ox.ac.uk/fsl/
https://fsl.fMRIb.ox.ac.uk/fsl/fslwiki/Randomise
http://web.mit.edu/swg/rex
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Table 2 

Results of training durations at home and behavioural performance accuracies : the table 

shows the mean and standard deviation of the participants’ daily training at home and the accuracy 

of target detection (home task, lab task and fMRI task). 

Training and Tasks Performance results 

Training and Tasks Results (mean and standard deviation) 

Daily training duration at home 31.44 min (5.4 min) 

Accuracy of target detection at home 91.9% (5.1%) 

Accuracy of target detection at lab 92.9% (3.0%) 

Accuracy of target detection in scanner (voluntary task) 90.6% (2.0%) 

Accuracy of target detection in scanner (involuntary task) 91.5% (2.0%) 
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Fig. 2. Training effects on behavioural performance : the chart shows im- 

pact of the training on the average response time during the lab tests over the 

training period and one month after training (rightmost bar in the graph). 
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ombined into a single data extraction mask (for time course analysis)

o mirror the fMRI analysis. 

.8. Statistical analysis for all variables 

To evaluate performance gains during training, paired samples t-

ests, using Statistical Package for Social Sciences (SPSS V 16.0) for win-

ows , were computed. 

For further analysis testing whether changes in behavioural perfor-

ance, functional activation patterns, and structural measures are co-

ncident, we correlated these measures. 

We expect an improvement in performance measures (decrease in

T, MFD and TNF), a decrease in all diffusivity measures (MD, AD, RD)

nd an increase in fractional anisotropy (FA) with training. For this rea-

on ( Ruxton and Neuhaeuser, 2020 ), one-sided statistical tests were used

or these parameters. 

Similarly, the existing literature ( Yotsumoto et al., 2008 ;

adjikhani et al., 2001 ; Furmanski et al., 2004 ; Kourtzi et al., 2005 ;

ittle et al., 2004 ) shows consistent functional activation increases

n motor and perceptual learning tasks. We therefore used one-sided

-tests, hypothesizing an increase in mean functional activity with

raining, in all direct comparisons of fMRI data. 

Behavioural performance data (RT and TNF) and DTI measures for

he correlational analysis were expressed as change relative to the first

easure recorded for each participant to minimise inter-subject vari-

bility: 

Δ𝑃 𝑡 = 

𝑃 𝑡 

𝑃 𝑜 
where the relative performance change at time t , Δ𝑃 𝑡 , is

the ratio of the absolute performance P t and the performance at

the baseline P 0 . 

The functional imaging data are proportional signal change esti-

ates, 𝛽, already, so that they were used as they were recorded. The

ignificance level for all correlation analyses was set at p ≤ 0.05. The

easures are highly correlated with each other, therefore violate the

ndependence assumption that is the basis for multiple comparison cor-

ection (see Fig. 7 for summary data), we therefore present uncorrected

 values for the correlation analysis. 

. Results 

All 15 participants completed the training period with the minimum

aily training session (30 min daily) and exceeded the minimum per-

ormance requirement (75% correct target identification in each task

ession). Thus, all behavioural and imaging data were included in the

ata analysis. Table 2 and section B in supplementary materials (Ta-

le S1, Table S2 and Table S3) contain more details about behavioural

erformance accuracy of the participants during the training and tasks

ession. 

.1. Impact of training – behavioural data 

Behavioural performance improved significantly over the training

eriod ( Fig. 2 and supplementary material, section C, Fig. S3a and S3b) .
7 
n the group analysis, there is a significant main effect of training week

n a repeated measures (subject) ANOVA F (7,14) = 11.50, p = 0.0013).

he mean response time (RT) decreased significantly from 0.80 ( ± 0.19)

 at week 0 to 0.47 ( ± 0.10) s at week (t(14) = 10.89, p < 0.001) . The

umber of fixations (TNF) and mean fixation duration (MFD) measures

lso reduced significantly: the TNF reduced from 666 ( ± 132) to 485 ( ±
9), t(14) = 7.00 , p < 0.001, while MFD reduced from 0.335 ( ± 0.053)

 to 0.221 ( ± 0.041) s, t(14) = 8.02, p < 0.001. 

Behavioural performance improvements were maintained one

onth after the training ended in all behavioural measures. The mean

T at week 10 was significantly lower than at baseline (0.47 s ( ± 0.10 s)

s 0.80 s ( ± 0.19 s), t(14) = 10.542, p < 0.001) but not different to the

T measured at week 6, Fig. 2 . See supplementary material, section C,

or the other behavioural measures. 

.2. Impact of training – imaging data 

Our participants learned to execute a complex sequence of alternat-

ng speeded voluntary eye movements. To show that behavioural and

unctional changes were the result of training we asked all participants

o carry out an involuntary eye movement (control) task to show the

issociation of training effects between the two tasks. We hypothesize

hat we will see an increase in functional activation and the DTI FA
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Fig. 3. Global functional activation for the trained (voluntary) and control (involuntary) task : Panel (a) and (b) show the average global activation (P FWE < 

0.05 cluster level) at baseline (week 0) for the voluntary and involuntary task. Significant activation changes between baseline and the end of training (week 6) are 

seen in occipital cortex, cerebellum and FEF (P FWE < 0.05 cluster level) for the trained task in panel (c), but not for the control (involuntary eye movements) task in 

panel (d). 

