NeuroImage 55 (2011) 1287–1297

Contents lists available at ScienceDirect

NeuroImage
j o u r n a l h o m e p a g e : w w w. e l s e v i e r. c o m / l o c a t e / y n i m g

Age differences in speed of processing are partially mediated by differences in
axonal integrity
S. Burgmans a,b, E.H.B.M. Gronenschild a,b, Y. Fandakova c, Y.L. Shing c, M.P.J. van Boxtel a,b,
E.F.P.M. Vuurman b,d, H.B.M. Uylings a,b,e, J. Jolles f, N. Raz g,⁎
a

Department of Psychiatry and Neuropsychology, School for Mental Health and Neuroscience (MHeNS), Maastricht University, Maastricht, The Netherlands
European Graduate School of Neuroscience (EURON), Maastricht University, Maastricht, The Netherlands
Max Planck Institute for Human Development, Berlin, Germany
d
Department of Neuropsychology and Psychopharmacology, Faculty of Psychology and Neuroscience, Maastricht University, Maastricht, The Netherlands
e
Department of Anatomy and Neuroscience, VU University Medical Center, Amsterdam, The Netherlands
f
AZIRE Research Institute, Faculty of Psychology and Education, VU University, Amsterdam, The Netherlands
g
Institute of Gerontology, Wayne State University, Detroit, MI, USA
b
c

a r t i c l e

i n f o

Article history:
Received 20 August 2010
Revised 22 December 2010
Accepted 3 January 2011
Available online 11 January 2011
Keywords:
Aging
Cognition
White matter
DTI
MRI

a b s t r a c t
Advanced age is associated with declines in brain structure and in cognitive performance, but it is unclear
which aspects of brain aging mediate cognitive declines. We inquired if individual differences in white matter
integrity contribute to age differences in two cognitive domains with established vulnerability to aging:
executive functioning and speed of processing. The participants were healthy volunteers aged 50–81, some of
whom had elevated blood pressure, a known vascular risk factor. Using latent variable analyses, we examined
whether age differences in regional white matter integrity mediated age-related differences in executive
functions and speed of processing. Although diffusion-related latent variables showed stronger age
differences than white matter volumes and white matter hyperintensity volumes, only one of them was
signiﬁcantly associated with cognitive performance. Smaller linear anisotropy partially mediated age-related
reduction in speed of processing. The effect was signiﬁcant in posterior (temporal–parietal–occipital) but not
anterior (frontal) region, and appeared stronger for cognitive rather than reaction time measures of
processing speed. The presence of hypertensive participants did not affect the results. We conclude that in
healthy adults, deterioration of axonal integrity and ensuing breech of connectivity may underpin age-related
slowing of information processing.
© 2011 Elsevier Inc. All rights reserved.

Introduction
Many cognitive skills decline with age, but executive functions and
speed of processing are considered to be particularly vulnerable
(Horn, 1986; Rhodes, 2004; Van der Elst et al., 2006a,b). However,
neural mechanisms underpinning these functional declines remain
unclear. In search of neural mediators of differential cognitive aging,
many researchers have focused on the aging of the cerebral white
matter. To date, several studies reported signiﬁcant correlations
between various indices of white matter integrity and executive
performance (Brickman et al., 2006; Burns et al., 2005; Charlton et al.,
2006; De Groot et al., 2000; Grieve et al., 2007; Gunning-Dixon and
Raz, 2000, 2003; Kennedy and Raz, 2009; Madden et al., 2009b; Raz et
al., 2003; Schiavone et al., 2009; Vernooij et al., 2009; Zahr et al., 2009;
Ziegler et al., 2010) and between white matter integrity and speed of
processing (e.g., Kennedy and Raz, 2009; Madden et al., 2009a; Penke
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et al., 2010; Vernooij et al., 2009). These ﬁndings are frequently
interpreted as favouring the “disconnection hypothesis,” according to
which cognitive declines stem from disruption of the information ﬂow
in neural networks following age-related deterioration of the white
matter through axonal damage and demyelination (Hogan et al.,
2006). Heterogeneity of measures of white matter integrity hampers
interpretation of this literature, as it is unclear which aspects of agerelated differences in white mater structure are particularly responsible for the age-related neuropsychological deﬁcits. Almost all
investigations to date have focused on a limited number of indicators
of white matter integrity, attending either to white matter volume, its
diffusion properties or the presence of local pathology. Hence, there is
a need for a comparison among multiple indices of white matter
integrity and determination of their relative utility for predicting
cognitive declines.
Although it is impossible to assess the causal role of white matter
deterioration in cognitive declines outside of the framework of a
longitudinal study, cross-sectional comparisons can inform about the
relative contribution of individual differences in mediators to agerelated variability (Baron and Kenny, 1986; Lindenberger and Pötter,
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1998; Preacher et al., 2007). To date, mediation analyses of putative
white matter substrates of age-related declines in executive functioning or processing speed have been conducted in only a handful of
studies that employed multiple regression methodology (Brickman et
al., 2006; Charlton et al., 2008; Head et al., 2009; 2008; Madden et al.,
2009b; Zahr et al., 2009). Although supportive of the mediation
hypothesis, those investigations focused only on a single index of
white matter integrity at a time. Thus, it remains unclear which of the
most frequently used indices of white matter integrity is the most
sensitive in detecting a mediating effect. Only one study (Vernooij et
al., 2009) compared the three indices of white matter integrity and
their effect on executive functioning and speed. The authors
concluded that gross volume of normally appearing white matter,
volume of white matter hyperintensities, and indices of mean, radial,
and axial diffusivity reﬂect different aspects of pathophysiology, and
suggested that diffusivity measures might have an advantage in
predicting cognitive performance over other measures of white
matter integrity. In that study, conducted in a large community
sample of typical elderly, contributions of multiple health factors
could be confounded with age. Moreover, the cognitive constructs
were operationalized by indicators from only two tasks (Stroop and
Letter–Digit Substitution) that were used in constructing composite
scores for several presumably distinct cognitive entities. Statistical
methods of that study (multiple ordinary least squares models) were
insufﬁcient for testing complex relationships among cognitive and
brain variables.
For testing such multivariate associations, structural equation
models (SEM) provide a more suitable framework. Making a step in
the right direction, several studies used SEM for analyses of mediation
effects of brain variables in age-related differences in executive
functions, speed of processing, and memory (Head et al., 2009; 2008;
Penke et al., 2010; Voineskos et al., 2010). However, in those studies
only manifest measures or principal component analysis was used,
thus precluding examination of associations on the level of constructs
that is possible in the framework of SEM with latent variables. The
latter approach involves extraction of common variance to form latent
factors corresponding to theoretical constructs from multiple tests,
while simultaneously removing measurement error and test-speciﬁc
variance. Such analytic approach provides a signiﬁcant conceptual as
well as statistical advantage (Little et al., 1999).
The objective of the present study was to investigate in healthy
adults, the mediating effects of age differences in white matter
integrity on the relationship between age and age-sensitive cognitive
functions, i.e., executive functioning and speed of processing. We
compared three types of measures of white matter integrity: white
matter volumes, white matter hyperintensities (WMH), and indices
based on diffusion properties, which comprised fractional anisotropy
(FA), linear (similar to axial) anisotropy (A) and planar (similar to
radial) anisotropy (R). Executive functioning was assessed by
multiple cognitive tasks covering the domains of inhibition, working
memory, and set shifting. Speed of processing was measured by
paper-and-pencil tasks that involved comparison of verbal and
pictorial stimuli, as well as computerized measures of speed of
processing in the working memory. We used conﬁrmatory factor
analysis to build latent factors from separate measurement models of
brain and cognitive variables. To test hypotheses regarding mediation
inﬂuence of brain variables on cognitive constructs, we validated the
measurement models, and afterwards constructed structural models
involving the latent factors that represented constructs measured by
the speciﬁc tests and indices of white matter integrity.
We hypothesized that advanced age would be associated with
signiﬁcant reduction in speed of processing and decline in executive
functions, and that those declines would be associated with reduction
in integrity of the white matter. Based on previous analyses of brain
measures in this sample, we hypothesized that diffusion-based
indices of white matter integrity would fare better in predicting

