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Abstract Diffusion tensor imaging (DTI) characterizes

white matter (WM) microstructure. In many brain regions,

however, the assumption that the diffusion probability

distribution is Gaussian may be invalid, even at low

b values. Recently, diffusion kurtosis imaging (DKI) was

suggested to more accurately estimate this distribution. We

explored the added value of DKI in studying the relation

between WM microstructure and upper limb coordination

in healthy controls (N = 24). Performance on a complex

bimanual tracking task was studied with respect to the

conventional DTI measures (DKI or DTI derived) and

kurtosis metrics of WM tracts/regions carrying efferent

(motor) output from the brain, corpus callosum (CC) sub-

structures and whole brain WM. For both estimation

models, motor performance was associated with fractional

anisotropy (FA) of the CC-genu, CC-body, the anterior

limb of the internal capsule, and whole brain WM (rs range

0.42–0.63). Although DKI revealed higher mean, radial

and axial diffusivity and lower FA than DTI (p \ 0.001),

the correlation coefficients were comparable. Finally, bet-

ter motor performance was associated with increased mean

and radial kurtosis and kurtosis anisotropy (rs range

0.43–0.55). In conclusion, DKI provided additional infor-

mation, but did not show increased sensitivity to detect

relations between WM microstructure and bimanual per-

formance in healthy controls.

Keywords Bimanual motor control � Diffusion tensor

imaging � Excess kurtosis � Non-Gaussian diffusion

Introduction

Diffusion tensor imaging (DTI) is a widely used non-

invasive, in vivo magnetic resonance (MR) imaging tech-

nique for characterizing the microstructural organization of

white matter (WM) bundles (Basser et al. 1994; Basser and

Pierpaoli 1996; Le Bihan et al. 2001; Tournier et al. 2011;
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Jones and Leemans 2011). Over the last decade, this tech-

nique has been introduced to investigate the potential con-

tribution of variation in WM microstructure with respect to

motor indices. For example, previous clinical studies on

patients with chronic stroke, with hemiplegia and traumatic

brain injury have revealed relationships between DTI met-

rics of efferent motor pathways and upper limb function

(Bleyenheuft et al. 2007; Schaechter et al. 2009; Cae-

yenberghs et al. 2010b; Qiu et al. 2011; Song et al. 2012).

Moreover, several studies revealed that in healthy adults the

microstructure of the corpus callosum (CC) is related to

bimanual performance in both simple (Sullivan et al. 2001;

Johansen-Berg et al. 2007; Muetzel et al. 2008) and more

complex (Gooijers et al. 2013) movement conditions. In

these studies, increases in the WM coherence, as expressed

by fractional anisotropy (FA), have been associated with

better motor performance. Notwithstanding the impact of

these findings, it is well known that DTI assumes a Gaussian

approximation of the displacement probability distribution,

represented by a mono-exponential MR signal decay

(Basser and Jones 2002; Lu et al. 2006). This assumption

may not be valid due to the presence of barriers, which may

induce restricted rather than hindered diffusion components

(Kärger 1985; Lu et al. 2006). As such, DTI may not be

optimal to capture the relation between tissue microstruc-

ture and behavioral measures.

Several other models were suggested to characterize the

non-Gaussian diffusion behavior. Some of these models go

beyond the angular model of DTI, i.e., models that can

better deal with the presence of two or more fiber popu-

lations. Examples of such models are the generalized dif-

fusion tensor model (Liu et al. 2004; Minati et al. 2007),

diffusion spectrum imaging (Wedeen et al. 2005), con-

strained spherical deconvolution (Tournier et al. 2007;

Dell’Acqua et al. 2010), and Q-space imaging (Callaghan

1991). The main disadvantages of these techniques are,

however, longer scan times and higher hardware demands.

In addition, models exist that can describe the diffusion-

weighted signal attenuation more accurately compared to

the DTI model. The bi-exponential model (Niendorf et al.

1996; Clark and Le Bihan 2000; Maier et al. 2004; Kiselev

and Il’yasov 2007; Maier and Mulkern 2008; Mulkern

et al. 2009), for example, describes the MR signal decay as

the superposition of two signals arising from rapidly and

slowly decaying components, showing a better fit to the

experimental data. However, the true attribution of these

two compartments remains ambiguous. Another upcoming

approach, which suffers less from acquisition constraints, is

diffusion kurtosis imaging (DKI) (Jensen et al. 2005; Lu

et al. 2006). This model utilizes a non-mono-exponential

decay of the MR signal (Jensen and Helpern 2010), which

allows the quantification of the degree of non-Gaussian

diffusion by adding an excess kurtosis term (Jensen et al.

