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Age-related declines in spatial navigation are associated with deficits in procedural and episodic memory
and deterioration of their neural substrates. For the lack of longitudinal evidence, the pace and magni-
tude of these declines and their neural mediators remain unclear. Here we examined virtual navigation
in healthy adults (N¼213, age 18–77 years) tested twice, two years apart, with complementary indices of
navigation performance (path length and complexity) measured over six learning trials at each occasion.
Slopes of skill acquisition curves and longitudinal change therein were estimated in structural equation
modeling, together with change in regional brain volumes and iron content (R2* relaxometry). Although
performance on the first trial did not differ between occasions separated by two years, the slope of path
length improvement over trials was shallower and end-of-session performance worse at follow-up.
Advanced age, higher pulse pressure, smaller cerebellar and caudate volumes, and greater caudate iron
content were associated with longer search paths, i.e. poorer navigation performance. In contrast, path
complexity diminished faster over trials at follow-up, albeit less so in older adults. Improvement in path
complexity after two years was predicted by lower baseline hippocampal iron content and larger
parahippocampal volume. Thus, navigation path length behaves as an index of perceptual-motor skill
that is vulnerable to age-related decline, whereas path complexity may reflect cognitive mapping in
episodic memory that improves with repeated testing, although not enough to overcome age-related
deficits.

& 2016 Elsevier Inc. All rights reserved.
1. Introduction

Spatial navigation is a complex skill that requires maintaining
cognitive representations in memory and updating them in real
time, evaluating and implementing navigation strategies and de-
ploying perceptual-motor skills—all of which demand substantial
computational effort (Wolbers and Hegarty, 2010) and show sig-
nificant age-related declines (Moffat, 2009). The study of age-re-
lated differences in navigation skill and neural correlates has been
aided, in particular, by use of the Morris water maze (MWM;
Morris, 1981) as an experimental method for investigating animal
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navigation, and its virtual analog (vMWM, Astur et al., 1998) de-
signed to study human behavior in a comparable framework. The
task requires use of cues to navigate towards a hidden platform,
often repeatedly to test learning a hidden goal location and sta-
bility of this knowledge. It is assumed that, to successfully reach
the goal, the individual performing the task engages several cog-
nitive processes, including procedural and episodic memory.

Given the differential vulnerability of these memory functions
to decline in normal aging (Horn and Donaldson, 1980; Linden-
berger et al., 1993; Park, 2000), understanding their contributions
to navigation may elucidate the mechanisms of its decline. The
magnitude of age-related differences in perceptual-motor skill
acquisition depends on the task (Seidler, 2006), yet several studies
have replicated poorer performance in older adults compared to
their younger counterparts (Wright and Payne, 1985; Raz et al.,
2000; Smith et al., 2005), with the differences appearing most
robust when performance approaches asymptote (Ghisletta et al.,
2010). Notably, whereas perceptual-motor skills decline with time
(e.g., Rodrigue et al., 2005), episodic memory improves with re-
peated testing, even after long delays, albeit without overcoming
the initial deficit observed among older adults (Bender et al., 2015;
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Daugherty et al., 2015b; Persson et al., 2016). Based upon extant
studies of canonical procedural and episodic memory tasks, we
can expect age deficits in navigation in general, but perhaps dif-
ferential declines related to memory function and perceptual-
motor skill acquisition. Indeed, compared to younger counterparts,
older adults take longer time to reach the vMWM platform, cover
greater virtual distance (Moffat and Resnick, 2002; Driscoll et al.,
2003, 2005), travel more complex paths (Daugherty et al., 2015a,
2015c), commit more heading errors (Moffat and Resnick, 2002),
and evidence greater asymmetry in turning behavior (Yuan et al.,
2013). Declines in general cognitive ability, perceptual-motor skill,
memory (see Moffat (2009) for a review) and cognitive mapping
function (O’Keefe, 1990; Daugherty et al., 2015a, 2015c) are hy-
pothesized to underlie this age-related decline in navigation, but
the relative contributions of various cognitive processes and skills
and their vulnerability to decline in a navigation context are un-
clear. Thus, the use of varied, complementary indices of behavior is
essential for understanding the nature of navigation skill and age-
related changes therein.

Although indices of navigation performance are not entirely
independent, their differential neural correlates and distinct pat-
terns of age differences suggest a degree of specificity. Thus,
multiple indices of performance complement each other and yield
a richer understanding of human navigation skill than is obtained
from examining single measures. In the context of vMWM, such
complementary assessment is exemplified by using measures of
traveled distance and time from the start to goal in conjunction
with quantifying the degree of meandering along the search path
via its fractal dimensionality (Daugherty et al., 2015a). Although all
these measures characterize efficiency of the vMWM navigation
and are correlated to some extent, they show different patterns of
skill acquisition and age deficits therein (Daugherty et al., 2015a,
2015c). These differences highlight a critical feature of human
navigation skill: optimal navigation is fast, short and does not
meander, but successful navigation paths with low complexity can
be either short or long. Consistently high correlations between
traveled time and distance are noted across repeated vMWM
trials, whereas path complexity becomes associated with these
only when performance approaches asymptote (Daugherty et al.,
2015a, 2015c).

Different indices of navigation appear to vary with respect to
their structural brain substrates. Persistently complex paths during
acquisition are associated with smaller hippocampal and para-
hippocampal gyrus volumes (Daugherty et al., 2015a, 2015c), more
specifically the subiculum and entorhinal cortex (a part of the
parahippocampal gyrus). These medial temporal lobe structures
are putative neural substrates of cognitive mapping in episodic
memory (O’Keefe and Nadel, 1978; O’Keefe, 1990, 1991; see Ma-
guire et al. (1999) for a review) and more complex paths in the
vMWM suggest an impoverished cognitive map (Kirasic et al.,
1992; Moffat and Resnick, 2002; Daugherty et al., 2015a). Hippo-
campal and parahippocampal cortex volumes also correlate with
navigation time and distance, but unlike path complexity, the
neural substrates of those navigation indices include in addition
striatum, prefrontal cortex, and cerebellum (Rondi-Reig and Bur-
guiere, 2005; Moffat et al., 2007; Moffat, 2009; Daugherty et al.,
2015a; Korthauer et al., 2015). Spatial navigation skill relies on
more than cognitive mapping, and based upon the known func-
tional specialization of these regions, it appears that distance and
time of search in part reflect decision and perceptual-motor skill
components.