declines in age-sensitive cognitive skills than volume or WMH indices.
Because hypertension has negative effect on white matter integrity in
this sample (Burgmans et al., 2010), we hypothesized that hypertension, even treated and reasonably controlled, could be an important
modiﬁer of relationship between age-related differences in white
matter and cognition.
Methods
Participants
The participants for this study were selected from the ﬁrst wave of
a longitudinal MRI study of 219 healthy community volunteers (aged
18–81 years) from the Metro Detroit area, who were recruited
through advertisements in the local media and screened via a
telephone interview and health questionnaire. The exclusion criteria
were a history of cardiovascular, neurological and psychiatric
conditions, history of stroke, head trauma with a loss of consciousness
for more than 5 min, history of alcohol and drug abuse, or a diagnosis
of diabetes or thyroid disorder. The items used to screen for
cardiovascular disease included an open question on any kind of
diseases or complaints related to the heart or the large blood vessels
as well as taking speciﬁc medications prescribed for treatment of
cardiovascular conditions. The participants had corrected visual acuity
of 20/50 or better (Optic 2000, Stereo Optic) and adequate hearing
acuity (hearing threshold levels 40 dB or better for frequencies of
500–4000 Hz; Maico, MA27). To screen for dementia and depression
we used the MMSE (Folstein et al., 1975) and the Center for
Epidemiologic Studies Depression Scale (CES-D; Radloff, 1977). Only
persons who scored 26 or higher on MMSE and 15 or lower on CES-D
were invited to participate. All participants provided written
informed consent in accord with university and hospital review
board guidelines.
Because the present study involved the phenomena that are
extremely rare in younger adults (e.g., WMH and hypertension), we
selected only participants of ﬁfty years of age and older, 93 from the
total sample of 219, including 36 hypertensive. Thirty-one of the
hypertensive participants reported a history of hypertension diagnosed by their physician and were taking at least one antihypertensive medication, for the mean duration of 6.7 years. Five additional
participants who were not diagnosed with hypertension were
classiﬁed as hypertensive because they had an abnormally high
average systolic (N140 mm Hg) or diastolic (N90 mm Hg) blood
pressure measured at the research center. Blood pressure was
averaged across the arms and at least three measurements were
performed on different days. Thus, the presence of past or current
hypertension is conceptualized in this study as a marker of vascular
risk. Reduction of the blood pressure through medical intervention
may reduce future risk, but does not eliminate the history of elevated
blood pressure and possibility of its damaging inﬂuence on brain and
cognition. The remaining 57 participants in this sample were
normotensive, who did not differ from the hypertensive group in
age, education and distribution of sex and ethnicity (see Table 1).
Measures of executive functioning
Wisconsin Card Sorting Test
In a computerized version of the Wisconsin Card Sorting Test
(WCST), participants were asked to sort cards with geometric designs
into categories by the shape, color or number of the designs that
appear on the cards. The participants were asked to match a card
appearing on the bottom of the screen with one of four key cards
displayed at the top using a keypad. The computer provided accuracy
feedback. The correct category switched after 10 consecutive correct
responses. Participants continued until six categories were achieved,
or the maximum 128 trials. The index of performance was the number
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Table 1
Description of the sample and cognitive measures.
Variable; mean (SD) or %

Number of participants
Age
Education in years
Caucasian race
Hypertensive medication
Years of treatment with medication
Systolic pressure in mm Hg
Diastolic pressure in mm Hg
MMSE
Intracranial volume in ml
WCST, perseverative errors
Stroop color naming task, seconds
NBV3ER, errors for 3-back trials
NBNV3ER, errors for 3-back trials
NBV1RT, reaction time
NBV2RT, reaction time
NBNV1RT, reaction time
NBNV2RT, reaction time
LetComp, no of correct items
PatComp, no of correct items

Total

93
62.0 (7.9)
15.8 (2.6)
68.8%
33.3%
2.2 (4.4)
126.5 (12.6)
76.4 (7.2)
28.6 (1.0)
1366.9 (160.9)
18.1 (11.1)
21.0 (7.8)
6.4 (4.1)
11.6 (4.4)
1483.2 (348.8)
1792.6 (448.4)
3355.0 (704.8)
3977.2 (831.1)
18.4 (4.6)
30.6 (5.2)

Men

Women

p-values of group comparisons;
calculated by ANOVA (A) or χ2 tests

Normotensive

Hypertensive

Normotensive

Hypertensive

25
61.4 (7.7)
15.5 (2.6)
68.0%
.0%
.0 (.0)
122.7 (9.3)
74.4 (5.4)
28.7 (1.2)
1469.0 (147.2)
14.9 (9.6)
21.7 (8.9)
6.5 (4.1)
10.4 (4.5)
1551.7 (391.4)
1696.9 (368.3)
3517.5 (881.1)
4100.3 (941.0)
17.5 (4.5)
30.0 (5.7)