2005; Lu et al. 2006; Fieremans et al. 2008; Veraart et al.

2011), resulting in a more accurate assessment of the brain

tissue complexity compared to DTI (Fieremans et al.

2008). Moreover, Lazar et al. (2008) suggested that DKI

can be used for tracking crossing fibers. Since DKI is an

extension of the conventional DTI method (Jensen and

Helpern 2010), all the typical diffusion parameters [mean

(MD), radial (RD), and axial (AD) diffusivity, and FA] as

well as several kurtosis metrics [being kurtosis anisotropy

(KA) and mean (MK), radial (RK), and axial (AK) kurto-

sis] are acquired (Poot et al. 2010). This provides us with

the opportunity to directly compare the typical diffusion

parameters obtained via the conventional DTI method and

the more recently proposed DKI approach. In this context,

previous pilot studies on rodents and patient populations

have already demonstrated that the DTI-derived diffusivi-

ties are generally lower than those estimated with DKI

(Veraart et al. 2011; Rosenkrantz et al. 2012).

Recent studies have shown that the additional kurtosis

metrics of DKI indeed provide more sensitive and com-

plementary information concerning microstructural chan-

ges in healthy aging (Falangola et al. 2008) and

pathologies, such as tumors (Jansen et al. 2010; Raab et al.

2010; Rosenkrantz et al. 2012; Van Cauter et al. 2012),

cerebral infarction (Jensen et al. 2011), Parkinson’s disease

(Wang et al. 2011), attention-deficit hyperactivity disorder

(Helpern et al. 2011), traumatic brain injury (Grossman

et al. 2012), Alzheimer’s disease (Vanhoutte et al. 2013;

Falangola et al. 2013), multiple sclerosis (Raz et al. 2013)

and lung dysfunction (Trampel et al. 2006). To date, DKI

has not yet been applied to study the relation between WM

diffusion parameters and behavioral measures in healthy

young adults or patients. The present study is the first, to

our knowledge, to explore potential relationships in healthy

controls, while quantifying the non-Gaussian behavior of

diffusion with both the DTI and the DKI model. The main

goal was to investigate the added value of the full kurtosis

framework in relating WM organization to bimanual

coordination in a number of tracts, each demonstrating a

different microstructural architecture. The visuomotor

tracking task included in this work is a computerized ver-

sion of the ‘‘Etch-a-Sketch’’ device (Sisti et al. 2011;

Gooijers et al. 2013), allowing manipulation of the key

behavioral principles of bimanual coordination. In line with

previous findings, we hypothesized that the typical DTI-

based diffusivity measures (FA, MD, RD, AD) obtained via

the DKI model estimation method would be associated

with bimanual performance. In addition, we investigated

whether there would be any differences between the results

derived from DTI and DKI. Finally, we explored the

benefit of the additional kurtosis measures in terms of

offering valuable new information for detecting relations

between WM structures and motor performance.
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Materials and methods

Subjects

Twenty-four undergraduate students of the KU Leuven (20

females, 4 males, mean age 20.8, SD = 1.4 years, range

19.3–25.3) participated in the experiment. Subjects were all

right-handed as determined by the Oldfield Handedness

scale (Oldfield 1971) (mean laterality score 94.2 ± 9.0,

range 70–100) and had no history of neurological or psy-

chiatric disorders. They were naive with respect to the task

and had normal or corrected-to-normal vision. Informed

written consent was obtained from each participant prior to

testing according to the Declaration of Helsinki. The

experimental protocol received approval from the local

ethical committee of the University of Leuven.

Bimanual tracking task

The equipment, paradigm parameters, and dependent

variables were similar to our previous studies (Sisti et al.

2011; Gooijers et al. 2013). Specifically, the task was to

follow a specified pathway with a certain angle, presented

on a screen, by moving two dials, one with each hand (see

Fig. 1). The left and right dial controlled the movement of

the subject’s cursor along the vertical and horizontal axis,

respectively. When the left dial was rotated to the right

[clockwise (CW)], the cursor moved up; when turned to the

left [counterclockwise (CCW)], the cursor moved down.