Fig. 4. Functional activation change in the frontal eye field : Post-Pre contrast shows functional activation (P FWE < 0.05 cluster level) in the right FEF ( x = 44, 

y = − 11.89, z = 52.10) as a result of training. No significant activation changes were seen for the control task in the same area. 
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easure and a decrease in mean diffusivity measures (MD, RD, AD) in

ask-relevant brain areas for the training task only. 

Both MRI functional tasks (voluntary and involuntary eye move-

ent) cause similar global brain activation patterns ( Fig. 3 a and 3 b).

 significant increase in fMRI signal with training, however, was only

hown in the voluntary (trained) task, Fig. 3 c. No systematic training

nduced functional changes were shown for the involuntary (control)

ye movement task, Fig. 3 d. 

At the end of the training period, significant fMRI activation changes

ere observed in the frontal eye field (FEF), the occipital lobe and cere-

ellum ( Figs. 4 and 5 a), p (FWE) < 0.05 while participants performed the

rained task. 

Significant mean diffusivity reductions were also observed in match-

ng regions, the occipital lobe and cerebellum ( p (FWE) < 0.05, see

ig. 5 b). The functional and structural brain changes overlapped mainly
8 
n extrastriate area (v3d) and Oculomotor Cerebellum region (OC),

ig. 5 c. 

We hypothesized that at the end of the training period, significant

ncreases in fMRI activation, FA and a simultaneous reduction in diffu-

ivity measures would be seen. Our data shows overlapping functional

nd structural changes in two functionally relevant areas. These changes

re seen only for the trained, not the control task. No structural, but

unctional changes are seen in FEF. Fractional Anisotropy, FA, one of

he key DTI measures, did not show significant change in any region

Fig. S4, section D in supplementary materials). 

The pattern of change for the three diffusivity measures, AD, RD

nd MD are similar. As the MD measure is a composite of AD and

D the discussion below will focus on MD changes. Additional de-

ails are provided in the supplementary materials, including maps

howing AD and RD data (section D, Fig. S6), and more details
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Fig. 5. Direct comparison of the effect of training on functional and structural parameters : Panel (a) shows significant increases in fMRI signal (P FWE < 0.05 

cluster level), while panel (b) presents significant reduction in the DTI MD measure. Functional and structural changes co-occur in extrastriate area (v3d) and 

oculomotor cerebellum (OC). The background images are T1-weighted Montreal Neurological Institute (MNI) standard templates (fsl standard/MNI152_T1_1 mm) 

for orientation. Sections intersect at MNI coordinates [ x = 7, y = − 66, z = 19]. Panel (c) shows areas where fMRI and DTI changes overlap. Note that the spm fMRI 

images (panel a) are ‘flipped’ to facilitate comparison with the fsl representation of the MD images (panel b). All analyses were limited to the ROI area, which mean 

that all significant functional and structural clusters changes are located in the ROI mask (supplementary material, Fig. S1a). 
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bout the affected functional and structural brain areas (section D,

ig. S7). 

.3. Time course of functional and structural change 

Behavioural measures ( Figs. 2 and S3) show the typical exponen-

ial performance improvement that was first described a century ago

 Thurstone, 1919 ). The extracted micro-structural imaging data show

atching gradual MD reductions in both visual and cerebellum MD tar-

et regions ( Fig. 6 b and 6 d) over the six weeks of training. At week

, MD was reduced significantly in the both target regions (MD visual,

(14) = 5.93, p < 0.001; MD cerebellum, t(14) = 8.08, p < 0.001). 

Functional activation changes were measured for the trained, volun-

ary eye movement task as well as for a control task involving invol-

ntary eye movements (voluntary: Fig. 6 a, Fig. 6 c and Fig. S8; invol-

ntary: Fig S9). Separate repeated measures ANOVAs with the factors

ime, (week 0,2, 6 and 10), condition (voluntary, involuntary) and par-

icipant as the repeated measure were conducted for each of the three

egions of interest (visual cortex, cerebellum and FEF). All three analy-

es showed significant main effects of learning duration (factor ‘Time’:

eek 0, 2, 6 and 10) and significant interactions between duration and

actor ‘Condition’ (voluntary, involuntary) consistent with differential

earning effects for the two conditions. Significant main effects of ‘Con-

ition’ were seen in visual cortex and cerebellum, but not in the FEF re-

ion. Post-hoc, paired t-tests show that the activation increases between

eek 0 and week 6 are significant in all three areas for the voluntary

ye movement task but not for the control task ( Table 3 ). 

Functional activations and mean diffusivity changes in the visual and

erebellar target areas, as shown in Fig. 6 , partially reverted to baseline

fter the cessation of training. MD values in the visual area at week 10

emained significantly below baseline, t(14) = 1.72, p < 0.05, whereas

he MD in cerebellum was no longer significantly different from the

aseline, t(14) = 1.2, p < 0.12, Fig. 6 b and 6 d) 
9 
Functional activation during the voluntary task, which was increased

ignificantly relative to baseline at weeks 2 and 6 during training, re-

uced at the week 10 test to a point where it was no longer significantly

ifferent from baseline (visual cortex t(14) = − 1.50, p = 0.07, cerebel-

um t(14) = − 1.27, p = 0.11, and FEF t(14) = − 1.55, p = 0.7), Fig. 6 a

nd 6 c. 