15
61.1 (8.4)
16.8 (3.3)
80.0%
86.7%
6.1 (5.0)
133.6 (13.0)
81.5 (9.4)
28.4 (1.1)
1435.8 (186.3)
15.4 (11.4)
19.0 (8.0)
7.3 (4.6)
11.4 (4.3)
1466.4 (295.3)
1653.3 (285.2)
3234.0 (554.4)
3634.8 (661.3)
19.1 (3.8)
31.0 (4.7)

32
61.2 (7.8)
15.5 (2.6)
75.0%
.0%
.0 (.0)
120.8 (10.4)
73.1 (6.4)
28.6 (1.0)
1325.3 (111.3)
21.9 (10.0)
21.6 (7.6)
6.1 (3.6)
12.8 (4.4)
1417.7 (291.6)
1763.3 (368.6)
3218.7 (637.4)
3836.6 (704.3)
19.5 (4.8)
30.8 (5.7)

21
64.7 (8.0)
15.9 (2.4)
52.4%
85.7%
5.5 (5.8)
134.6 (12.6)
80.1 (4.9)
28.7 (.7)
1259.7 (134.5)
17.9 (12.9)
20.7 (6.8)
6.3 (4.5)
11.1 (4.3)
1510.1 (409.4)
2049.0 (628.5)
3450.0 (645.5)
4282.7 (891.2)
17.5 (4.7)
30.6 (4.5)

A
A
χ2
χ2
A
A
A
A
A
A
A
A
A
A
A
A
A
A
A

Sex

HTN

Sex × HTN

.438
.572
.505
.882
.900
.844
.447
.781
b .001***
.025*
.738
.455
.147
.380
.035*
.482
.605
.506
.714

.253
.189
.415
b.001***
b.001***
b.001***
b.001***
.706
.107
.411
.321
.591
.583
.848
.117
.928
.744
.616
.775

.279
.385

.671
.548
.972
.364
.594
.349
.601
.724
.169
.243
.081
.097
.011*
.066
.582

Note. Effects are from univariate ANOVAs (A); and χ2 tests. HTN — hypertension, WCST = Wisconsin Card Sorting Test; NBV = N-back verbal; NBNV = N-back nonverbal; LetCom =
letter comparison; PatComp = pattern comparison. *p b .05; ***p b .001.

of perseverative errors. The Spearman–Brown test–retest reliability
for perseverative errors is .83 (Ingram et al., 1999).
Stroop task: Color naming
We used a paper–pencil version of the Stroop test (Stroop, 1935),
devised by Salthouse and Meinz (1995). This Stroop test includes
three conditions (neutral, compatible and incompatible), with two
trials collected for each condition. We included only the ﬁrst trial in
our analyses. Participants read color words presented in compatible
ink (compatible condition), named the color of the ink in which X's
were printed (neutral condition), and named the color of the ink in
which color words were printed in an incompatible color (incompatible condition). When the interference score is computed as a
difference between reading time for incongruent stimuli and colornaming time for neutral stimuli, the estimated split-half reliability is
.72 (Salthouse and Meinz, 1995). Because difference scores are less
reliable than their components (e.g., Lord, 1958), we deﬁned the cost
of interference as a studentized residual from regression of the
reading time in the incompatible condition on color-naming time in
the neutral condition. Thus, for every participant, the interference cost
was deﬁned as a deviation of reading speed for incongruent stimuli
from what would be expected based on color-naming speed of the
neutral stimuli. In addition, studentizing resulted in scores that were
normalized by the standard deviation thus taking into account
possible differences in variability in reading times across various
stimuli.
Verbal N-back task
In this computerized task, participants viewed a randomly ordered
sequence of digits between 1 and 9. The length of a string varied from
ﬁve to nine digits, and the participants were required to report the
digit in the nth position after the full string was presented. There were
three blocks of trials, and for each block participants reported either
the digit that was 1-back in the sequence, the digit 2-back in the
sequence, or the digit 3-back in the sequence. Instructions were read
aloud and displayed on the computer screen: “In this task you will see
a series of digits presented one at a time. At the end of the
presentation, you will use the number pad to indicate the last

(next-to-last or third to-last) digit shown.” No directions were given
regarding speed or accuracy.
Response requirements were a nonverbal key press on the
keyboard using the number pad. The trials were of variable
presentation length depending on how many stimuli (5–9) were
presented in any given trial, but the stimuli were presented for a set
time of 1 s. There was no ‘time-out,’ as a key press was required before
the next trial started. The inter-trial interval varied, depending on the
duration of the participant's response, but the inter-stimulus interval
was constant at 200 ms. There were 20 trials for each experimental
block (1-, 2-, or 3-back), with the presentation order randomized
across participants, but like experimental conditions were always
presented together (i.e., the 20 trials for each block were presented
consecutively). The index of performance was the number of errors in
the 3-back condition, as the other conditions evidenced ceiling effects.
The estimated test–retest reliability for this task is .91 (Salthouse et
al., 1996).

Nonverbal N-back task
The procedure for the nonverbal N-back task (Dobbs and Rule,
1989; Hultsch et al., 1990) was the same as for the verbal version
except that the stimuli were from Kroll and Potter (1984). In addition,
the test phase consisted of a screen displaying all nine abstract ﬁgures
paired with digits and participants indicated the ﬁgure in the nth
position. The distinction between the verbal and non-verbal stimuli
comes in because in the verbal task, one can meaningfully use
language (digit names) in processing of the stimuli. The nonverbal
task is composed of abstract ﬁgures with no reference, and therefore
has no similar verbal component. The index of performance was again
the number of errors in the 3-back condition. The estimated reliability
for this task is .88 (Salthouse et al., 1996).