When the right dial was rotated to the left, the cursor

moved to the left (CCW); when rotated to the right (CW),

the cursor moved to the right. The goal of each trial was to

generate the correct direction and speed by turning the

dials, producing a line equivalent to the target line pre-

sented on the display (see Fig. 1). The target moved at a

constant rate for a total duration of 7 s. After 7 s, the screen

turned black, regardless of the subject’s location on the

screen, and the next target line would appear after a ran-

dom interval of 4–6 s. Four coordination patterns were

introduced: two in which the left and right dial moved in

the same direction, either clockwise (CW) or counter-

clockwise (CCW), and two in which the left and right dial

moved toward (IN) or away (OUT) from each other. The

coordination patterns were performed according to one of

the following frequency ratios between the left and right

hand (L:R): 1:1, 1:3, 2:3, 3:1 and 3:2 (see Fig. 1). All trials

were performed in the presence of online visual augmented

feedback, showing the subject’s actual performance, as

represented by a red cursor on the screen (see Fig. 1).

Subjects performed six trial blocks, each consisting of

20 distinctive target lines (see Fig. 1), with 3 min of rest

between blocks. The entire task typically lasted 45 min.

Similar to our previous study (Gooijers et al. 2013), the

Slope Error was used as a measure of accuracy per trial.

For this dependent variable the slope produced by the

subject relative to the target line was calculated. To

determine whether subjects generally met the task

requirements, all data were transformed into z scores

[(X - mean)/SD)], where X is defined as the actual value.

A trial was classified as an outlier and discarded from the

analysis when z values were greater than |3|. In the present

study, 0.8 % of the data points were removed from the

dataset (range 0–3.3 %, SD 1.1) because of not complying

with the task demands. One participant was not able to

perform the task correctly and was discarded from the

analyses. Therefore, data analysis was performed on 23 of

24 participants. Computer programming and analyses were

done using both LabView (version 8.5) software (National

Instruments, Austin, Texas, USA) and MATLAB R2008a.

Image acquisition

A scanning session (including diffusion images and ana-

tomical scan) was followed within a week of the behavioral

session. A Siemens 3T Magnetom Trio MRI scanner (Sie-

mens, Erlangen, Germany) with an eight-channel standard

head coil was used for image acquisition. For all subjects, a

high resolution T1-weighted structural image was acquired

using magnetization prepared rapid gradient echo

[MPRAGE; TR = 2300 ms, echo time (TE) = 2.98 ms,

Fig. 1 Experimental set-up. (Left) Subject seated in front of a

computer screen displaying the task. The target pathway (blue line), a

target cursor (white dot) and visual feedback of actual performance

(red cursor with a 1-cm long tail) appeared on the display during a

single trial. (Right-Top) The hands were covered with a table-top

bench during the experiment. (Right-Bottom) Schematic representa-

tion of the bimanual tracking task. Twenty possible target pathways

are represented: five frequency ratios between the left and right hand

(L:R): 1:1, 1:3, 2:3, 3:1, 3:2 and four different coordination patterns:

both hands move in the same direction, either clockwise (CW) or

counterclockwise (CCW), both hands move towards (IN), or away

from each other (OUT)
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1 9 1 9 1.1 mm3 voxel size, field of view (FOV)

240 9 256 mm2, 160 sagittal slices] for anatomical detail.

Diffusion-weighted images were acquired using the fol-

lowing parameters: single-shot spin-echo; slice thick-

ness = 2.5 mm, TR = 8700 ms, TE = 116 ms, number of

diffusion directions = 150, number of sagittal slices = 58,

voxel size = 2.5 9 2.5 9 2.5 mm3. Implemented b values

were 700, 1000, and 2800 s/mm2, applied in 25, 40, and 75

uniformly distributed directions, respectively. In addition,

10 images without diffusion weighting were obtained.

Image processing

The diffusion data were analyzed and processed in

ExploreDTI (version 4.8.1) (Leemans et al. 2009), using a

multi-step procedure as described previously (Cae-

yenberghs et al. 2010a; Jones and Leemans 2011). In

summary, the following steps were taken: (1) we visually

checked the separate diffusion-weighted imaging volumes

at high frame rate to spot any obvious artifacts in the data,

such as large signal dropouts and geometric distortions.