.4. Correlations between behavioural, functional and structural changes 

If structural and functional adaptation supports behavioural adapta-

ion, then the degree of this change should be related to behavioural

erformance changes at the individual level. The following sections

escribe correlations between measures, but also between neuroimag-

ng measures recorded at week 2 and behavioural outcome measures

ecorded at weeks 6 and 10 to test whether early structural or functional

hange predicts longer term outcomes. 

.4.1. Overall pattern of correlations 

The diagram in Fig. 7 shows an overview of correlations between

euroimaging parameters that changed significantly over the course of

raining and behavioural performance measures. In each case the change

t weeks 2, 6, and 10, relative to baseline, is the basis for the correlation.

The measures are grouped by modality and marked by blue triangles:

MRI, top left, DTI diffusivity measures, middle, and behavioural mea-

ures, lower right. In each case the diagram shows that most measures

ithin the two imaging modalities and behaviour are correlated. This

onfirms that the measures represent systematic, and gradual, changes

hat coincide over more than one brain region. Correlations across mea-

ures are much sparser: the most obvious correlations are between dif-

usivity measures and behavioural performance, identified by yellow

haded boxes in Fig. 7 . AD, RD and MD measured at weeks 2 and 6 in

he cerebellum are correlated with behavioural measures recorded at

eeks 2–10. 
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Fig. 6. Time course data extraction for functional and structural measures from the areas that showed significant changes at week 6 : the charts show im- 

pact of the training on imaging data; fMRI data is shown on the left (red), MD data is shown on the right (blue). The extracted imaging data represent, separately, 

the mean measures (fMRI beta and MD) of all significant clusters in the visual cortex and cerebellum where significant changes are seen after six weeks of training. 

Both metrics follow roughly exponential behaviour during training, but then revert back towards baseline during the month after training ceases while behavioural 

performance remains static. 

Table 3 

Summary statistics of the ANOVA main training effects : The table shows main effect of condition (voluntary vs involuntary), time (week 0,2,6, and 10) and 

their interaction for three separate ANOVAs that were computed for the three brain areas where significant change was seen. Significant interactions and a main 

effect of test time are seen in all three data extracted areas.. Post-hoc paired t-tests, comparing the mean BOLD response after training with the baseline measure 

in each area are shown on the right. A significant main effect of condition is seen in visual cortex and cerebellum, but not in FEF. Post-hoc tests show significant 

activation increases in all extracted data areas for the trained, but not for the control task. 

Region ANOVA One-sided Post-hoc paired t-test (week 0 vs week 6) 

Condition Time Interaction voluntary involuntary 

Visual cortex F 3, 14 = 31.52, p < 0.0001 F 3, 14 = 5.73, p = 0.011 F 3, 14 = 14.43, p = 0.00027 t(14) = − 4.22, p = 0.00042 t(14) = 0.23, p = 0.41 

cerebellum F 3, 14 = 49.297, p < 0.0001 F 3, 14 = 4.85, p = 0.020 F 3, 14 = 10.66, p = 0.001 t(14) = − 4.17, p = 0.00045 t(14) = − 0.22, p = 0.41 

FEF F 3, 14 = 0.02881, p = 0.87 (n.s.) F 3, 14 = 5.942, p = 0.010 F 3, 14 = 7.34, p = 0.0047 t(14) = − 4.86, p = 0.00011 t(14) = − 1.02, p = 0.15 

10 
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Fig. 7. Diagram showing overall correlations between parameters showing significant changes at the end of training: The diagram shows significant corre- 

lations ( p < 0.05, one sided, no correction) between neuroimaging and behavioural parameters. The matrix labels consist of three components: the type of measurement 

(fM: fMRI, MS, RD, AD: diffusivity measures, and RT: response time), the next letters identify the target area (vis = visual cortex, cb = cerebellum, fef = frontal eye field) 

for the neuroimaging data, while, for behavioural data, the label indicates where the data was recorded: lab = laboratory, sc = scanner). The final component is a 

number identifying the week the data was recorded (weeks 2,6,10). All changes are relative to the baseline at week 0. The size of the circle and colour indicates the 

degree and polarity of correlation, see colourbar on the right. 
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Fig. 8. Correlation between RT change and MD change in cerebellum : the 

graph shows a significant positive correlation between relative RT and MD 

changes amongst participants (numbers identify participants) over the six week 

training periods. All changes are relative to measures recorded at baseline 

(week 0). 
Two further clusters of correlations link diffusivity measures to func-

ional activation in the visual cortex, light blue blocks in Fig. 7 . Corre-

ations between functional activation patterns and behavioural data are

ery limited (top right corner in Fig. 7 ). 

We include this data because it illustrates that the measures are

ighly correlated, especially within imaging modalities and across time.

he data shows clear structure, which is incompatible with the random

attern that would be expected if the correlations emerged from type II

rrors as a result of noisy data. It is important to note that many of the

orrelations in this bulk analysis, for example across different measures,

n different brain areas, or recorded at different times do not represent

articularly meaningful comparisons. The detailed data discussed in the

ollowing sections represent planned comparisons for a small subset of

ossible correlations to test whether structural or functional change pre-

icts performance. 