Speed of processing
Verbal and nonverbal N-back task
See above. The indices of performance were the reaction times
(RT) on the 1-back and 2-back conditions. The RTs from the 3-back
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conditions were not used due to a substantial number of errors
committed by many participants.
Letter comparison and pattern comparison task
Both tasks require participants to make rapid judgements about
whether or not two sets of stimuli are the same or different. In the
letter comparison task participants were represented with two pages
that contain two columns of letter strings. There were a total of 21
pairs of three to nine letters. The participants' task was to write an “S”
(for same) of “D” (for different) on the line between the pair of
stimuli. The pattern comparison task had the same structure, but
consisted of 30 pairs of line patterns containing three to nine line
segments. Participants were given 30 s per page and instructed to
complete the task as rapidly and accurately as possible. The index of
performance was the total number of correct items. Estimated
reliability for letters is .77 and .87 for pattern comparison (Salthouse
and Meinz, 1995).
Image acquisition
Four series of MRI images were acquired on a 4 T MRI system
(Bruker Biospin, Ettlingen, Germany) with an 8-channel RF coil.
Magnetization-prepared rapid gradient echo (MPRAGE) T1-weighted
images were acquired in the coronal plane with the following
parameters: TR = 1600 ms, TE = 4.38 ms, TI = 800 ms,
FOV = 256 mm × 256 mm, in plane resolution = .67 mm × .67 mm,
slice thickness = 1.34 mm, matrix size = 384 × 384, and number of
slices = 176. Fluid-attenuated inversion recovery (FLAIR) images
were acquired in the axial plane, with TR = 8440 ms, TE = 112 ms,
TI = 2200 ms, FA = 150°, FOV = 256 mm × 256 mm, in plane resolution = 1 mm × 1 mm, contiguous slice thickness = 2 mm, and matrix
size = 256 × 256. A Turbo Spin-Echo (TSE) sequence was used to
acquire 50 contiguous axial slices of proton-density (PD)/T2-weighted images with TR = 3700 ms, TE = 19 ms/96 ms, FA = 150°,
FOV = 256 × 256 mm2, in plane resolution = 1 × 1 mm2, slice thickness = 2 mm, and matrix size = 256 × 256. Diffusion tensor images
(DTI) were acquired with the following parameters: TR = 4900 ms,
TE = 79 ms, 6 diffusion directions, 10 averages, 41 slices,
FOV = 256 × 256 mm2, voxel size = 2 × 2 × 3 mm3, and GeneRalized
Autocalibrating Partially Parallel Acquisitions (GRAPPA) acceleration
factor 2. The MR images used in this study were free of pathological
ﬁndings.
Image analyses
Before processing, we used the MNI software (Montreal Neurological Institute, Montreal, USA) to correct the T1-weighted and FLAIR
images for the effects of magnetic ﬁeld inhomogeneities (Sled et al.,
1998). All analyses were performed in native space, with an exception
for the T1-weighted images. The latter were transformed into
standardized MNI space via a linear transformation, which allowed
transfer of the images and templates back into the native space (see
Collins et al., 1994 for the linear transformation procedure). The DTI
images were preprocessed with the BrainVoyagerQX software,
version 1.10 (Brain Innovation, Maastricht, the Netherlands) in native
space.
For several post-processing steps we used the custom software
package GIANT (Gronenschild et al., 2010). Regions of interest (ROIs)
were traced on the T1-weighted image of each participant, and ﬁve
outcome measurements were calculated within each ROI: volume of
the white matter ROIs, volume of the WMH, and DTI-derived indices:
fractional anisotropy (FA), linear anisotropy (A) and planar anisotropy (R). The lobar (frontal, parietal, temporal, and occipital) ROI
measures described in Burgmans et al. (2010) were used in
construction of measurement models.

Volumetric image analysis
The individual ROI templates were overlaid on the T1-weighted
images in standardized MNI space. To segment the T1-weighted
images into gray matter, white matter and cerebro-spinal ﬂuid, we
used the MNI software (Zijdenbos et al., 2002). All voxels that were
recognized as white matter were selected within each ROI, which
resulted in a segmented ROI template. Finally, the segmented ROI
template was transformed back into native space. The ROIs were
veriﬁed slice-by-slice, and all instances of suboptimal segmentation
were corrected manually. Finally, the volumes of each white matter
ROI were calculated. To test the reliability of this method, the operator
(SB) performed the whole procedure twice on ten randomly selected
brains. This procedure yielded high test–retest reliability for each ROI,
with intraclass correlation coefﬁcients N .90 (ICC, formula 1,1: oneway random effects, Shrout and Fleiss, 1979). To avoid counting
abnormal white matter in the volume measures, the volumes of WMH
(see below) were removed, lobe-by-lobe, from the white matter
volumes.
White matter hyperintensities
To quantify the volumes of WMH on the FLAIR images, we used a
semi-automatic tool (GIANT). The tool has been validated by manual
expert tracings and was used in previous publications (e.g., Henskens
et al., 2008). First, the algorithm was trained to classify WMH
correctly. For this purpose, the image intensity scale of the FLAIR
images was standardized (Nyúl and Udupa, 1999). Next, ﬁve FLAIR
scans with a substantial amount of white matter lesions were selected
and the white matter lesions in these stacks were traced manually.
These manual tracings were used to derive parameters for the
automatic classiﬁcation of the WMH. Second, the actual quantiﬁcation
of WMH was performed semi-automatically. Horizontal FLAIR and T2weighted images were displayed and aligned side by side on the
computer monitor. This allowed visual inspection of the scan and easy
identiﬁcation of WMH. In each slice, a WMH was indicated manually
by clicking in its region in a FLAIR image, thus generating a seed point
and providing starting parameters for region growing. Manual
corrections were performed when necessary. Finally, the total volume
of the WMH within each ROI was calculated. The WMH quantiﬁcation
was performed twice on ten randomly selected brains by the same
rater (SB), and yielded high test–retest reliability: intraclass correlation coefﬁcient = .99 (formula ICC 1,1, Shrout and Fleiss, 1979).
Diffusion tensor imaging
Diffusion tensor generated by DTI can be visualized as an ellipsoid
and its asymmetry can be captured by a normalized index, fractional
anisotropy (FA, Basser and Pierpaoli, 1996). In addition, the diffusion
tensor can be decomposed into two basic geometric entities
corresponding to linear and planar diffusion cases (Westin et al.,
2002). As described by Westin and colleagues, in the linear case, the
relationship among the eigenvalues of the diffusion tensor is
λ1 ≫ λ2 ≈ λ3. In that case, diffusion is presumed to occur in the
direction of the main axis. In the planar case, λ1 ≈ λ2 ≫ λ3, the
diffusion is in the plane deﬁned by the ﬁrst and second principal axes.
Linear and planar anisotropy are to some extent comparable with
axial and radial diffusivity. The difference is that linear and planar
anisotropy are relative measures as they take into account all three
eigenvalues, which therefore may be a more robust measure of the
direction of water diffusion than each of individual eigenvalues may.
We deﬁned three indices of diffusivity: FA, Cl = 1 − λ2/λ1, and Cp =
(λ2 − λ3)/λ1. The latter two reﬂect linear and planar anisotropy,
respectively. Decrease in Cl means decrease in linear anisotropy, i.e.
reduced likelihood of diffusion in the principal direction or departure
from the linear case. Lower Cp values imply reduced planar anisotropy
or departure from the planar case. In some studies, eigenvalues of the
diffusion tensor are used to compute axial (λ1) and radial (λ2 + λ3/2)
diffusivity indices. Axial and radial diffusivity increase with age and
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correlate negatively with FA (Sullivan et al., 2006; Vernooij et al.,
2008); linear (Cl) and planar (Cp) anisotropy decrease with age and
correlate positively with FA (Wang et al., 2009; Burgmans et al.,
2010). In this sample, the correlations between axial diffusivity and
linear anisotropy for individual lobes ranged between r = −.57 and
−.69, all p b .001. For radial diffusivity and planar anisotropy, the
correlations were r = −.67 and −.77, all p b .001.
We used BrainVoyagerQX to generate the FA maps from the DTI
images. The images were inspected for relevant motion artifacts, but
none was found. Since DTI is very sensitive to data transformation, we
minimized manipulations of the original scan data, and performed the
analyses in the native space. Each DTI scan was aligned to the T1image in native space and an FA map was calculated without applying
smoothing ﬁlters. The mean FA values of the individual brains in
native space were used for the statistical analyses. To isolate the white
matter and to exclude the gray matter and CSF voxels, we applied a
threshold of FA N .20. The accuracy of this white matter FA map was
veriﬁed by visual inspection after overlaying the FA map on the T1weighted image and evaluating its match to the white matter. Finally,
the individual ROI template was overlaid on the FA map and the mean
FA of each ROI was calculated. The same procedure was followed in
generating maps of the linear tensor component (Cl) that is
comparable though not equivalent to axial anisotropy (and hence
designated in this paper as A) and planar tensor component, Cp, that is
comparable to radial anisotropy (and hence designated as R).
However, no additional thresholding was applied to those maps.
Reliability of all measures determined on 10 randomly sampled brains
and is reported in detail elsewhere (Burgmans et al., 2010).