The images were inspected from different ‘‘orthogonal’’

views to detect any interslice and intravolume instabilities

(Tournier et al. 2011). (2) The diffusion-weighted data sets

were corrected for subject motion and eddy current-

induced geometrical distortions with the appropriate

reorientation of the b matrix (Leemans and Jones 2009). (3)

The diffusion tensor was estimated with a weighted linear

least squares estimator for both the DTI model (two b val-

ues included: 0 and 1000 s/mm2) and the DKI model (all

b values included) (Veraart et al. 2012). Subsequently, the

conventional diffusion parameters, fractional anisotropy

(FA), radial (RD), axial (AD), and mean diffusivity (MD)

were calculated (Jones and Basser 2004). The estimation

procedure for DKI also provided the kurtosis tensor, from

which the kurtosis anisotropy (KA) and mean (MK), radial

(RK), and axial (AK) kurtosis parameters were derived

(Poot et al. 2010). Analogous to the diffusivity indices in

DTI, the KA represents the degree of anisotropy of the

kurtosis along different orientations, the MK is the average

kurtosis, the AK is defined as the kurtosis estimated along

the orientation of the principal eigenvector, and RK is the

average kurtosis in the directions orthogonal to the prin-

cipal eigenvector (Poot et al. 2010; Fieremans, Jensen,

Helpern 2011), and (4) the DTI data were transformed to

MNI space for subsequent analyses. In this last step, the

transformation matrices were concatenated to minimize

smoothing due to data interpolation.

ROIs definition

The WM parcellations, developed by Mori et al. (2005),

were applied to the normalized images and the

corresponding diffusion and kurtosis metrics were aver-

aged across the 3D ROI labels. We have also used the add-

ons to the analysis software package FSL, which provide

other atlases in MNI space, such as a digitized version of

the original Talairach atlas (Lancaster et al. 2000, 2007). In

doing so, the following eight WM tracts and regions were

defined: three subregions of the corpus callosum (genu,

body, and splenium), the corticospinal tract (CST), the

anterior limb of the internal capsule (ALIC), the cerebral

peduncles (CP), the superior cerebellar peduncles (SCP)

and whole brain WM. Given the lack of hemispheric dif-

ferences for the motor tracts, diffusion parameters for left

and right were combined. A more detailed description of

this analysis procedure can be found in Caeyenberghs et al.

(2010a).

The rationale for proposing the corpus callosum was

based on previous research, demonstrating its importance

for upper limb coordination tasks (Johansen-Berg et al.

2007; Muetzel et al. 2008; Fling et al. 2011). Because we

were, strictly speaking, not specifically interested in the

relation between bimanual performance and WM micro-

structure in the functionally segmented CC, as has been

studied widely by now, subdivision into three CC subre-

gions (genu, body, splenium) has been made primarily to

focus on the comparison of the DKI and DTI estimation

methods and the resulting metrics in relation to behavior.

Moreover, we investigated the WM tracts that are mainly

concerned with motor function (Bleyenheuft et al. 2007;

Schaechter et al. 2009; Caeyenberghs et al. 2010a, 2010b,

2011; Qiu et al. 2011; Song et al. 2012), and we selected

the whole brain WM label of the Talairach atlas,

excluding gray matter (GM, cortex, and nuclei) or cerebral

spinal fluid.

For visualization purposes, tracts and regions were

reconstructed and presented on the white-matter atlas of

Mori et al. (2005) in Fig. 2.

Statistical analysis

Both behavioral and diffusion measures violated the

assumption of normality as tested by the Shapiro–Wilks

normality test. Therefore, non-parametric tests were used.

Because of the minor impact of the four coordination

patterns reported in earlier studies by our group (Sisti et al.

2011; Gooijers et al. 2013), they were combined in the

subsequent analyses. For the outcome measure of the

bimanual tracking task, a Friedman test was performed to

compare the Slope Error on the different Frequency Ratios

(i.e., 1:1, 1:3, 3:1, 2:3 and 3:2). Significant main effects

were further explored using post hoc Wilcoxon signed-rank

tests. Bonferroni corrections for multiple comparisons were

made, hence p \ 0.005 was considered significant fol-

lowing correction for the 5 frequency ratios.
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Statistical comparisons of all diffusion parameters FA,

MD, RD and AD between kurtosis and diffusion model

estimation were performed using Wilcoxon signed-rank

tests. We applied Bonferroni correction for eight compari-

sons whereby p values B0.006 were considered significant.