.4.2. Structural vs behavioural changes 

Performance changes at the end of the training period are correlated

ith all three diffusivity measures (MD, AD and RD) in the cerebellum,
11 
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ut not in visual areas. Fig. 8 shows the MD data against mean RT mea-

ured in the lab, r(13) = 0.58, p < 0.01. 

See supplementary materials (section E, Table S4 and Table S5) for

dditional correlation analysis between structural and lab behavioural

ata. 

.4.3. Functional vs behavioural changes 

A wide range of DTI diffusivity measures were correlated with be-

avioural performance measures obtained under controlled laboratory

onditions; see Fig. 8 and section E, Tables S4 and S5 in supplementary

aterials. We therefore expected to also see correlations between the

unctional activation and behavioural performance changes. Our data

id not show this correlation at any time point. A possible explanation

or this discrepancy is that the structural and performance changes dis-

ussed in the previous section are long-term changes, while functional

ctivation reflects short-term behaviour in the scanner that is affected

y additional task and environmental constraints. To further investigate

his, correlations with performance, measured in the scanner instead of

he lab environment, were computed. 

The overall performance data in the scanner was similar to that seen

n the lab. The mean RT while participants performed the voluntary

MRI task in scanner reduced significantly from 0.69 s ( ± 0.10 s) at base-

ine level to 0.45 s ( ± 0.18 s) after six weeks of training, t(14) = 8.92 , p

 0 . 00. Similar significant change was shown after two weeks of train-

ng (t(14) = 12.92, p < 0.001) and also a month after training ceded

t(14) = 12.05, p < 0.001) (see also fig S8d in supplementary materials,

ection F). 

The functional data for the involuntary eye movement task shows

imilar overall activation patterns, but no significant activation change

uring the training period and no correlation of activation with either

ehavioural or structural change data, as expected for a control task,

upplementary material (section F, Fig. S9). 

.4.4. Overall functional vs behavioural changes: voluntary vs involuntary 

ask 

The correlation analyses presented so far aimed to investigate param-

ter changes seen at discrete time points. This is important to evaluate

o what extent individual data is related and can be used to make out-

ome predictions. The measure, however, is fragile because it considers

arameter changes between baseline and single time points. Using sin-

le measures means that the data may be more affected by measurement

oise. An alternative approach is to test whether general trends, for ex-

mple fMRI activation vs RT, are correlated for the population. This

ata is much more robust because all measurements can be considered

t once, but does not allow individual outcome predictions to be made.

e present it here because it shows that, overall, functional activation is

orrelated with RT, particularly for the visual cortex. More importantly

he analysis enables us to address one of the potential confounds in the

xperiment: Both tasks that participants performed in the scanner are

elf-timed; this means that participants process increasing numbers of

argets per unit time as they become more proficient at the task. What if

he functional changes we see in the fMRI signal are not a direct result of

earning, but simply reflect faster processing? One might, for example,

xpect activity in circuits controlling eye-movements to increase as par-

icipants perform the task faster, but these increases would be possible

ithout direct effects of learning in these areas. The data in Fig. 9 shows

ll fMRI data against RT in the voluntary and involuntary tasks. If rate,

nd not learning, modulated activation, then one would expect to see

igher BOLD signals in task relevant areas for shorter average RTs. This

s clearly seen for the learned task. The same effect, however, should

lso be visible for the involuntary task where we see a broad range of

ean RTs. The involuntary task does NOT show any link between RT

nd fMRI signal in any of our target regions, confirming that rate effects

o not account for the differences seen. 
12 
.5. Outcome prediction 

Cerebellar MD changes ( Fig. 8 ) as well as AD and RD changes (sup-

lementary material, Table S4) at the end of training were correlated

ith behavioural performance improvements. One of the key motiva-

ions for this research was to test whether early structural change (our

eek 2 data) can predict future neuroplastic or performance improve-

ents because this would provide the basis for rehabilitative outcome

rediction. 

Interestingly, as shown in Fig. 10 , the cerebellar MD change at week

 predicts the changes of both the RT in lab at week 6, r(13) = 0.43, p

 0.05 ( Fig. 10 c), and MD at week 6, r(13) = 0.48, p < 0.03 ( Fig. 10 d).

he other diffusivity measures, AD and RD, showed similar predictive

roperties as shown in the supplementary materials (section H, Fig. S6

nd Fig. S11). 

Functional activation data in visual cortex after two weeks of prac-

ice did not predict the behavioural changes in the lab, but surprisingly

redicts in-scan performance at the end of training and four weeks after

he end of training well (visual fMRI week 2 vs RT in scanner week 6,

(13) = − 0.64, p < 0.005, Fig. 11 a; visual fMRI week 2 vs RT in scanner

eek 10 r(13) = − 0.64, p < 0.004, Fig. 11 b). 

. Discussion 

The primary aim of the study was to investigate the link between

ehavioural performance on a visuomotor learning task with functional

nd structural parameters derived from neuroimaging. 