ferences in head and body size via a linear equation: Volumeadji =
Volumei − b(ICVi − Mean ICV) for each participant i. In this equation,
Volumeadji is the adjusted ROI volume, Volumei is the raw ROI volume, b
is the slope of the ROI volume regression on ICV, and Mean ICV is the
sample mean of the intracranial volume.
We tested the skewness and kurtosis of all variables against zero
by using the z-distribution with |z| N 3, p b .01 criterion for problematic
values (Tabachnik and Fidell, 2006). Due to high skewness and
kurtosis the WMH measures were log-transformed, although the
distribution remained somewhat skewed even after the transformation. The distributions of ﬁve out of the ten cognitive variables,
including the verbal 1-back and 2-back tasks, the STROOP reading
speed and errors as well as the number of WCST perseverative errors
were also skewed, but were normalized by log transformations. To
avoid scaling discrepancies and to facilitate interpretation of results,
all variables were z-transformed for subsequent analyses.
As evident from Table 1, intracranial volume was larger in men than
in women and the blood pressure was signiﬁcantly higher in the
hypertensive participants compared to their normotensive counterparts, despite of the effects of anti-hypertensive medication. However,
the normotensive and hypertensive participants did not differ with
respect to age, education, MMSE, and intracranial volume, and
distribution of sex and ethnicity. With regard to the cognitive measures,
men performed signiﬁcantly better on the WCST than women and had
better reaction times on the N-back verbal task. In addition, there was a
sex × hypertension interaction on the N-back nonverbal task.

Statistical analyses

Although the primary focus of this study was the test of mediation
models of age-related differences in cognition, we ﬁrst present separate
analyses of white matter integrity measures and the indices of cognitive
ability, as well as their relationship to age. After these preparatory
analyses, we present the core ﬁndings of the study, i.e., a series of
structural models that examine the extent to which age differences in
white matter integrity mediate age differences in cognitive ability.

To compute the descriptive statistics and evaluate the effects of sex
and hypertension we used an ordinary least-squares General Linear
Model (GLM) approach. Group differences of the categorical variables
were assessed with the χ2 test. For the main analyses and hypotheses
testing, we used latent variable structural equation modeling (SEM)
implemented in Mplus (Version 5.2; Muthén and Muthén, 1998–
2010). SEM is a powerful analytical tool that allows testing theorydriven hypotheses about mutual inﬂuences of multiple variables and
directionality of these effects in a wide variety of a priori models
(Kline, 2005). A typical SEM model consists of a measurement model,
representing the relationship of a number of observed variables to an
unobserved construct, as well as a structural model that characterizes
the ﬂow of variance among the latent variables (Bollen, 1989, 2002).
Using latent variables in mediation analysis allows accounting for
measurement error in the observed variables that can otherwise
potentially reduce mediation relations (MacKinnon, 2008). In the SEM
framework, the focus is not on speciﬁc measurements but on the
constructs that those measurements are presumed to assess.
All structural models in this study were evaluated via maximum
likelihood estimation with several indices of model ﬁt. Models were
considered an acceptable ﬁt with χ2/df of less than 2, comparative ﬁt
index of more than .91 (CFI; Bentler, 1990), and a root-mean-square
error of approximation of less than .08 provided that it included .05
within its 90% conﬁdence interval (RMSEA; Browne and Cudeck,
1993; Steiger, 1990). Nested models were compared by testing the
signiﬁcance of the difference with χ2, with the degrees of freedom
equal to the difference in the number of free parameters between the
two models. The threshold of statistical signiﬁcance was p b .05.
Results
Sample characteristics and cognitive measures
Descriptive data for all tasks are presented in Table 1. Intracranial
volume (ICV) was used to correct white matter volumes for dif-

Structural equation modeling analyses

Cognitive performance variables
The ten cognitive tests were hypothesized to measure two
different cognitive constructs: Speed of Processing (Speed) and
Executive Functioning (EF). To examine the factor structure of the
test battery, a latent-factor model with two independent factors was
speciﬁed using conﬁrmatory factor analysis approach (Bentler and
Mooijaart, 1989) (Fig. 1). That model reproduced the data quite well:
χ2 = 52.43, df = 44, CFI = .97, and RMSEA = .05 (90% CI = 0 to .09). A
one-factor model ﬁtted the data poorly, suggesting that EF and Speed
are separate though correlated factors. The correlation between EF
and Speed was r = .45 (p b .05).
In the next step, age was included as an independent, error-free
variable by regressing EF and Speed on age. The ﬁt for this model was
good, χ2 = 60.89, df= 52, CFI = .97, and RMSEA = .04 (90% CI= .00 to
.08). The regression paths between EF and age and between Speed and
age were signiﬁcant. Fixing these paths to zero resulted in signiﬁcant
loss in model ﬁt, and they were retained in the model. Thus, the
cognitive measures conformed well to a structure with two separate and
moderately correlated constructs, both negatively associated with age.
Age differences in white matter integrity
We obtained ﬁve different measures of white matter integrity
within four lobes: frontal (FL), parietal (PL), temporal (TL) and
occipital (OL).1 These measures included regional white matter
1
Although additional regions (genu, body, and splenium of the corpus callosum)
were available in this data set (Burgmans et al., 2010), we decided not to include them
in the models: there were no WMH in those regions, their inclusion into volume and
DTI models worsen the ﬁt, and their inclusion in the mediation models did not affect
the results.
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Fig. 1. Measurement model for cognitive performance variables. *p b .05, standardized path coefﬁcients. Abbreviations: NB — N-back, V — verbal, NV — nonverbal, ER — errors, RT —
response time, WCST — Wisconsin Card Sorting Test, perseverative errors; LetCom and PatCom — letter and pattern comparison.