In late adulthood, the relationship between regional brain vo-
lumes and navigation performance can be affected by the burden of
age-related vascular and metabolic risk factors (see Raz and Ro-
drigue (2006) and Jagust (2013) for reviews) that in turn may be
related to dysfunctional cellular processes. Declining cardiovascular
health, even in otherwise healthy adults, is associated with im-
paired cognitive spatial learning (Barak et al., 2015) and cardiovas-
cular risk factors, such as increased pulse pressure (Waldstein et al.,
2005; Bender and Raz, 2012), have been linked to age-related def-
icits in episodic memory and executive functions. The impact of
vascular risk is considered to reflect multifarious molecular changes
brought by oxidative stress (Dröge and Schipper, 2007) and chronic
neuroinflammation (Finch et al., 1969; Finch and Crimmins, 2004;
Grammas, 2011). These processes are difficult to assess directly in
human brains, but their proxies, such as age-related increase in
brain iron content, can be measured via MRI techniques—e.g., R2*
relaxometry (Daugherty and Raz, 2015). Although the literature on
longitudinal changes in brain iron is sparse, at least two studies
showed that increase in striatal iron content predicts its shrinkage
in healthy adults after two (Daugherty et al., 2015b) and up to seven
years (Daugherty and Raz, 2016). Moreover, caudate iron accumu-
lation, not shrinkage, over two years explained poorer cognitive
performance in older adults (Daugherty et al., 2015b). Of note,
hippocampal and caudate iron content is greater in older adults
who display elevated vascular (Rodrigue et al., 2011) and metabolic
risk factors (Daugherty et al., 2015b). Yet, the combined effects of
iron accumulation and cardiovascular health on navigation skill are
unknown. To date, iron accumulation as a correlate of declining
navigation ability has been explored only in animal models (Maar-
oufi et al., 2009), although age-related deficits in other cognitive
and perceptual motor abilities have been linked to greater iron
content in the hippocampus (Rodrigue et al., 2012) and striatum
(Adamo et al., 2014) in healthy humans. Thus, indices of regional
brain iron content and pulse pressure may contribute to elucidating
mechanisms of age-related deficit in navigation performance.

To the best of our knowledge, there are no longitudinal studies
of navigation skill acquisition, trial-by-trial and therefore the
pattern and magnitude of change during aging in that domain is
unknown. However, two recent studies reported change in ag-
gregate mean performance. One examined average time of navi-
gation in vMWM at two occasions eight years apart and found no
evidence of change while it replicated commonly reported cross-
sectional age differences in travel time and its correlations with
hippocampal and prefrontal cortical volumes (Korthauer et al.,
2015). Another longitudinal study that included virtual navigation
training accompanied by treadmill walking reported greater im-
provement in finding target locations by older adults compared to
their younger counterparts, in spite of better performance by the
latter (Lövdén et al., 2012). However, without analysis of acquisi-
tion curves in these small-sample studies, the possible long-
itudinal stability of navigation behavior and the source of age-re-
lated differences are difficult to assess. The above-mentioned
evidence notwithstanding, the current reliance on cross-sectional
designs precludes assessing age-related change in navigation skill
and, in particular, evaluating its potential neural mediators
(Maxwell and Cole, 2007; Lindenberger et al., 2011; Raz and Lin-
denberger, 2011).

To address the outlined shortcomings, we examined changes in
two aspects of navigation skill acquisition (path length and com-
plexity) across repeated trials within a baseline session and at a
two-years follow-up in a sizeable lifespan sample of healthy
adults. Based upon the existing literature, we hypothesized that
volume and iron content of several brain regions that were pre-
viously identified as substrates of spatial navigation will be asso-
ciated with change in navigation skill. The selected regions were
caudate nucleus (Cd), cerebellum (Cb), hippocampus (Hc), para-
hippocampal gyrus (PHG), and the lateral prefrontal cortex (LPFC),
all showing robust shrinkage in normal aging (Raz et al., 2005;
Fjell et al., 2009; Tamnes et al., 2013; Persson et al., 2014; see
Kennedy and Raz (2015) for a review) and partially accounting for
change in perceptual-motor skill and memory functions (Rodrigue



A.M. Daugherty, N. Raz / NeuroImage 146 (2017) 492–506494
et al., 2005; Daugherty et al., 2015b; Persson et al., 2016). A multi-
level structural equation model tested longitudinal change in non-
linear acquisition curves, brain-cognition relationships, and the
impact of age, sex, and vascular risk factors by introducing ap-
propriate covariates. We hypothesized that advanced age and
elevated vascular risk factors account for greater declines in the
brain and navigation.
2. Materials and methods

2.1. Participants

A sample of 213 (68% female; 66% Caucasian) healthy, com-
munity-dwelling adults were recruited from the Metro Detroit
area as part of a long-term longitudinal study. The study was ap-
proved by the Institutional Review Board and all participants
provided informed consent. Participants (age 18–77 years at
baseline) were assessed at baseline and at follow-up after a 2 year
delay (average delay¼26.88 months, SD¼3.67). See Table 1 for a
demographic profile of the sample. The exclusion criteria were
neurological and cardiovascular pathology, thyroid disorder, en-
docrine disease, psychiatric disease, drug and alcohol abuse, and
head injury with loss of consciousness for 5 min or longer. Parti-
cipants reported right-hand dominance (Edinburgh Handedness
Questionnaire; Oldfield, 1971) and were screened for vision and
hearing problems at each assessment. To screen possible depres-
sive symptomatology, we used a cut-off of 16 on the Center for
Epidemiologic Study depression scale (CES-D; Radloff, 1977) and
for dementia screening we applied a cut-off of 26 on the mini-
mental state examination (MMSE; Folstein et al., 1975) at enroll-
ment. In addition to the sample included in these analyses, 48
individuals participated in the study but did not complete the
vMWM task, and 19 individuals were enrolled in the study but
were dropped retrospectively for violations to qualifying criteria
identified after the fact or incidental MRI findings.

Of 213 individuals who completed the vMWM task at baseline,
131 returned after approximately 2 years for repeated testing. We
have previously reported on the navigation performance in the
cross-sectional baseline sample (Daugherty et al. 2015a). The
participants who did not return for follow-up were younger
(M¼47.40, SD¼16.93; t (211)¼2.93, po0.01) and had a lower
MMSE score (M¼28.61, SD¼1.17; t (211)¼2.27, p¼0.02) at base-
line, but did not differ from persons who returned for the follow-
Table 1
Sample demographic profile at baseline and follow-up 2 years later.