As expected from previous work ( Little et al., 2004 ), all partici-

ants showed significant behavioural performance improvements over

he course of the training period: the mean response time, the number of

xations required to complete the task, and the mean fixation duration

equired for individual decisions reduced significantly while response

ccuracy remained high ( > 90%). The results are consistent with two

revious studies ( Mannan et al., 2010 ; Pambakian et al., 2004 ), which

pplied visual search training for rehabilitative purposes on hemianopia

atients. Performance was measured four weeks after the cessation of

raining and remained at levels seen at the end of the training. This in-

icates that the training effect was persistent as would be expected for

otor and perceptual learning. 

.1. Neuroplastic change 

The principal finding is that scanning training leads to significant, bi-

ateral functional activation increases in extrastriate visual cortex (v3d),

he frontal part of the Oculomotor Cerebellum (OC) ( Kheradmand et al.,

016 ) and in the right FEF. The functional activation changes in extras-

riate visual cortex and cerebellum were accompanied by a significant

ecrease in DTI mean diffusivity measures in these areas and the under-

ying connecting white matter tracts. No significant changes in FA were

bserved. 

.1.1. Functional activation during voluntary eye movements 

Extrastriate cortex : Previous fMRI studies ( Büchel et al., 1998 ;

ietanen et al., 2006 ) highlighted the role of extrastriate area in visual

rocessing. A longitudinal eye movement training study in hemianopia

atients also reported an increase of brain activation following the train-

ng in this area ( Nelles et al., 2010 ). The current results suggest a key

ole of extrastriate cortex in visuomotor learning. 

Our data shows bilateral (although right-dominant) functional and

tructural plasticity at the junction between intraparietal and trans-

erse occipital sulcus (IPS/TOS) and bilateral changes at dorsal V3

v3d). This is consistent with data reported by Maurizio and colleagues

 Corbetta et al., 1998 ) who showed selective activation in the IPS/TOS

rea when participants performed saccadic shifts to peripheral stimuli.

nother fMRI study by ( Müller-Plath, 2008 ), using a visual search task,



A.E. Aloufi, F.J. Rowe and G.F. Meyer NeuroImage 227 (2021) 117673 

Fig. 9. Correlation of fMRI activation against RT in scanner over all weeks: the left column shows fMRI activation against RT for the voluntary (trained) task. 

Training reduces RT and increases fMRI activation in visual cortex (panel a) and FEF (panel c) significantly while the correlation is marginally significant in cerebellum 

(panel e). Equivalent changes are not seen for the involuntary eye movement task that served as a control (panels b, d, f). 
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eported a role of IPS/TOS and dorsal V3 (v3d) in eye movement pro-

ramming, although the specific role of v3d in the eye movement pro-

essing is still not clearly understood. 

Cerebellum : Our results showed significant functional and structural

lteration in the frontal part of the cerebellum (oculomotor region: the

astigial oculomotor region and central lobule, see Fig. 5 a and 5 b in

esults section), consistent with previous studies ( Wang et al., 2002 ;
13 
uchs et al., 2010 ; Patel and Zee, 2015 ; Kheradmand and Zee, 2011 ;

lurton et al., 2012 ), that highlight the important role of the cerebel-

um in eye movement control. The oculomotor cerebellum is, for ex-

mple, involved in the control of gaze shifting and rapid redirection of

aze from one object to another ( Wang et al., 2002 ; Fuchs et al., 2010 ).

he fastigial oculomotor region, which was also changed functionally

n the current study, facilitates saccade initiation ( Patel and Zee, 2015 ;
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Fig. 10. Outcome prediction in lab : (a) and (b) show the consistency of the percentage changes of the behavioural improvement and microstructural changes in 

cerebellum over the training period, (c) shows a significant correlation between the improvement in the completion time (at week 6) and the reduction in mean 

diffusivity after two week of training (week 2), and (d) reveal the correlation amongst participants when compare the initial stage of MD changes (week 2) vs the 

later stage of MD change (week 6) during visuomotor learning. 

Fig. 11. Outcome prediction in scanner : (a) shows a significant correlation between voluntary fMRI increase in the visual area after two weeks of training (week 

2) and the reduction in scanner RT at the end of the training period (week 6), (b) shows a significant correlation between voluntary fMRI increase in visual area 

after two weeks of training (week 2) and the reduction in scanner RT after a month of training ended (week 10). 

14 
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heradmand and Zee, 2011 ), and makes them fast, accurate and con-

istent ( Robinson, 2001 ). Our findings mirror those of Blurton and col-

eagues ( Blurton et al., 2012 ), who reported functional plasticity in the

erebellum following a saccade adaption training. This suggests that the

erebellum plays a key role in sequence learning ( Hikosaka et al., 2002 ;

ebaere et al., 2004 ), which is the basis of our scanning task. 

Frontal eye field (FEF): A functional MRI study by Cornelissen et al.

2002 ) suggested a standard anatomical area for FEF at mean Talairach

oordinates averaged over subjects and hemispheres of x = 40.6 ( ± 4.9),

 = –8.5 ( ± 3.8), z = 55.4 ( ± 4.5) mm. Our functional results show a signifi-

ant functional activation increase roughly in this anatomical area (MNI

 = 44, y = − 11.89, z = 52.10, see Fig. 5 ). This activation change was

ignificant two and six weeks after training commenced. No significant

tructural alterations, however, were seen in FEF in the current study.

he FEF is known to play a key role in saccade initiation ( Alkan et al.,

011 ), as well as in cognitive processes that require gaze control, such

s attentional orienting, visual awareness and perceptual modulation

 Vernet et al., 2014 ). 