volume, regional volume of WMH, fractional anisotropy (FA), linear
anisotropy (A), and planar anisotropy (R). Thus, there were 20 whitematter measures, and with less than 100 participants, data reduction
was in order. Because volume, WMH, and anisotropy indices reﬂect
relatively independent properties of the cerebral white matter, and
were uncorrelated in this sample (Burgmans et al., 2010), we
speciﬁed and evaluated separate measurement models for each set
of the indices. However, because FA, A, and R are believed to reﬂect
different properties of the white matter and may exert differential
effects on cognition (Song et al., 2003; Song et al., 2005; Sun et al.,
2006; Zhang et al., 2010), we speciﬁed three separate2 models for
each of the DTI-based measures of white matter integrity. Thus, we
ﬁtted ﬁve models to the white matter data. Although the ﬁndings
pertaining to the white matter integrity measures in this sample have
been reported in our previous publication (Burgmans et al., 2010),
those data were not analyzed in SEM framework as presented here.
The model for white matter volume included one latent factor
represented by its corresponding values for FL, PL, TL, and OL. This
model ﬁtted the data very well, χ2 = 6.47, df = 6, CFI = 1.00, and
RMSEA = .03 (90% CI = .00 to .14). Similarly, in a separate model,
WMH was represented by one latent factor measured by its
corresponding WMH volumes in FL, PL, TL, and OL. This model
showed excellent ﬁt, χ2 = 1.61, df = 6, CFI = 1.00, and RMSEA = .00
(90% CI = .00 to .00). The similar model for FA ﬁtted the data very well,
χ2 = 5.14, df = 6, CFI = 1.00, and RMSEA = .00 (90% CI = .00 to .13).
The ﬁnal models for R and A3 showed acceptable ﬁt (for R: χ2 = 11.59,
df = 6, CFI = .97 and RMSEA = .10 (90% CI = .00 to .19), for A:
χ2 = 8.13, df = 5, CFI = .99 and RMSEA = .08 (90% CI = .00 to .18)).
Thus, all indices of white matter integrity yielded robust latent factors
reﬂecting the respective white matter properties across the brain
lobes.
Finally, age was included as independent, error-free variable in
each of the measurement models by regressing each of the latent
white matter factors on age. The ﬁt for the resulting model of white
2
When all three diffusion-base indices (A, R, and FA) were entered simultaneously
in one model, the resulting model ﬁt was poor, probably due to multicollinearity
among the DTI-based indices (Kline, 2005).
3
The initial model ﬁt of the A model was relatively poor, χ2 = 27.31, df = 6,
CFI = .90, and RMSEA = .20 (90% CI = .13 to .28). Therefore, following the modiﬁcation
indices for the model we allowed for the residual correlations between the A measures
for PL and FL to be estimated (Fig. 2).

matter volume was good, χ 2 = 7.69, df = 9, CFI = 1.00, and
RMSEA = .00 (90% CI = .00 to .10). The regression path between age
and the Volume factor was not signiﬁcant and age did not explain a
signiﬁcant amount of variance in the Volume factor (R2 = .02). For
WMH, inclusion of age resulted in excellent model ﬁt, χ2 = 3.88,
df = 9, CFI = 1.00, and RMSEA = .00 (90% CI = .00 to .04). The
regression path between age and WMH was signiﬁcant and the
amount of variance in the WMH factor explained by age was R2 = .15
(p = .05). For FA, the inclusion of age resulted in a good model ﬁt,
χ2 = 15.30, df = 9, CFI = .98, and RMSEA = .09 (90% CI = .00 to .16).
FA was negatively related to age and the variance in FA explained by
age was R2 = .26 (p b .05). Age also accounted for a signiﬁcant
proportion of variance in R, R2 = .31 (p b .05), χ2 = 13.29, df = 9,
CFI = .98, and RMSEA = .07 (90% CI = .00 to .15). Including age in the
model for A resulted in a good model ﬁt, χ2 = 14.65, df = 8, CFI = .97,
and RMSEA = .10 (90% CI = .00 to .17). The regression path between
age and A was signiﬁcant and the proportion of variance in A
explained by age was R2 = .35 (p b .05). Thus, all indices of white
matter integrity formed coherent constructs, but evidenced differential relation with age. As previously demonstrated in a different type
of statistical analyses, diffusion-based measures showed substantially
stronger association with age than WMH burden, whereas gross
volume of the white matter exhibited no discernable age trends.
After establishing the pattern of age differences in various indices
of white matter integrity, we investigated what if any role those
differences played in mediating age differences in cognition. Furthermore, we examined whether hypertension affected white matter
integrity, cognition, and their relationships with age.
Mediation of age differences in cognition by white matter integrity:
Structural models
Fig. 3 depicts the hypothesized structural model for white matter
volume as a mediator of age effects. This model reproduced the data
well: χ2 = 130.69, df = 99; CFI = .94; RMSEA = .06 (90% CI = .03 to
.08). However, none of the regression paths between Volume and
Speed and Volume and EF was signiﬁcant. The mediation model for
WMH also reproduced the variances–covariances structure of the data
very well, χ2 = 113.11, df = 99; CFI = .97; RMSEA = .04 (90% CI = .00
to .07), but did not mediate the effect of age on Speed or EF.
With regard to the DTI-based measures, the structural model
including age effect on FA and FA effect on Speed and EF resulted in a
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Fig. 2. Measurement models for the indicators of white matter integrity: A. volume of white matter hyperintensities (WMH), B. gross volume (VL), C. fractional anisotropy (FA), D.
planar (≈ radial) anisotropy (R), and E. linear (≈ axial) anisotropy (A). *p b .05, standardized path coefﬁcients.