Baseline Follow-up

N 213 131
% Female 68% 74%
% Caucasian 66% 73%
Age (years) 51.27715.52 55.74714.28
Education (years) 15.4272.30 15.7472.33
MMSE 28.8871.09 28.7771.18
CES-D 4.4173.91 5.0475.89
N of Hypertensive Participants 40 28
Average systolic (mmHg) 121.83712.80 121.99714.11
Average diastolic (mmHg) 75.3277.67 75.2376.83

Note: Sample means and standard deviations are reported. The total sample was
included in latent modeling and missing data at the longitudinal follow-up were
handled via estimation with full-information maximum likelihood (see Section 2
for details). Average systolic and diastolic blood pressure values were calculated
from three measurements taken on separate occasions prior to cognitive testing.
Hypertension was classified from either current diagnosis, current anti-hyperten-
sive medication use, or observed average systolic pressure Z140 mmHg, or average
diastolic pressure Z90 mm Hg. MMSE—mini-mental state exam, criterion 425;
CES-D—Center for Epidemiological Study-Depression scale, criterion o16.
up in education level (t (211)¼0.04, p¼0.97), CES-D (t (211)¼�
1.56, p¼0.12), and average systolic (t (211)¼�0.73, p¼0.47) and
diastolic (t (211)¼�0.09, p¼0.93) blood pressure. In line with the
recommended practice (McArdle, 2009), the total sample was in-
cluded in analyses and missing data were handled via full in-
formation maximum likelihood (FIML), a method that utilizes all
available data to optimize estimation without imputation (Muthén
et al., 1987; Larsen, 2011), and thereby introduces negligible bias in
estimates of longitudinal change with the assumption of data
missing at random. Because data were not missing completely at
random, baseline age and MMSE were included as covariates in
latent models to further reduce attrition bias. A subset of the larger
sample had MRI scans for volumetry (n¼141 at baseline; n¼82
returned at follow-up) and R2* relaxometry (n¼146 at baseline;
n¼99 at follow-up). We have reported longitudinal change in
regional volumes (Persson et al., 2014) and R2* (Daugherty et al.,
2015b) in a large part of this sample before. In this report, uniquely
in application to the study of navigation skill, the neuroimaging
data were added to the behavioral analyses, estimating missing
cases via FIML. Thus the larger sample size of 213 individuals was
maintained in all analyses.

In the course of the longitudinal study, 16 individuals devel-
oped conditions that would have been exclusionary at baseline:
1 was diagnosed with diabetes, 4 with cardiovascular and cere-
brovascular conditions (e.g., heart attack, mitral valve prolapse,
transient ischemic attack), 2 with cancer, 2 with an endocrine
disorder, 4 participants scored above the 16 point on CES-D, and
3 had MMSE scores of 25. In order to maintain the sample size,
these 16 cases were kept in the primary analyses, and later re-
moved to examine if development of health conditions alone could
account for the effects.

The inclusion criteria allowed for having a diagnosis of hy-
pertension and taking antihypertensive and cholesterol lowering
medications. By the last assessment 45 persons were taking at
least one such medication: 12 were on an ACE inhibitor, 11 on a
beta-blocker, 10 on an angiotensin II receptor blockers, 21 on
diuretics, 9 on calcium channel blockers, and 16 on statins. At each
occasion, systolic and diastolic blood pressure (in mm Hg) was
measured at the beginning of three different testing sessions via a
mercury sphygmomanometer (BMS 12-S25) with a standard blood
pressure cuff (Omron Professional) on the left arm with the par-
ticipant seated in a quiet room. Although the sample was, on
average, normotensive, in the course of study, as many as 40
participants had clinically diagnosed or observed hypertension
(blood pressure measurement at least 140 mm Hg systolic or 90
mmHg diastolic; see Table 1). Pulse pressure was calculated from
measured blood pressure and, on average, did not change in the
course of study (t¼�0.89, p¼0.37). Thus, the three baseline
measures were used to identify a latent pulse pressure construct to
include as a covariate in analyses.

2.2. Virtual Morris water maze testing procedure and indices

We used a computerized vMWM developed by Moffat and
Resnick (2002). A detailed description of the virtual environment
and testing procedures can be found in previous publications
(Moffat et al., 2007; Daugherty et al., 2015a; see Fig. 1). The same
task performed at baseline was repeated, unaltered, at follow-up.
Briefly, prior to testing, participants were introduced to two un-
ique virtual environments and trained to control the joystick for
movement. For practice, each participant completed six trials with
a stationary platform that alternated between hidden and visible
in a circular pool with objects around the periphery. Participants
then completed six learning trials in a unique environment with a
similar format as the practice, except that the stationary platform
was always hidden. There was no time limit and a trial terminated



Fig. 1. An over-head diagram of the virtual Morris water maze. The location of the
platform is illustrated by a square. The platform was stationary and hidden for all
learning trials. The task was adopted from Moffat and Resnick (2002).
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when the participant crossed the platform. Upon crossing the
platform, it became visible and rose above the water while a sound
played. There were three unique starting positions in the quad-
rants without the platform (trials 1–3), which were repeated in the
same order on the last three trials (trials 4–6). Distance traveled
from the start to the first intersection of the platformwas recorded
as path length. The starting locations were not equidistant to the
platform, and to allow for direct comparison across trials with
different starting locations, the minimum linear distance between
each starting location and the platform was subtracted from na-
vigation distances. Navigation latency, i.e. time required for finding
the platform, is another popular metric of navigation efficiency.
However, in this version of the vMWM, time-to-platform can be
confound by delay in initiating movement at the start of trial,
potentially due to individual variability in joystick control and
attention to the start of a new trial. Thus, we only report distance
measures that are more robust to these sources of error. In addi-
tion to path length, path complexity was measured via fractal di-
mension using the x–y coordinate output (sampled at 100 Hz)
calculated with the Fractal Mean function freeing estimation
parameters in Fractal (v 5.20) software developed by Nams (Dal-
housie University, http://www.dal.ca/faculty/agriculture/environ
mental-sciences/faculty-staff/our-faculty/vilis-nams/fractal.html;
last accessed 09/08/2016). Fractal dimension for the path line in a
two-dimensional plane was calculated by 1-slope of the function
defined by change in log(distance) and log(spatial scale) (Nams,
2006) and falls on a continuum between 1 (low complexity) and 2
(highest complexity). At the end of testing, participants completed
a visible platform trial for which travel time was used as a cov-
ariate to control for individual differences in joystick use (Moffat
and Resnick, 2002). In addition, participants completed a ques-
tionnaire about prior experience with three-dimensional video
games (7-point rating: 1—Never; 7—Daily).

Immediately before the visual platform trial, participants
completed a 1-minute probe trial without the platform. Perfor-
mance on the probe trial is not included in reported analyses be-
cause path length and complexity cannot be interpreted in the
same manner as when the platform is actually present during
learning trials. Alternate indices are commonly used in probe trials
but a single measure is insufficient for latent longitudinal change
models, which is the gold standard for such analyses (McArdle,
2009) and the approach taken here.