To determine whether diffusion metrics were correlated

with performance on the bimanual tracking task, we cal-

culated Spearman correlation coefficients of the diffusion

(DKI and DTI derived) and kurtosis values against slope

error for both the DKI and DTI model estimations. The

Spearman’s rank correlation was used here because it is a

useful tool for exploratory data analysis.

Finally, Steiger’s Z statistic for dependent correlations

(Steiger 1980) was used to evaluate potential differences

between the correlation coefficients of the DTI and DKI

model estimations. Statistical analyses were performed

with Statistica 10 (StatSoft, Inc. Tulsa). Unless otherwise

stated, the p value was set at 0.05.

Results

Bimanual coordination

The behavioral results showed a significant effect of Fre-

quency Ratio on Slope Error, v2(4) = 40.70, p \ 0.001.

Post hoc tests (Wilcoxon signed-rank tests) revealed that

the error of the slope angle was significantly lower for the

1:1 ratio than for all non-1:1 ratios (all pcorr \ 0.001) and

the Slope Error for the ratio 3:1 was higher than for the

ratio 3:2 (pcorr \ 0.005). These results imply that the 1:1

ratio was less difficult than the non-1:1 ratios and that the

integer ratio of the left-hand leading condition (3:1)

resulted in a higher error score than the non-integer left-

hand leading condition (3:2). In the remainder of the paper,

the 1:1 ratio is referred to as the isofrequency ratio and the

non-1:1 ratios will be collapsed without consideration of all

frequency ratios separately, and denoted as the non-iso-

frequency ratios. Accordingly, this strategy reduces the

likelihood of type I errors.

Diffusion parameter estimation with DKI versus DTI

model

A significant effect for model estimation (DTI vs. DKI)

was seen on the diffusion parameters. Specifically, higher

values of diffusion (MD, RD and AD) were found for DKI

for all WM tracts and regions (all pcorr \ 0.001). A sig-

nificant effect of model was also found for FA values. DKI

showed significantly lower values of FA in all ROIs (all

pcorr \ 0.001), except for the CST (p [ 0.05). Mean dif-

fusion and FA parameter values computed by the two

different diffusion models in eight WM structures are

shown in Fig. 3.

Association between ‘‘typical’’ diffusion parameters

and bimanual performance

To gain insight into the relation between the microstruc-

tural organization of specific WM regions and motor

Fig. 2 Example regions of interest masks. Regions are depicted on

fractional anisotropy maps of the white-matter atlas of Mori et al.

(2005): a Sagittal view of the genu of the corpus callosum (orange).

b Sagittal view of the body of the corpus callosum (red). c Sagittal

view of the splenium of the corpus callosum (purple). d Coronal view

of the corticospinal tract (green). e Axial view of the cerebral

peduncle (light blue). f Axial view of anterior limb of internal capsule

(gold). g Sagittal view of the superior cerebellar peduncle (dark blue)
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performance, while quantifying the non-Gaussianity of

diffusion, we performed correlations between the bimanual

tracking task scores and the typical DTI metrics estimated

with either the DTI or DKI model. In the following section,

we will report the correlation results for both models, per

diffusion metric. Correlations following exclusion of the

male subjects did not alter our findings significantly. A

summary of the correlation analyses is reported in Online

Resource 1.

Fractional anisotropy

For the DTI model estimation, correlational analyses

demonstrated significantly negative correlations of FA with

Slope Error on the non-isofrequency ratios for the genu

(rs = -0.46, p = 0.027) and the body of the CC (rs =

-0.50, p = 0.016), the CST (rs = -0.44, p = 0.037), the

ALIC (rs = -0.42, p = 0.046) and whole brain WM

(rs = -0.43, p = 0.041), indicating that higher anisotropy

Fig. 3 Average diffusion

parameter values (FA, MD, RD

and AD) for DTI (striped bars)

and DKI (full bars) and the

average kurtosis parameter

values (KA, MK, RK, AK). The

diffusion parameter values

(a FA, b MD, RD and AD) in

eight brain structures [anterior

limb if internal capsule (ALIC),

genu of CC (GENU_CC), body

of CC (BODY_CC), splenium

of CC (SPLENIUM_CC),

cerebral peduncles

(CEREBR_PED), superior

cerebellar peduncles

(SUP_CER_PED), corticospinal

tract (CST), and whole brain

white matter (WM)] calculated

using DTI (striped bars) and

DKI (full bars). c KA, MK, RK

and AK values in similar eight

brain structures. The error bars

indicate the standard deviation
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values in these ROIs coincided with a better performance

on the bimanual tracking task (i.e., lower Slope Error

scores) (see Fig. 4).