good model ﬁt (χ2 = 107.10, df = 99; CFI = .99; RMSEA = .03 (90%
CI = .0 to .06)) but FA did not mediate the relationship between age
and Speed or age and EF. Similarly, the regression of Speed and EF on R
was not signiﬁcant: χ2 = 129.57.71, df = 99; CFI = .94; RMSEA = .06
(90% CI = .02 to .08). Finally, the structural model for A was speciﬁed
so that age affected A, which in turn affected Speed and EF. This model
showed a good ﬁt: χ2 = 111.66, df = 98; CFI = .98; RMSEA = .04 (90%
CI = .00 to .07). Moreover, the relationship between Speed and A was
positive and signiﬁcant (β = .26, p = .040), indicating that older adults
with lower linear anisotropy (greater deviation from the canonical
linear case) exhibited lower processing speed. In addition, the
relationship between EF and A approached statistical signiﬁcance,
(β = .28, p = .052). Setting the path between A and Speed to zero
signiﬁcantly decreased the model ﬁt: Δχ2 = 4.07, df = 1, p b .05. In
contrast, when the path between A and EF was set to zero, the
decrease in model ﬁt was not signiﬁcant: Δχ2 = 3.5, df = 1, p = .06.
We tested the indirect effect of age on Speed using bootstrapping
approach (Shrout and Bolger, 2002), 2002; 95% conﬁdence interval
with 10000 samples as implemented in Mplus 5.2. In an indirect effect
a × b, a denotes the path between age and A, and b denotes the path
between A and Speed. The 95% conﬁdence interval for that effect
estimate did not include zero: a × b = −.16 (p b .05, 95% CI = −.31 to
−.003). Thus, the mediation effect of A was robust. Taken together,
these results indicate that reduced linear anisotropy partially
mediates the negative effect of age on speed of processing. In contrast,
the effect of A on EF was not robust. In addition, the regression path
from A to EF did not survive the bootstrap test.

To examine the contribution of different brain regions to the
mediation effect more closely, we tested a mediation model in which
instead of a common A factor, we included posterior and anterior A
factors as mediators. The anterior A factor was represented by the FL
measure, whereas the posterior A factor was represented by the PL, TL,
and OL measures (Fig. 4). This model showed good ﬁt (χ2 =69.996,
df =50; CFI =.96; RMSEA=.07 (90% CI= .02 to .10)). Although the
posterior and anterior factors were highly correlated (r =.66, pb .05), we
found a signiﬁcant relationship between posterior A and Speed (β =.44,
p= .020), but not between anterior A and Speed (β =−.21, p =.188).
Two potentially different (though related) sets of manifest
variables indexed the latent construct of Speed: more cognitive
paper-and-pencil measures (letter and pattern comparisons) and
reaction time indices (low-load n-back conditions). To examine the
relationships between the A factor and different speed measures more
closely, we conducted two subsidiary mediation analyses. In the ﬁrst,
the Speed factor was formed only from LetComp and PatComp (the
“cognitive measures”), with A and EF included in the model, as
discussed above. This model showed good ﬁt (χ2 = 51.16, df = 48;
CFI = .99; RMSEA = .03 (90% CI = .00 to .07)) and the loading of Speed
on A was signiﬁcant (β = .41, p = .013). In the second subsidiary
analysis, the Speed factor was indexed only by the reaction time
measures, with A and EF in the model. That model also showed good
ﬁt (χ2 = 80.76, df = 71; CFI = .98; RMSEA = .04 (90% CI = .00 to .07))
but the loading of Speed on A was lower than for the cognitive speed
index: β = .22, p = .09. Thus, the mediation effect seems to be
stronger for the cognitive rather than reaction time tasks.
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Fig. 3. Mediation of age differences in cognition by white matter integrity: structural models for A. white matter volume, B. volume of the white matter hyperintensities, WMH,
C. fractional anisotropy, FA, D. planar (≈ radial) anisotropy, R, and E. linear (≈ axial) anisotropy, A. *p b .05, standardized path coefﬁcients.