2.3. Volumetry

All imaging was collected on the same 4T Varian Scanner
(Bruker Biospin, Ettlingen, Germany) equipped with Siemens in-
terface. A T1-weighted magnetization-prepared rapid gradient-
echo (MPRAGE) sequence was acquired for volumetry with the
following parameters: .67� .67�1.34 mm3 voxel, echo time
(TE)¼4.38 ms, repetition time (TR)¼1600 ms, inversion time¼
800 ms, GRAPPA acceleration factor¼2; field of view (FOV)¼
256�256 mm2, matrix size¼384�384, and flip angle (FA)¼8°.
With Analyze software (v10 and later; Biomedical Imaging Re-
source, Mayo Clinic College of Medicine), seven expert raters
manually traced the Cd, Hc, PHG, Cb and LPFC using a stylus on a
21-inch digitizing tablet (Wacom Cintiq). All operators attained
among them high inter-rater reliability measured via an ICC
(2) formula that assumes random raters (Shrout and Fleiss, 1979).
Across rater pairs and regions, ICC(2) of at least 0.90 was attained.
In addition to regional measures, intracranial volume (ICV) was
estimated through manual morphometry and used in adjustment
of the regional volumes for head size and possible effects of
changes in scanner-related variables over the two-year hiatus. See
our previous publications (Raz et al. 2004; Persson et al. 2014) for
a description of tracing procedures. To guard against rater drift and
to ensure raters were blind to time in the study, both occasions of
MRI data were traced randomly assigned across measurement
occasions. Regional measures were corrected for head size via
analysis of covariance (Jack et al., 1989; Raz et al., 2004).

2.4. R2* Relaxometry

Iron content was estimated via R2* relaxometry, a method that
is based upon the strong paramagnetic properties of iron-con-
taining particles (see Wood et al. (2004), Ghurge et al. (2005) and
Haacke et al. (2005)). R2* is calculated as the inverse of T2* (¼1/
R2*), which we estimated here with a multi-echo susceptibility
weighted image (SWI) sequence. The multi-echo SWI was ac-
quired in the axial plane with the following parameters: 1 mm3

isotropic voxel; four TE¼7.53-30 ms with an inter-echo interval of
7.5 ms; TR¼35 ms; FA¼25º; bandwidth¼200 Hz; FOV¼256�
208 mm2. Noise was excluded from all measurements by applying
a threshold that selectively isolated intensity values corresponding
to image inhomogeneity. All images were pre-processed in Signal
Processing in NMR (SPIN) in-house written software available at
http://mrinnovations.com/index.php?site¼spin (last accessed 09/
08/2016). Boundaries of the Cd and Hc were manually traced with
a stylus on a 21-inch digitizing tablet (Wacom Cintiq) by a single
rater (A.M.D); see Daugherty et al. (2015b) for a description of
processing and tracing procedures. T2* is biased by the presence of
myelinated fibers (Fukunaga et al., 2010; Langkammer et al., 2012;
Lodygensky et al., 2012) and interpretation as an index of iron
content is confounded in regions including myelination, thus T2*
was not measured in PHG, LPFC or Cb. The T2* images from both
assessments were processed simultaneously, randomly assigned
across time points. Rater reliability was confirmed for both regions
with an intraclass correlation coefficient (ICC(3); Shrout and Fleiss,
1979) exceeding 0.90 in a sub-sample of 10 cases measured twice
with a delay of 2 weeks. Average T2* (ms) was estimated across all
slices traced of a given region and converted to R2* [s�1]¼(1/
T2*)�1000, for which higher values correspond to greater iron
content.

http://www.dal.ca/faculty/agriculture/environmental-sciences/faculty-staff/our-faculty/vilis-nams/fractal.html
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2.5. Multi-level modeling: longitudinal change of latent learning
curve components

We analyzed the data in a multi-level structural equation mod-
eling framework in order to take advantage of the repeated trials
within a session to estimate acquisition curves, as well as the long-
itudinal repeated testing after a delay for latent change scores. To
determine skill acquisition, unspecified non-linear latent growth
curves were fit to the data from 6 repeated trials within each session
(McArdle and Anderson, 1990; Stoolmiller, 1995). This approach
partially specifies the loadings of trials to identify the acquisition
curve while optimizing estimation of the true non-linear function
(see Supplemental Fig. 1 for an example). As fractal dimension and
distance measures showed different patterns of non-linearity, the
trials were fixed differently and different weights were assigned for
each index of performance. These were chosen based upon inspec-
tion of the learning curves and were confirmed by models’ fit indices,
which were in the excellent range and comparably better than those
for an alternative linear slope model. The freely estimated loadings
reflect the proportional change relative to the fixed loadings—e.g.,
scaled to trials 2 and 3 for fractal dimension, and trials 4 and 6 for
distance measures. Although the shape of the slope function cannot
be interpreted, we adopted the described approach in line with the
current recommendations (see Grimm et al. (2011)) as our purpose
was to evaluate longitudinal change in non-linear acquisition tra-
jectories and not to parameterize and interpret the exact type of non-
linearity in the acquisition curves. In the latent growth curve speci-
fication, the first trial identified the intercept for each distance and
fractal dimension acquisition curves. To enable direct comparison of
the unspecified non-linear acquisition curves between occasions, the
estimated factor loadings were constrained to be equal across time.
To calculate longitudinal change, the acquisition curves and inter-
cepts at baseline and follow-up were nested within latent change
score models (McArdle and Hamagami, 2001; see Supplemental
Fig. 1). A latent change score is conceptually similar to a difference
score, yet it provides error-free estimates of change because mea-
surement error is estimated independent of the latent construct.

A similar approach was taken to calculate longitudinal change
in end-of-session performance, defined by the last three trials (see
Supplemental Fig. 2). Although 6 learning trials are insufficient for
reaching asymptotic levels of performance (see Daugherty et al.
(2015c)), we still gain useful insights into the stability of naviga-
tion learning by examining longitudinal change in performance at
the end of the task. In a latent modeling framework, several in-
dicators optimize measurement error estimation apart from the
latent construct and thus we chose to use the last three trials of
performance, which correspond to the same ordered starting lo-
cations as the first three trials. The three trials identified the
construct all fixed at 1 (freely estimated residuals, constrained
across time), in other words, similar to an error-free average of
performance at the end of the task.

Latent components of the acquisition curves that demonstrated
significant variability were further assessed for possible covariates.
The latter included baseline age (centered at the sample mean), a
latent composite of baseline pulse pressure (measures were
normed), and sex, as well as several control measures: normed
baseline MMSE, performance on the visible platform trial, prior
experience with three-dimensional video games, and actual delay
between occasions. In addition to these, parallel latent change
score models of regional volumetry and iron content (R2*) were
included (e.g., Hertzog et al., 2008; as implemented in Daugherty
et al. (2015b)).