In addition to FEF an area in right motor cortex, (BA4, MNI coordi-

ates: x = 54, y = − 2, z = 26; see supplementary martials, section D,

ig. S7c) showed a significant functional change at the end of training

eriod in the current study, suggesting a role in visuomotor learning. 

Despite the crucial role of supplementary eye field (SEF) and dor-

olateral prefrontal cortex (dIPFC) in saccadic control, the current data

id not show evidence of a selective functional activation increase while

articipants performed the voluntary and involuntary eye movement

asks. The main roles of SEF and dIPFC are in the inhibition of unwanted

eflexive saccades ( Vernet et al., 2014 ; Pouget, 2015 ). SEF, also, is in-

olved in sequencing saccades with body movements ( Pouget, 2015 ;

ierrot-Deseilligny et al., 2004 ). A possible explanation for the absence

f significant change in both SEF and dIPFC during the current func-

ional tasks may be that the trained task requires systematic/predictive

ye movements but does not include antisaccades or saccades combined

ith body movement. 

.2. Linking neuroplastic to behavioural change 

A key finding in this study is that changes in diffusivity in the cere-

ellum, and, to a lesser extent, functional activation changes, are sig-

ificantly correlated with behavioural performance changes at set time

oints. Behavioural and functional activation changes were seen for the

rained voluntary eye movement task but not while participants per-

ormed involuntary eye movements, our control task. These findings are

onsistent with the interpretation that neuroplastic changes in our tar-

et areas support performance improvements. A closer look at the time

ourse of these changes, however, suggests that this link is not direct. 

.2.1. Functional activation changes over time 

Although a wide range of neuroimaging studies ( Zatorre et al., 2012 ;

agi et al., 2012 ; Cao et al., 2016 ; Thomas et al., 2009 ; Madden et al.,

009 ; Scholz et al., 2009 ; Mukai et al., 2007 ) link learning with brain al-

erations, the mechanisms underlying brain plasticity are still not fully

nderstood ( Fields, 2013 ) and the results are not entirely consistent.

t has been argued that longitudinal learning studies can strengthen

ur understanding of the link between practice and neuroplastic-

ty ( Wang et al., 2014 ; Sampaio-Baptista and Johansen-Berg, 2017 ).

ost studies, as discussed in the introduction, show activation in-

reases during motor or perceptual learning over the course of train-

ng ( Yotsumoto et al., 2008 ; Hadjikhani et al., 2001 ; Furmanski et al.,

004 ; Kourtzi et al., 2005 ). Some studies report that this BOLD response

ncreases were maintained for months or years after training ended

 Frank et al., 2018 ; Bi et al., 2014 ). Frank et al. (2018 ), for instance,

eported that performance and functional activation changes caused by

isual motion patterns training was maintained three years after the

ompletion of training. Others show contradictory data: Thomas et al.

2009 ), for example, report reduced activation in directly task-relevant
15 
reas, but a simultaneous activation increase in middle frontal cortex in

 mirroring learning task. Yotsumoto et al. (2008 ), provide evidence for

ifferential dynamics of BOLD activity during learning. They showed

ncreasing activity and performance improvements in the early stages

day 1 and 10) of training, followed by a decrease of activation to base-

ine while performance remained unchanged. Similar data, at a much

horter time scale, are reported by Mukai et al. (2007) , who scanned

articipants while training on a contrast discrimination task: while the

raining group showed overall activation increases compared to a con-

rol group in task relevant areas, this activation reduced significantly

ver the first hour of training. These findings, as Yotsumoto et al. (2008 )

rgue, are consistent with a consolidation model where learning leads

o efficiency gains, therefore reduced metabolic demand. 

The functional imaging data reported here ( Fig. 6 and Fig. S8 in

upplementary materials) shows significant initial increases relative to

aseline (week 2), but no significant change in activation while train-

ng continued between weeks 2 and 6. This finding is consistent with a

odel that assumes changing dynamics in the BOLD response as train-

ng progresses. We do not, however, observe the activation reduction

eported by Yotsumoto et al. (2008 ) while training was ongoing, in-

tead we observed a reduction towards, but not all the way to baseline

fter training ceased while performance was maintained. 

The findings that functional activation patterns do not change

onotonically during training or linearly with performance further

trengthen the case for considering functional activation at multiple

ime points. They may explain why functional activation in visual cor-

ex, recorded at week 2, but not at later stages, is a good predictor for

erformance at later stages. 

.2.2. Microstructural change over time 

The current study showed exponential changes in behavioural per-

ormance, which were associated with more gradual microstructural al-

erations. This gradual reduction in diffusivity is consistent with a linear

attern of brain changes over time reported by Erickson et al. (2011 ) in

 longitudinal study. The rather more gradual change of diffusivity mea-

ures, compared to fMRI data, may explain the better correlation with

ehavioural performance and suggests different time-courses of change

n functional and microstructural plasticity measures. 