Fig. 4. Mediation of age differences in cognition by posterior and anterior structural models for linear (≈ axial) anisotropy, A. *p b .05, standardized path coefﬁcients.
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We tested the effect of hypertension on the white matter and
cognition by entering hypertension status as a dummy variable in the
measurement models for white matter volume, WMH, DTI-based
measures and cognitive performance. No effect of hypertension was
present for any of the latent factors.
Discussion
The main ﬁnding in this study is that a speciﬁc age-sensitive
property of white matter microstructure mediated, in part, age
differences in a speciﬁc cognitive characteristic. Speciﬁcally, reduced
linear anisotropy believed to reﬂect breakdown of axonal organization (Haris et al., 2008; Song et al., 2003; Wang et al., 2009) mediated
age-related slowing of information processing. In contrast, fractional
and planar anisotropy that were just as much affected by age,
evidenced no similar inﬂuence on cognitive performance.
As we observed the A and R factors are highly collinear in the model
of white matter integrity (see footnote 2), these results suggest that the
mediator effect of A extends beyond the common variance shared with
the R factor. These results support our assumption that linear (approximately axial) and planar (approximately radial) anisotropy, although
closely related to each other, might play different roles in cognitive aging.
In an apparent contradiction to some of the earlier correlational
ﬁndings (Burns et al., 2005; Charlton et al., 2006; De Groot et al., 2000;
Grieve et al., 2007; Gunning-Dixon and Raz, 2000, 2003; Kennedy and
Raz, 2009; Madden et al., 2009b; Raz et al., 2003; Schiavone et al.,
2009; Vernooij et al., 2009; Zahr et al., 2009; Ziegler et al., 2010), we
observed no associations between other aspects of white matter
integrity and cognitive performance. The reasons for that discrepancy
may be manifold but it is important to note that those studies
employed statistical methods that provide only partial account of the
complex relationships among age, brain and cognition. Moreover, the
present results are in accord with previous studies that used structural
equation modeling, albeit without latent variable analyses. For
example, Charlton et al. (2008) did not ﬁnd a mediating effect of a
global index of white matter integrity, white matter mean diffusivity,
on processing speed and mental ﬂexibility. Similarly, Head et al.
(2008, 2009) did not ﬁnd evidence for a mediating effect of white
matter volume on speed and executive functioning. More recently, an
association between diffusion properties of the white matter and
speed of processing operationalized as reaction time was observed in
a sample of older adults (about 72 years of age) along with the lack of
association between white matter integrity and general intelligence
or memory (Penke et al., 2010). Almost none of those studies (except
the latter) examined the inﬂuence of a speciﬁc diffusion measures
such as linear anisotropy on cognitive constructs.
The ﬁnding of an association between radial but not axial
diffusivity and reaction time (Penke et al., 2010) differs from
observations reported here. However, in that study, only reaction
time indices formed the Speed factor, and only persons in a narrow
age range were examined. The reasons for the observed discrepancy
are unclear. It is possible that in that group, motor slowing exerted
strong inﬂuence on the reaction time, and different types of barriers to
diffusion of brain water dominated the anisotropy values. For
example, one may speculate that in septuagenarians, the inﬂuence
of myelin wrapping the axons overshadows the effect of disrupted
axonal integrity. Combining DTI with imaging methods that are more
sensitive to myelin content may allow testing that proposition.
However, the results of SEM analyses presented here in the extant
literature reinforce the need for multivariate assessment of structure–
function relationships in the aging brain and caution regarding the
ﬁndings that emerge from examining correlations between single
measures of brain and cognition. Latent variable methods that have
been applied to study associations between structural brain data and
cognition (McArdle et al, 2004; Raz et al., 2005; Raz et al., 2008) may
prove especially fruitful in that regard.
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In comparing speed measures derived from RT tasks (1- and 2back) and those obtained from pattern and letter comparisons we
found that the association of speed factor with axonal integrity was
dominated by the latter. This difference could not be attributed to
differential reliability, as the reliability coefﬁcients for all measures
were comparable. However, we cannot deﬁnitively conclude that agerelated differences in axonal anisotropy measures play a more
important role in tasks with ostensibly higher perceptual–cognitive
demands. Standard instructions for n-back measures did not contain
any indication of speed or accuracy demands, whereas pattern
comparison tasks occurred under explicit speed–accuracy instruction.
Thus, lesser constraints on respondent behavior could have produced
responses with a greater variance thus weakening the association
between RT and axial anisotropy. However, the coefﬁcients of
variation (mean/standard deviation) did not vary substantially across
tasks and ranged from .17 for pattern comparison to .25 for letter
comparison with a median of .22. Thus, differences in variance among
tasks are unlikely to explain the observed pattern of results.
Notably, we observed no direct effects of linear anisotropy (or any
other index of white matter integrity) on executive functions.
Although some trends suggested that such association might exist
and moreover, that the effect of linear axonal integrity on age
differences in executive functions may be mediated via its effect on
speed of processing, the obtained results were not sufﬁciently robust.
Nonetheless, the fundamental role of speed of processing in executive
functions and speciﬁcally in their age-related deterioration has been
proposed in the past (Salthouse et al., 1996), and that hypothesis is
certainly worth pursuing in future studies.
The lack of associations between white matter volume and
cognitive performance in this study adds to the literature marked
by inconsistent ﬁndings (e.g. Gunning-Dixon and Raz, 2003; Head et
al., 2008; Raz et al., 1998; see Raz, 2005 for a review). Moreover, the
likelihood of ﬁnding age differences in white matter volume depends
on multiple factors: the age range of the sample, the precision of
regional demarcation, and the presence of vascular risk, to name a
few. With regard to WMH, one should keep in mind that although the
literature suggests a moderate association between WMH burden and
age-sensitive cognitive measures (Gunning-Dixon and Raz, 2000), it is
based mainly on samples of older adults with signiﬁcant WMH burden. In
our sample of relatively healthy middle-aged and older adults, the load of
WMH could have been too small to play a role in predicting executive
performance or processing speed. It is possible that in a sample with
more typical age-related increase vascular risk and related expansion of
WMH, one could observe a more signiﬁcant contribution of the latter.
Diffusion characteristics of the white matter may tap into more
subtle alterations in the white matter than WMH do. Indeed, studies
of normally appearing white matter in the vicinity of bona ﬁde white
matter lesions demonstrated impaired diffusion properties in comparison to more distant and presumably intact white matter regions
(Engelter et al., 2000; Guo et al., 2001). Altered FA as well as radial and
axial anisotropy can distinguish normal aging from even mild agerelated cognitive pathology (Huang et al., 2007). Reduction in orderly
structure of the white matter, through axonal damage and demyelination may be a harbinger of gradual disruption (Taylor et al., 2007)
that degrades computational capacity and reduces redundancy of a
massive parallel network that supports high processing speed. If this
is the case, our ﬁndings may support for disconnection hypothesis of
age-related cognitive declines.
In the prior analysis of the white matter measures in this sample
(Burgmans et al., 2010), we found that vascular risk (hypertension)
exacerbates age differences in white matter diffusion properties. Here,
however, we found no signiﬁcant effect of hypertension on relationship between white matter integrity (linear anisotropy) and agesensitive cognitive skills. The reasons for that outcome are unclear,
but relatively small sample and signiﬁcant power demands on testing
hypotheses about interactions probably played a role.

1296

S. Burgmans et al. / NeuroImage 55 (2011) 1287–1297

The ﬁndings presented here should be viewed in the context of
several limitations. First, the cross-sectional design precludes assessment of causality. Although we estimated mediating effects and
evaluated the contribution of individual differences in white matter
integrity to age-related differences in cognitive functions, only
longitudinal design can separate the effects of age and correlated
variables on cognitive functioning (e.g., Lindenberger and Pötter,
1998). Second, the sample size and the proportion of older
participants could have been too small to reveal subtle differences
in white matter integrity that tend to emerge in later decades of the
normal life span, and the links between those differences and
cognitive performance. Third, age-related differences in white matter
volume may be limited to speciﬁc circumscribed locales, and the
analytic methods employed in this study could have been too coarse
to detect such associations. Relatively coarse partitioning of the brain
into lobes was dictated by our objective to compare volume, WMH
and DTI-based assessments of white matter integrity, in which we had
to adopt a level of analysis that was permitted by the “weakest link,”
i.e. WMH. In any case, with only six diffusion directions we did not
have enough data for reliable application of more sophisticated
methods of DTI analyses such as tractography and tract-based
statistics. It is possible that such tractographic analyses will lead to
discovery associations between white matter diffusion properties and
cognition that were not observed here. However, in a recent study of
septuagenarians, no speciﬁc tract effects on reaction time were found
beyond the general effect of white matter integrity (Penke et al.,
2010). Fourth, we included four executive tests to measure executive
functioning. Although some properties of the white matter were
associated with performance on all of those tests, for others such links
were limited to selected test scores. Because of signiﬁcant construct
heterogeneity of executive functions, it is possible that white matter
deterioration might have a different effect on other measures that tap
into different executive processes.
In conclusion, our results indicate that reduced linear anisotropy
believed to reﬂect breakdown of axonal organization mediates agerelated slowing of processing. Thus, our ﬁndings provide partial
support for disconnection hypothesis of cognitive aging. No other
aspects of white matter integrity were signiﬁcantly associated with
cognitive performance. Our results suggest that in healthy adults, the
mediating role of white matter integrity on age-related cognitive
decline is limited. On the other hand, our results show that DTI
measures, in particular linear anisotropy, are more likely to detect the
effects of white matter differences on age differences in cognition
than volume measures and WMH do.
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