Some model constraints were imposed to maintain measure-
ment invariance: the variances of behavior on each trial and re-
peated measures of brain volumes and iron content were con-
strained to be equal across time, measurement intercepts were
constrained to zero, and measures were allowed to correlate
across time but were constrained to be equal across repeated
measure sets (see Supplemental Fig. 1 for an example). There were
a few exceptions: the variances of distance measures were free,
distance intercepts on trial 1 at each occasion and trial 6 at follow-
up were free, and only trial 4 was correlated across time; fractal
dimension measure intercepts on trials 5 and 6 at each occasion
were free; and the follow-up measure intercept of Cb volume was
free. These exceptions were necessary to achieve acceptable model
fit. Prior to modeling, distance measures were log transformed to
address severe skew but fractal dimension measures did not re-
quire correction. Behavioral measures were normed to baseline
trial 1 means and standard deviations; all coefficients can be in-
terpreted as proportional growth from mean performance on trial
1. Univariate outliers in brain volumes and iron were winsorized
and data were normed to baseline.

2.5.1. Model fit and reverse-effects model evaluation
Model fit was determined by a set of customary indices (Raykov

and Marcoulides, 2006): normal theory weighted chi-square sta-
tistic (a non-significant value indicates good fit); root mean square
error of approximation (RMSEA r0.10 indicates good fit); com-
parative fit index (CFIZ0.90 indicates excellent fit); standardized
root mean square residual (SRMR r0.10 supports good fit), or for
models with categorical variables, weighted root mean square
residual (WRMR r0.80 supports good fit). To ensure reliable
model specification, we compared the non-linear slope functions
to a linear slope. This comparison was made with the reported fit
indices, as well as nested model comparisons with Akaike in-
formation (AIC) and sample-size adjusted Bayesian information
criteria (BIC), for which comparatively lower values indicate im-
proved model fit.

To optimize model fit during hypothesis testing, final models
constrained non-significant effects that did not serve as necessary
control covariates (e.g., non-significant correlations with delay
between assessments were maintained in the models). Unless
otherwise stated, all reported effects are standardized. To avoid
spurious results due to a relatively small sample size and undue
influence of extreme observations, models were bootstrapped
with bias correction (5000 iterations of the whole sample; Hayes
and Scharkow, 2013) to estimate 95% confidence intervals (BS 95%
CI) of unstandardized effects. Finally, the relatively small sample
size required separate models for distance and fractal dimension
measures and for each brain region, and a Bonferroni correction
(α′) was used to adjust for multiple comparisons. To test the di-
rection of effects, paths in final models were reversed to have
behavior predict neural correlates. Comparison of model fit and
effects’ significance provides evidence for choosing the direction of
effects.
3. Results

3.1. Longitudinal measurement invariance

We assessed the consistency of measures over the two year
hiatus outside of the latent model with Pearson correlations. Path
length (r¼0.07–0.36) and complexity (r¼0.05–0.27) had low test-
retest consistency over two years. Volume measures had excellent
consistency across regions in both hemispheres from rZ0.88 for
PHG to rZ0.97 for LPFC, and R2* measures were moderately
consistent in the Cd (for both hemispheres, rZ0.58) and less in
the Hc (for both hemispheres, rZ0.31). Constraints in the models
to ensure metric invariance accounted for the lack of consistency
and removed any bias from estimates of longitudinal change and
individual differences therein.
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3.2. Longitudinal change in navigation performance

3.2.1. Acquisition slope specification
Prior to constructing change score models, acquisition curves

and intercepts, and composite performance on the last three trials
(end-of-session performance) for path length and complexity
were examined at each occasion. The latent growth curve models
of distance (χ2¼70.31, p¼0.13; CFI¼0.96; RMSEA¼0.03;
SRMR¼0.07) and FD (χ2¼64.32, p¼0.64; CFI¼1.00; RMSEA¼
0.00; SRMR¼0.07) each had excellent fit. The non-linear acquisi-
tion curves for distance had factor loadings for trials 1–6, respec-
tively (unstandardized loadings, * designates an estimated coeffi-
cient that was constrained across time): 0, 0.35* (p¼0.52), 4.44*
(po0.001), 2, 4.53* (po0.001), 6; and for fractal dimension: 0, 1,
2, 3.56* (po0.001), 1.86* (po0.001), 0.84* (p¼0.04);. The first
trial value identified the intercept of the acquisition curve and the
estimated loadings of subsequent trials can be interpreted as
proportional, additive change scaled to the fixed loadings. To
confirm that the fitted non-linear slope models reliably re-
produced the observed data, we compared its fit to that of a linear
slope model. The fit of linear slope models of distance (χ2¼110.17,
po0.001; CFI¼0.82; RMSEA¼0.06; SRMR¼0.08) and FD mea-
sures (χ2¼90.45, p¼0.07; CFI¼0.90; RMSEA¼0.04; SRMR¼0.08)
was notably worse than of the non-linear slope models. Moreover,
the nested model comparisons of distance (AIC¼7849.62,
BIC¼7855.78 vs. AIC¼7883.48, BIC¼7889.06, non-linear and lin-
ear, respectively) and FD measures (AIC¼6651.54, BIC¼6655.58
vs. AIC¼6671.67, BIC¼6675.13, respectively) confirmed that the
non-linear function reproduced the observed data with a high
degree of reliability and better than the linear function.

At baseline and follow-up, the observed shortening of the path
distance and reduction in fractal dimension were consistent with
learning (Table 2; Fig. 2A and 2B). However, comparison of the
acquisition curves between occasions revealed shallower acquisi-
tion curves for distance-to-goal at follow-up: unstandardized
mean change¼0.13, p¼0.009, α′¼0.03; BS 95% CI: 0.03/0.23;
Fig. 2A2. Thus, a reduced rate of learning, as measured by path
shortening, was observed after a two-year hiatus. Further, the
composite performance on the last three trials was worse at fol-
low-up than at baseline (unstandardized mean change¼0.76,
po0.001, α′¼0.03; BS 95% CI: 0.49/1.03; Fig. 2A2), indicating
Table 2
Two year longitudinal change in latent components of navigation acquisition curves an

Latent component Distance

Mean (95% CI) Variance

Intercept
Baseline �0.09 (�0.40/0.24) 1.38*
Follow-up �0.33 (�0.61/0.02) 1.23*
Change �0.28 (�0.62/0.04) 0.54*

Acquisition curve
Baseline �0.26* (�0.34/�0.17) 0.02
Follow-up �0.13* (�0.26/�0.05) 0.001
Change 0.13* (0.03/0.23) 0.001

End performance
Baseline �1.46* (�1.67/�1.28) 1.15*
Follow-up �0.71* (�0.94/�0.49) 1.52*
Change 0.76* (0.49/1.03) 0.94*

Note: Unstandardized latent means and variances are reported for data normed to baselin
unstandardized means are reported in parentheses. * indicates significance after correc
latent change that can be compared between measures: d¼Mean Change/√(Variance
occasion defined by the latent growth curves centered at that trial. Latent acquisition cur
equal across time. Latent end-of-session performance was a composite of navigation m
longitudinal decline also in the magnitude of improvement after
repeated testing within a session.