As shown in Fig. 4, correlations obtained with the DKI

model also revealed that performance level on the biman-

ual tracking task increased (i.e., lower Slope Error scores

on the non-isofrequency ratios) with increasing FA values

in several ROIs: genu of the CC (rs = -0.42, p = 0.047),

body of the CC (rs = -0.52, p = 0.011), the ALIC

(rs = -0.43, p = 0.039) and whole brain WM (rs =

-0.51, p = 0.012). Moreover, for the isofrequency ratio,

FA values of the ALIC correlated negatively with bimanual

performance (rs = -0.63, p = 0.001).

Mean diffusivity

No significant relations emerged between MD of any of the

WM structures and bimanual performance, for both the

DTI and DKI model estimates.

Radial diffusivity

Analyses of the values obtained using the DTI model

showed that an increase in RD in the body (rs = 0.47,

p = 0.023) and genu of the CC (rs = 0.53, p = 0.010) was

associated with poorer performance on the non-isofre-

quency ratios of the bimanual tracking task.

When the RD values were estimated using the kurtosis

model, only the body of the CC appeared to be positively

correlated with bimanual performance on the non-isofre-

quency ratios (rs = 0.42, p = 0.046). Thus, subjects with

higher RD values in this WM region showed poorer

bimanual performance.

Axial diffusivity

Higher AD values in the splenium of the CC, as obtained

with the DTI model, coincided with a lower error score on

the isofrequency ratio of the bimanual tracking task, i.e., a

better performance (rs = -0.47, p = 0.024).

Comparable results were found for the DKI estimates.

Negative associations revealed that subjects with lower

error scores, i.e., better performance on the isofrequency

ratio, had higher AD values in the genu (rs = -0.42,

p = 0.049) and the splenium of the CC (rs= -0.53,

p = 0.009).

Association between diffusion parameters

and bimanual performance; DTI versus DKI

To determine whether the correlations between the typical

diffusion metrics (FA, MD, RD and AD) and bimanual

performance were different between DKI and DTI

estimates, we calculated the Steiger’s Z statistic for

dependent correlations. Findings revealed no significant

differences in correlation coefficients between both model

estimations for any of the diffusion metrics (all

pcorr [ 0.01).

Association between the kurtosis parameters

and bimanual performance

Mean kurtosis parameters are shown in Fig. 3. Negative

associations between the typical kurtosis parameters (MK,

KA, RK and AK) and bimanual performance revealed that

subjects demonstrating a better performance on the non-

isofrequency ratios showed increased kurtosis values

(particularly MK, KA and RK) in the body (MK: rs =

-0.51, p = 0.013, RK: rs = -0.48, p = 0.021, KA:

rs = -0.54, p = 0.008) and the genu of the CC (RK:

rs = -0.46, p = 0.026, KA: rs = -0.43, p = 0.039), the

ALIC (MK: rs = -0.46, p = 0.027, RK: rs = -0.43,

p = .040, KA: rs = -0.45, p = 0.031) and the whole

brain WM (MK: rs = -0.49, p = 0.018, RK: rs = -0.44,

p = 0.035). Furthermore, KA values of the ALIC corre-

lated negatively with bimanual performance on the iso-

frequency ratio (rs = -0.53, p = 0.010), whereas positive

correlations were found for the AK values (rs = 0.55,

p = 0.007). See Online Resource 2 for a summary of the

correlation analyses.

Discussion

This is the first paper that uses DKI to investigate potential

relations between WM diffusion parameters and motor

performance in a group of healthy young adults. Our results

indicate that (1) with respect to the bimanual tracking task,

the isofrequency movements were performed more suc-

cessfully than the non-isofrequency movements, completely

in line with previous research (Sisti et al. 2011); (2) consis-

tent with previous findings (Veraart et al. 2011), DKI model

estimates of the diffusion indices were increased and FA

values decreased as compared to the DTI estimates; (3) the

correlations between the typical diffusion metrics and motor

performance were comparable for both diffusion methods;

and (4) being dependent on the WM structure, kurtosis

indices correlated significantly with motor performance.