A trend of structural changes to return to the baseline level af-

er the completion of the training course, consistent with our find-

ngs, was reported in some longitudinal studies ( Scholz et al., 2009 ;

övdén et al., 2012 ). Microstructural alterations resulting from spatial

avigation training, for example, reverted to the baseline four months

fter the completion of the training course ( Lövdén et al., 2012 ). This

s consistent with data presented by Sagi et al. (2012 ) who showed that

he effects of learning modulated DTI activity in humans and rats within

4 h. They argue that, at least in rats, the measured MD decreases during

raining are linked to an increase in the number of synaptic vesicles, an

ncrease in the number of astrocytic processes, and an increase in brain-

erived neurotrophic factor (BDNF), which they argue is indicative of

ong term potentiation. It is interesting to note the astrocyte involve-

ent – if glial cell activity is upregulated during active learning phases

nd affects diffusivity measures, then a full or partial reversion of ac-

ivity in these cells after training ceases might explain the diffusivity

eduction we observed after active learning ceased. 

.3. Eye movement processing and fMRI activation 

One of the surprising results of this study is the high degree of corre-

ation between mean RT in scanner and mean fMRI activation (Fig. S10

n supplementary materials). This finding raises the important question

hether RT directly predicts observed fMRI activation, for example via

ate effects, rather than neuroplastic change. 

Rate effects that reflect improvements in motor performance can

ffect the results in studies of learning-related changes in brain activ-

ty (e.g., Nyberg et al., 2006 ; Rao et al., 1996 ; Riecker et al., 2003 ).
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w  
yberg et al. (2006 ) showed that motor training in a finger tapping task

ncreased functional activity in SMA and right cerebellum. These effects

ould be dissociated from pure rate effects. 

If one, or all, of our target areas were purely relay-areas where ac-

ivation increases directly reflect more frequent or faster eye move-

ents, then increased metabolism, without any underlying neuroplastic

hange, might be expected as participants improve over time. This ex-

lanation is not plausible for two reasons: the most direct evidence is

rovided by the fMRI measures during involuntary tasks – here, in con-

rast to the trained task, raw RT and BOLD response data are not corre-

ated, meaning that in our target regions the RT does not directly predict

he BOLD signal ( Fig. 9 in results section). A second argument for the

ypothesis that the functional activation changes in this region are the

esult of learning is that the DTI analysis showed diffusivity changes in

he same region. These changes, in contrast to fMRI activity, are clearly

ot task specific. 

.4. Structural changes supporting learning 

The learning of new skills relies upon changes in brain function, and

his functional adaptation depends on the capacity of the nervous system

o modify its structure ( Scholz et al., 2009 ). Our correlation analysis,

hich shows that behavioural performance, functional activation and

icrostructural change are linked in functionally relevant brain areas is

onsistent with this. 

An increase of FA and a reduction in MD, AD and RD are commonly

ssociated with learning ( Sampaio-Baptista and Johansen-Berg, 2017 ;

adden et al., 2009 ), and may represent microstructural alterations

e.g. myelination processes, glio-genesis, angiogenesis and fibre remod-

lling; Wang et al., 2014 ; Sampaio-Baptista and Johansen-Berg, 2017 ;

ao et al., 2016 ). The present data show a significant reduction in MD

nd AD during training which is consistent with increased density of

ellular membranes, for example of glial cells, that restrict the freedom

f water diffusion ( Ruxton and Neuhaeuser, 2020 ). Similarly, RD sig-

ificantly reduces during training and this is consistent with increased

yelination ( Wang et al., 2014 ; Cao et al., 2016 ) in white matter tracts

ecause a growing myelin sheath restricts water diffusivity perpendicu-

ar to the direction of the axons. 

While this study presents robust reductions in MD, AD and RD that

re correlated with behavioural data, the increase in FA, which we hy-

othesized to see, did not come close to significance in any of our tar-

et regions. FA changes are consistently reported for long term training

tudies ( Zatorre et al., 2012 ), it would be interesting to test whether

ore intense training or longer training periods would change this find-

ng ( Wang et al., 2014 ; Lövdén et al., 2013 ; Cao et al., 2016 ). 

.5. Outcome prediction and rehabilitation 

A key finding of this study was that diffusivity measures (MD, AD and

D), recorded after two weeks, predicted behavioural performance gains

nd structural change at the end of training. Functional activity at week

wo predicted performance at later time points in the scanner but not

erformance in the lab. One possible explanation for this discrepancy

ay lie in the complex and non-monotonic temporal dynamics that have

een reported for functional activation changes during training, which

e discuss in previous sections ( Yotsumoto et al., 2008 ). A second con-

ideration is that fMRI activation, like performance, is an instantaneous

easure of activity in the scanner. It is well known, and not surprising,

hat running experiments in the novel, and perhaps threatening, scan-

er environment has a negative impact on performance ( Gutchess and

ark, 2006 ; van Maanen et al., 2016 ). Our behavioural data is consistent

ith this: the target detection accuracy in the scanner, for example, was

ignificantly lower than in the lab (t(14) = 2.197, p < 0.01; see Tables S1

nd S2, supplementary material Section B). Environmental changes will

ffect some participants more than others but are likely to affect func-

ional and behavioural measures simultaneously. One would hope that
16 
ny detrimental effects of the scanner environment resolve as partici-

ants get used to the environment, for example over repeated scans in

earning studies. A potential issue here is that any baseline measures are

aken at the first scan, where differential effects are likely to be largest

nd will affect all subsequent outcome measures. It is nevertheless dif-

cult to derive a general recommendation to use ‘in scan’ performance,

ecause these measures are constrained by the total time available for

cans. 