Conversely, acquisition curves for fractal dimension at follow-
up were more negative (unstandardized mean change¼�0.14,
p¼0.004; BS 95% CI: �0.25/�0.07; Fig. 2B2) and the end-of-ses-
sion performance composite was significantly better (un-
standardized mean change¼�0.52, po0.001; BS 95% CI: �0.74/
�0.30; Fig. 2B2). Thus, learning measured by reduction of search
path complexity was faster and evidenced greater gains after a
two-year break. Fig. 3 presents an example of search paths taken
from learning trial 5, which was included in the end-of-session
performance composite. Intercept (corresponding to performance
on the first trial) was unrelated to acquisition curves at baseline
and follow-up for distance (�0.29 and 0.12, pZ0.38) and fractal
dimension (�0.20, pZ0.34), and did not change longitudinally for
either index (see Table 2). The models of longitudinal change in
acquisition curves and end-of-session performance had excellent
fit: χ2r74.64, pZ0.13; CFIZ0.95; RMSEAr0.03; SRMRr0.08.

Inspection of the acquisition curves (Fig. 2A1 and 2B1) re-
vealed that heterogeneity of performance on trial 4 might have
been increased. To confirm that analyses of change were not
biased by inclusion of that trial, we re-evaluated the slopes after
omitting it. Excluding trial 4 data did not alter the pattern of
longitudinal change in distance and FD. Search distance reduc-
tion over trials was significantly less at follow-up compared to
the baseline (unstandardized mean change¼0.51, p¼0.04;
variance¼0.04, p¼0.49), whereas FD acquisition improved:
unstandardized mean change¼�0.14, p¼0.047; variance¼0.17,
p¼0.11. Both models fit well: χ2o55.67, p40.08; CFI40.90;
RMSEAo0.04; SRMRo0.07. Because performance at any trial in
the vMWM acquisition may depend upon previous trials, we
chose to retain trial 4 data in subsequent analyses, in spite of
their anomalous appearance.

3.3. Individual differences in navigation performance change

Because individuals varied in several components of the
learning curves assessed by search distance and fractal dimension
of the path (see Fig. 4 and Table 2), we tested the influence of
possible covariates: baseline age, pulse pressure and sex, as well as
control measures. Latent change models that included covariates
d individual variability.

Fractal dimension

d Mean (95% CI) Variance d

0.02 (�0.08/0.13) 0.21*
0.10 (�0.01/0.24) 0.21*

�0.24 0.12 (0.002/0.24) 0.03 0.26

�0.07 (�0.15/�0.02) 0.07*
�0.16* (�0.26/�0.08) 0.04

0.92 �0.14* (�0.25/�0.07) 0.07* �0.53

�0.22* (�0.39/�0.04) 0.38*
�0.74* (�0.92/�0.55) 0.42*

0.71 �0.52* (�0.74/�0.30) 0.07 �0.84

e trial 1 values. Bootstrapped bias-corrected 95% confidence intervals (BS 95% CI) of
tion for multiple comparisons, po0.01, α′¼0.03. d is a standardized effect size for
at Baseline). Latent intercept corresponds to performance on task trial 1 at each
ves were estimated as unspecified non-linear slopes with weights constrained to be
easures on trials 4–6 at each occasion. (See Section 2 for more detail.)



Fig. 2. Mean acquisition curves across six repeated trials within a session at baseline and follow-up after approximately 2 years. Figures A1 (path length) and B1 (path
complexity) display the original data as sample average performance and standard error of the means for each trial, and non-linear regression lines were fit to the acquisition
curves—greater distance and fractal dimension indicate worse navigation skill. The lack of complete overlap between acquisition curves (solid lines) fit to the original data at
each occasion is in accord with the significant latent change scores estimated from fitted non-linear growth curves. Figures A2 and B2 display the latent means at each
occasion and bars represent bias-corrected bootstrapped 95% confidence intervals of the three components to the acquisition curves derived from the multi-level latent
change score models; for all components, greater, more positive values correspond to worse performance. d is a standardized effect size of longitudinal latent change that can
be compared between measures; * indicates significant change po0.01, Bonferroni correction α′¼0.03. Intercept corresponds to performance on trial 1 as defined by the
latent growth curves. Acquisition curves were defined as unspecified non-linear latent growth curves with loadings constrained to be equal between baseline and follow-up.
End-of-session performance was a latent composite of performance on trials 4–6 (see Section 2 for more detail). As seen in panel A, path length decreased across repeated
trials within a session to indicate learning, but the acquisition was slower after the longitudinal delay and end-of-session performance was worse. In panel B, decreasing path
complexity across trials supports learning, and steeper acquisition curves and better end-of-session performance at follow-up suggest greater repeated-testing gains after
exposure to the task 2 years prior.
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and control measures had excellent fit: χ2r184.27, pZ0.05;
CFIZ0.94; RMSEAr0.04; WRMRr0.81.

At baseline, older participants traveled longer paths on trial 1
(intercept, 0.67, po0.001; BS 95% CI: 0.50/0.83) and end-of-session
performance (0.70, po0.001; BS 95% CI: 0.49/0.88), but age did not
independently explain differences in longitudinal change in end-of-
session performance distance measures: �0.08, p¼0.72 (con-
strained). Greater pulse pressure was associated with longer paths at
baseline trial 1 (intercept, 0.34, po0.001; BS 95% CI: 0.12/0.36), but
was unrelated to differences in distance end-of-session performance
(both r0.37, pZ0.13, constrained). Regarding path complexity, older
age and greater pulse pressure were associated with higher fractal
dimensionality at baseline trial 1 (age¼0.68, po0.001, BS 95% CI:
0.17/0.37; pulse pressure¼0.34, p¼0.01, BS 95% CI: 0.02/0.19), slower
acquisition curves (age¼0.25, p¼0.047, BS 95% CI: 0.01/0.13 ; pulse
pressure¼0.30, p¼0.03, BS 95% CI:�0.01/0.10), and worse end-of-
session performance (age¼0.58, po0.001, BS 95% CI: 0.23/0.49;
pulse pressure¼0.28, p¼0.02, BS 95% CI: 0.06/0.43), which in turn
accounted for lesser longitudinal improvement at the end of the task
measured at follow-up (indirect effects age¼0.53, po0.001, BS 95%
CI: 0.32/0.74; pulse pressure¼0.25, p¼0.03, BS 95% CI: 0.04/0.43).
Increased pulse pressure partially mediated the effects of age on
higher path complexity on the last three trials at follow-up (indirect
effect¼0.13, p¼0.03, BS 95% CI: 0.01/0.22). However, neither factor
explained individual differences in longitudinal change of fractal di-
mensionality during the acquisition trials (�0.08 and �0.04,
pZ0.58), or in change of distance intercept (�0.09 and 0.25,
pZ0.14).