Although DTI is a routinely used non-invasive imaging

technique to investigate the contribution of the WM

microstructure of the CC to bimanual coordination, recent

work has shown that there are many brain regions where

the Gaussian assumption for DTI may not be valid (Vos

et al. 2012; Jeurissen et al. 2012), possibly leading to

heterogeneity across previous DTI work on bimanual

coordination. For example, significant associations
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between bimanual performance and FA values in the pre-

frontal region of the CC in a population of MS patients

(Bonzano et al. 2008) and the anterior midbody of the CC

in healthy controls have been identified (Johansen-Berg

et al. 2007), whereas other studies point to the more pos-

terior regions of the CC as predictors for bimanual

Fig. 4 Relationship between

the behavioral task scores and

average FA values. Scatterplots

with best-fit lines showing

Spearman correlations between

the behavioral task scores and

average values for fractional

anisotropy (FA) of the CC-genu,

CC-body, corticospinal tract

(CST), anterior limb of internal

capsule (ALIC) and whole brain

white matter (WM) for both the

diffusion kurtosis imaging

(DKI) (black triangles) and

diffusion tensor imaging (DTI)

(gray circles) model estimates
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coordination (Sullivan et al. 2001; Pfefferbaum et al. 2007;

Muetzel et al. 2008; Gooijers et al. 2013). Although this

discrepancy can be partly explained by differential features

of the task as well as differences in the population under

study (healthy/pathological), it is also possible that a more

accurate estimation of the white matter microstructure by

means of DKI, as done in the present study, may alleviate

these inconsistencies to a certain degree. More specifically,

with the DKI model and in regions with a non-Gaussian

diffusion distribution, diffusion parameters are estimated

more accurately, rendering subsequent analyses more

reliable (Veraart et al. 2011).

In this study, the conventional diffusion parameters were

estimated with both the DTI and the DKI model. The

kurtosis model, compared to the diffusion model, showed

increased values for mean, axial and radial diffusivity and

decreased FA values for almost all WM structures. These

findings are largely in line with two earlier studies on rats

(Hui et al. 2008; Cheung et al. 2009; Veraart et al. 2011).

Cheung et al. (2009) studied whether DKI would be more

sensitive in detecting tissue microstructural changes with

age and found that indeed the DTI-derived diffusivity

values were generally underestimated in several WM tracts

and regions. A more methodological study on rats by

Veraart et al. (2011) also revealed that the typical diffu-

sivity measures are dependent on the selected model, i.e.,

values obtained by DKI are higher as compared to DTI. No

discrepancy was found between the DTI and DKI approach

for FA values. Besides animal studies, there is also one

pilot study in a small sample of four healthy human par-

ticipants (Lu et al. 2006), in whom the diffusion kurtosis

model was introduced. It was shown that apparent diffusion

coefficient values estimated by the DTI approach were

repeatedly lower than those obtained by the kurtosis model.

They concluded that, using the second-order polynomial

model instead of the mono-exponential model, one can

estimate the true apparent diffusion coefficient more

accurately. Finally, a recent study on prostate cancer, in

which the feasibility of the DKI model for detecting and

assessing the aggressiveness of the cancer was tested,

revealed that diffusivity values derived from DKI were

approximately twice as large as those obtained with DTI

(Rosenkrantz et al. 2012). The present study is the first

report confirming the abovementioned results in a large

group of healthy human participants.

From a theoretical point of view, DKI is more accurate

than DTI in terms of estimating the diffusion tensor mea-

sures (Jensen et al. 2005; Jensen and Helpern 2010). The

question now arises whether this increase in accuracy would

also affect the sensitivity in relating diffusion parameters to

performance on behavioral tasks, such as bimanual skills.

Hence, we explored the relationship between bimanual

performance and DKI-derived diffusivity estimates on the

one hand, and the relationship between bimanual perfor-

mance and DTI-derived diffusivity estimates on the other

hand. We hypothesized that with the expected increase in

accuracy, we would find stronger correlations between

performance on the bimanual tracking task and diffusion

measures with DKI than with DTI. Contrary to these

expectations, this study showed that the association trends

between motor performance and diffusivity indices, esti-

mated with either the DKI or DTI model, were not signifi-

cantly different.