A possible application of the finding that microstructural data pro-

ides early outcome prediction lies in neurorehabilitation. One area of

pplication are specific situations, where overt behavioural performance

easures are difficult to obtain because of the patient’s condition. An

xample of this would be very early aphasia interventions, which have

hown promise after strokes, but where outcome measures (better flu-

ncy) are obtained weeks or months after admission ( Godecke et al.,

012 ). Many patients would not be able to understand instructions or re-

iably execute them in functional imaging tasks, so that structural scans

hat do not require active patient participation in cognitive tasks offer a

romising alternative. Using structural rather than functional imaging

o predict outcomes, however, has potential advantages well beyond

he narrow application areas where communication with patients is im-

aired. Our participants, even though they were healthy volunteers and

ere scanned repeatedly, showed different performance patterns in the

canner compared to performance in the lab. These performance differ-

nces are likely to be exacerbated for patient groups that are scanned

nfrequently, which is likely in a rehabilitative setting, or are older than

ur participants because divided attention costs are larger for older than

ounger adults ( Gutchess and Park, 2006 ; van Maanen et al., 2016 ). The

MRI environment, therefore, may have a disproportionate effect on cog-

itive performance of older adults, who are more likely to require neu-

orehabilitation, than young participants. DTI structural scans therefore

ffer the prospect of providing data that is easier to capture and more

obust than functional imaging, particularly for patients with a range of

ognitive issues, and for whom the experience is likely to be novel and

rightening. 

.6. Age as a factor 

Janacsek et al. (2012 ) measured the effect of age on participant per-

ormance using an implicit sequence learning (ASRT) task ( Howard and

oward, 1997 ). This task, like our task, requires participants to identify

timuli presented in a predictable sequence of positions on the screen.

he most important finding was that improvements in learning rate were

een in adolescents, learning rate was stable between 15 and 59 years,

nd then gradually reduced for older participants. Reaction times fol-

owed a u-shaped pattern with a minimum between 18 and 29 years

hile accuracy monotonically increased up to very old age. Finding that

earning rate does not change until we reach a relatively high age is con-

istent with reports of rapid learning-induced DTI changes seen in older

articipants (average 69 years, Antonenko et al., 2016 ), showing that

icrostructural change is not restricted to younger participants. 

Our participants were aged between 18 and 60 years old, and our

nalysis showed that age was not significantly related to any of the out-

ome measures, which were expressed as parameter change over time.

e therefore did not include age as a covariate into our analysis. Age,

owever, was significantly correlated with the majority (11/17) of the

bsolute measures. On this basis we argue against the use of absolute

eurometrics or performance measures as the basis for systematic eval-

ation of neuroplastic change in time. 

.7. Limitations 

Our participants were scanned four times over the course of

he experiment. Our data indicate differential time courses of func-

ional, microstructural and behavioural performance measures. It

ould be interesting to document very early ( Sagi et al., 2012 ;
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otsumoto et al., 2008 ) neuroplastic changes in response to the task

s well as extend the post-intervention period beyond the four weeks

e used ( Frank et al., 2018 ). 

We show that functional activation measures predict learning out-

omes measured in the lab less well than instantaneous performance in

he scanner. One reason for this may be that our task was inherently

elf-paced, so that neural efficiency gains associated with the process-

ng of individual stimuli could be counteracted by increasing numbers

f stimuli that participants were able process with training. It would be

nstructive to consider the effect more systematically in future studies as

hey may lead to stronger evidence for fMRI activity reduction through

onsolidation. 

The present study was designed to identify co-localised functional

nd structural changes in a VPL task and to quantify the time course

f these changes. While the number of participants we used for these

xperiments lies within the range typically used for longitudinal stud-

es ( Yotsumoto et al., 2008 ; Kourtzi et al., 2005 ; Frank et al., 2014 -

5;19;26 participants respectively) we would have preferred to use a

uch larger participant number for the correlational analysis. 

.8. Conclusion 

Visual search training led to an improvement in visual motor skills:

ewer fixations and reduced fixation duration were required to perform

he task. The behavioural improvement was associated with significant

unctional and structural brain plasticity. Microstructural alterations

nd functional activation changes coincide in two anatomical brain ar-

as; extrastriate area (IPS/TOS and v3d) and cerebellar oculomotor re-

ion; both are known to be involved in visual eye movement processing.

The current study shows that microstructural changes can be reli-

bly detected after relatively short durations of training and that these

easures correlated well with functional and behavioural measures. We

herefore argue these measures should be recorded routinely in learning

aradigms because they provide further evidence that practice outcomes

nd neurometrics are related. 

Water diffusivity indices (MD, AD and RD) may provide accurate

easures that predict long-term learning outcomes at the initial stages

f training. 
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