Sex differences in navigation performance were limited. At
baseline, men traveled shorter paths to the goal as indicated by
lower intercept (�0.33, po0.001, BS 95% CI�0.53/�0.15) and
showed steeper improvement (reduction) of fractal dimensionality
of the path (�0.29, p¼0.03, BS 95% CI: �0.14/�0.02). However
they did not differ fromwomen in navigation performance change
and learning as assessed by either index (�0.01 and �0.08,
pZ0.70, constrained). Examining end-of-session performance re-
vealed that, compared to women, men traveled shorter (�0.68,
po0.001, BS 95% CI: �0.65/�0.25) and less complex paths
(�0.42, p¼0.04, BS 95% CI: �0.28/�0.04) on the last three trials
at baseline. Change rate over the two-year period did not differ
between the sexes in either distance (�0.03, p¼0.91, constrained)
or in fractal dimensionality (�0.35, p¼0.42, constrained).

Finally, previous experience with three-dimensional computer
games was introduced as a nuisance covariate as younger adults
reported more game experience at both occasions (correlations
with age r¼�0.49 and �0.47, po0.001), and men reported more



Fig. 3. Example navigation paths from task trial 5 at baseline and follow-up. In each example, path length was greater at follow-up as compared to baseline, but path
complexity was either similar or improved.
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experience at baseline (t (209)¼�3.51, p¼0.001) though not at
follow-up (t (168)¼�1.25, p¼0.21). On average, reported ex-
perience did not change after a two-year delay (t (167)¼�1.27,
p¼0.21) and baseline experience was unrelated to baseline
vMWM performance or change in navigation paths as measured
by either distance (all pZ0.28) or fractal dimension (all pZ0.09).
Baseline game experience was, nonetheless, negatively correlated
with performance on the visible platform trial (�0.22, p¼0.001),
which is a more specific control measure for the vMWM task.
Thus, game experience was removed from further testing, but the
visible platform trial was kept as a necessary control variable.

3.4. Neural correlates of navigation performance

We examined several putative neural correlates of navigation
skill. Briefly, the Cd (unstandardized mean change¼�0.07,
po0.001; variance¼0.02, po0.001), Hc (unstandardized mean
change¼�0.10, po0.001; variance¼0.05, po0.001), PHG
(�0.08, p¼0.02; variance¼0.06, po0.001), and Cb (un-
standardized mean change¼�0.20, po0.001; variance¼0.17,
po0.001) significantly shrank after two years, but LPFC did not
(unstandardized mean change¼0.01, p¼0.65; variance¼0.02,
p¼0.001). Notably, all regions exhibited significant individual
variability in change. In addition, estimated iron content increased
in the Cd (unstandardized mean change¼0.20, p¼0.01;
variance¼0.47, po0.001) but not in the Hc (unstandardized mean
change¼�0.09, p¼0.45; variance¼1.12, po0.001) and in-
dividuals varied in longitudinal change in both regions. These
factors were added to mutli-level models of navigation perfor-
mance indices to predict change in acquisition curve components
and individual differences therein. In these models, sex as a ca-
tegorical variable was unrelated to volume and iron measures (all
pZ0.07) and its inclusion compromised model fit. Therefore, it
was removed from these analyses, but the other covariates and
control measures were retained.

3.4.1. Search path length (distance traveled)
Latent change score models of distance acquisition curves and

end-of-session performance that included Cd volume and iron, as
well as Cb and LPFC volumes had good-to-excellent fit: χ2¼171.75–
444.08, p¼0.001–0.03; CFI¼0.94–0.98; RMSEA¼0.03–0.046;
SRMR¼0.07–0.09. Larger Cd volume (intercept, �0.46, p¼0.001, α′¼
0.01; BS 95% CI: �0.63/�0.29; Fig. 5) and lesser estimated iron
content (intercept, 0.23, p¼0.02, α′¼0.01; BS 95% CI: 0.03/0.44) were
associated with shorter distance of search at baseline trial 1, although
the latter effect did not survive correction for multiple comparisons.
Better baseline end-of-session performance was nominally asso-
ciated with larger Cd volume (�0.24, p¼0.03, α′¼0.01; BS 95% CI:
�0.48/�0.07; Fig. 5) and when taking this into account, worse
performance at baseline explained greater longitudinal decline
(�0.36, po0.001, α′¼0.01; BS 95% CI: �0.49/�0.18)—those who
demonstrated a deficit at baseline were more vulnerable to further
decline longitudinally. A trend for greater longitudinal iron accu-
mulation predicting greater longitudinal decline in end-of-session
performance (0.25, p¼0.06, α′¼0.01; BS 95% CI: 0.11/0.80) was
supported by the bootstrapped confidence intervals. Further, smaller
Cd volume (�0.59, po0.001) and greater iron content (0.54,
po0.001) in older age together explained greater age-related decline
in end-of-session performance (cumulative indirect effect¼�0.11,
p¼0.01; BS 95% CI: �0.22/�0.06).

Smaller Cb volume directly predicted greater longitudinal de-
cline in the end-of-session performance (�0.43, p¼0.01, α′¼0.01;
BS 95% CI: �0.51/�0.13), whereas smaller LPFC volume was as-
sociated with longer distance traveled at baseline trial 1 (intercept,
�0.64, p¼0.001, α′¼0.01; BS 95% CI: �0.80/�0.46) and end-of-
session performance (�0.32, p¼0.007, α′¼0.01; BS 95% CI: �0.61/



Fig. 4. Individual longitudinal change trajectories between baseline and follow-up for path length (distance traveled) and complexity (fractal dimension, FD) in each of the
three acquisition curve components: intercept (corresponding to task trial 1), acquisition curve (non-linear change across repeated trials within a session), and end-of-
session (E-o-S) performance (composite of trials 4–6). Values are latent estimates derived from the multi-level latent change score models. For all components, greater, more
positive values correspond to worse performance. Individuals significantly varied (po0.01; α′¼0.03) in longitudinal change in all components, except for distance acqui-
sition curve and fractal dimension end-of-session performance.