In this study, several associations were observed

between performance and diffusion measures. First, higher

FA values of the body and genu of the CC, the ALIC, and

the whole brain WM were associated with lower error

scores on the non-isofrequency ratios, i.e., a better per-

formance. Second, lower RD values of the body and the

genu of the CC corresponded with better performance on

the non-isofrequency ratios. Third, the AD of the splenium

and the genu of the CC correlated negatively with perfor-

mance on the isofrequency ratio. By contrast, there were no

correlations between performance and the MD (derived

with DKI or DTI). These results indicate that both diffusion

methods were sensitive enough to relate diffusion param-

eters of essential WM structures with the ability to perform

a bimanual tracking task. Subsequent analyses revealed

that the nature and the strength of the correlations between

the diffusion metrics and bimanual performance were very

similar for the DKI and DTI parameter estimations. This

suggests that for a group of healthy young adults, demon-

strating dense WM fibers with a relatively low level of

complexity, DKI did not significantly influence the rela-

tionship between WM integrity and bimanual performance.

Hence, for the present experimental design, the DTI model

does not have to be discarded.

In other circumstances, DKI-based measures might be

more sensitive and informative than DTI-based measures.

For example, several recent studies have demonstrated that

DKI parameters are especially advantageous when inves-

tigating microstructural alterations and complexity in both

gray and white matter structures (Falangola et al. 2008; Hui

et al. 2008; Veraart et al. 2011). Moreover, in a study by

Lazar et al. (2008), fiber tractography based on DKI has

shown to resolve crossing fibers in white matter bundles

with high complexity levels, which is not possible with the

conventional DTI model. In addition, correlations with

DKI possibly depend on the anatomical location studied

(Szczepankiewicz et al. 2013). Furthermore, we believe

that the DKI model can be of added value in multiple

clinical research questions, as discussed next (Trampel

et al. 2006; Raab et al. 2010; Jansen et al. 2010, 2011;

Wang et al. 2011; Helpern et al. 2011; Rosenkrantz et al.

2012; Grossman et al. 2012; Van Cauter et al. 2012). We

know from several recent DKI studies that besides the
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conventional diffusion measures, additional kurtosis

parameters are highly sensitive and provide complemen-

tary information, especially in detecting pathological con-

ditions (Trampel et al. 2006; Jansen et al. 2010, 2011; Raab

et al. 2010; Wang et al. 2011; Helpern et al. 2011; Van

Cauter et al. 2012; Grossman et al. 2012). For example,

Van Cauter et al. (2012) demonstrated that kurtosis

parameters, in contrast to the conventional diffusion

parameters, were very accurate in classifying gliomas as

high or low grade, resulting in better diagnostics and

improved clinical management. Therefore, we also studied

the kurtosis measures as these could offer superior sensi-

tivity in detecting significant relations between WM

microstructural properties and motor performance. In the

genu and body of the CC, the ALIC, and for the whole

brain WM, all kurtosis measures, except the AK, were

correlated negatively with performance on the (non-) iso-

frequency ratios of the bimanual tracking task. These

results reinforce previous findings using the conventional

DTI-based metrics, namely the contribution of the more

anterior regions of the CC to bimanual performance. The

prefrontal region of the CC is known to exchange infor-

mation between prefrontal and medial wall motor areas of

both hemispheres and is involved in the integration of

sensorimotor information and for preparation of a motor

response (Schulte et al. 2005; Johansen-Berg et al. 2007;

Bonzano et al. 2008). In this context, a coherent micro-

structural organization of these anterior callosal connec-

tions has been shown to be crucial for bimanual

coordination (Preilowski 1972; Serrien et al. 2001; Sisti

et al. 2012). Moreover, it is not surprising that the generic

whole brain WM measure correlated with bimanual per-

formance, because the CC takes a substantial share in the

latter measure. Our results also indicate that bimanual

performance was correlated with FA in the ALIC.

Although no previous studies have reported such a relation,

it is known that supplementary motor pathways pass

through the ALIC and that fibers controlling upper limb

movement are found in the anterior part of the internal

capsule (Shelton and Reding 2001). The diffusion param-

eters of the CST, SCP and cerebral peduncles, however,

were not predictive of bimanual performance. Although

these structures are principal pathways to convey motor

commands, the microstructural organization is less crucial

for bimanual performance than the CC, which is critical for

interhemispheric interactions.

In summary, we have shown that using DKI for esti-

mating DTI-based measures does not alter the relationships

between WM microstructural properties and bimanual

performance in a group of young healthy controls. In

addition, the diffusion measures obtained with DKI, i.e.,

the kurtosis parameters, provided novel information, which

is promising for future neuropathology studies.
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