Fig. 5. Small caudate volume and greater iron content predicted longer paths at baseline and greater longitudinal decline in distance traveled. Values are latent estimates
derived from the final multi-level latent change score models that included baseline and longitudinal change in caudate volume and iron, as well as baseline age, pulse
pressure, and control variables. A regression line was fit to the scatter plots, including prediction intervals (long dash line) and 95% confidence intervals (short dash line).
Greater, more positive values correspond to larger volumes, greater increase in iron content (change in R2*), and longer paths. Individuals with smaller caudate volume at
baseline traveled longer paths on trial 1 (i.e., intercept; p¼0.001) and at end-of-session (E-o-S; p¼0.03). Individuals who demonstrated greater increase in iron content
across 2 years showed a trend for greater longitudinal increase in end-of-session performance path length (i.e., greater decline in navigation skill; p¼0.06).
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�0.11). Further, smaller LPFC volume mediated the effects of age
on worse end-of-session performance at baseline (indirect
effect¼0.21, p¼0.01, BS 95% CI: 0.07/0.44) and follow-up (0.16,
p¼0.01, BS 95% CI: 0.07/0.44). Hc volume, Hc iron content and
PHG volume were unrelated to distance measures (see Table 3,
effects constrained). Final models of medial temporal lobe
structures had acceptable fit: χ2r391.58, pZ0.01; CFIZ0.96;
RMSEAr0.03; SRMRr0.08.

3.4.2. Path complexity (fractal dimension)
Whereas path length was unrelated to measures of the medial

temporal lobe structures, volume and iron content of these regions



Table 3
Neural correlates of baseline and change in latent components of navigation acquisition curves.

Region Baseline index Distance Fractal dimension

Intercept End performance Intercept Acquisition curve End performance

Baseline Change Baseline Change Baseline Baseline Change Baseline Follow-up

Cb Volume �0.04 (0.71) �0.18 (0.16) 0.03 (0.81) �0.43 (0.01) 0.08 (0.56) �0.05 (0.68) �0.14 (0.33) �0.04 (0.70) �0.04 (0.70)
Cd Iron 0.23 (0.02) �0.21 (0.24) �0.01 (0.96) �0.12 (0.09) �0.15 (0.24) 0.12 (0.35) �0.04 (0.77) �0.11 (0.33) �0.11 (0.34)

Volume �0.46 (0.001) �0.15 (0.43) �0.24 (0.03) 0.09 (0.07) �0.004 (0.98) �0.10 (0.46) �0.12 (0.41) �0.10 (0.36) �0.10 (0.36)

Hc Iron �0.04 (0.69) 0.01 (0.95) 0.10 (0.43) �0.14 (0.43) �0.14 (0.41) 0.27 (0.03) �0.20 (0.04) 0.29 (0.01) 0.27 (0.01)
Volume 0.08 (0.44) �0.13 (0.51) 0.09 (0.43) �0.004 (0.99) �0.06 (0.73) 0.06 (0.73) �0.06 (0.71) 0.08 (0.45) 0.08 (0.45)

PHG Volume �0.01 (0.90) �0.10 (0.68) 0.04 (0.78) �0.14 (0.54) �0.001 (0.97) 0.05 (0.09) �0.27 (0.01) 0.08 (0.52) 0.08 (0.52)
LPFC Volume �0.64 (0.001) �0.10 (0.59) �0.32 (0.01) �0.18 (0.48) �0.39 (0.002) �0.18 (0.22) �0.09 (0.54) �0.29 (0.03) �0.20 (0.03)

Note: Effects are standardized coefficients (p-value) of the latent component for navigation learning regressed on the respective baseline neural correlate in models that
included baseline age, pulse pressure and control variables. Only components that demonstrated significant variability were tested for neural correlates. Boldface effects are
nominally significant, supported by bias-corrected bootstrapped 95% confidence intervals (see text) estimated in final models, with Bonferroni–corrected α′¼0.01. Effects
shown in italics indicate estimated indirect paths. Effects that were not nominally significant (p40.05) were constrained in the final models to improve fit. All models had
good-to-excellent fit (see text). Volumes are the latent composite of the hemispheres, adjusted for intracranial volume; iron is the latent composite of R2* relaxometry from
each hemisphere (see Section 2). Cb—cerebellum; Cd—caudate nucleus; Hc—hippocampus; PHG—parahippocampal gyrus; LPFC—lateral prefrontal cortex.
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selectively predicted variability in path complexity. The models
of effects including these regions had good-to-excellent fit:
χ2¼154.78-384.79, p¼0.01–0.06; CFI¼0.96–0.97; RMSEA¼0.03–
0.04; SRMR¼0.08–0.09. Greater Hc iron content (0.27, p¼0.03,
α′¼0.01; BS 95% CI: 0.01/0.15; Fig. 6), but not volume (0.06,
p¼0.73, constrained), was a nominally significant predictor of
slower learning (shallower acquisition curves) at baseline. In
general, faster learning at baseline was associated with lesser
improvement between the two measurement occasions (�0.74,
po0.001, α′¼0.01; BS 95% CI: �1.37/�0.42), possibly due to a
floor effect in the decrease in path complexity across trials. Yet,
despite possible greater longitudinal gains, individuals with
greater Hc iron content who had shallower acquisition curves at
baseline still demonstrated slower learning at follow-up (indirect
effect¼�0.20, p¼0.04; BS 95% CI:�0.16/�0.02). Greater Hc iron
content was associated with worse end-of-session performance at
baseline (0.29, p¼0.01, α′¼0.01; BS 95% CI: 0.05/0.42) and follow-
up (indirect effect¼0.27, p¼0.01, α′¼0.01; BS 95% CI: 0.07/0.40;
Fig. 6), whereas Hc volume was not (both 0.08, p¼0.52, con-
strained). Older adults had greater Hc iron content (0.30,
po0.001; BS 95% CI:0.08/0.31) and higher pulse pressure (0.42,
Fig. 6. Greater hippocampal iron content and smaller parahippocampal gyrus volume pr
improvement. Values are latent estimates derived from the final multi-level latent cha
volume and iron content, or parahippocampal gyrus volume, as well as baseline age, p
including prediction intervals (long dash line) and 95% confidence intervals (short dash li
(R2*), and more complex paths. Individuals with smaller parahippocampal gyrus volume
negative) acquisition curves at follow-up. Greater hippocampal iron at baseline also p
p¼0.01).
po0.001; BS 95% CI: 0.22/0.41) at baseline, and these factors
conjointly mediated the effects of age to explain worse end-of-
session performance after a 2-year delay (cumulative indirect
effect¼0.21, p¼0.001, α′¼0.01; BS 95% CI: 0.08/0.23).

A mixture of effects related to PHG and LPFC volumes further
distinguished variability in path complexity. Larger PHG volume
was associated with greater longitudinal improvement in acqui-
sition rate (�0.27, p¼0.014, α′¼0.01; BS 95% CI: �0.21/�0.04),
but its relation to all other measures were not significant (see
Table 3, effects constrained). Smaller LPFC volume was associated
with more complex paths at baseline trial 1 (intercept, �0.39,
p¼0.002, α′¼0.01; BS 95%: �0.31/�0.09), as well as worse end-
of-session performance, both at baseline (�0.29, p¼0.03, α′¼
0.01; BS 95% CI: �0.31/�0.06) and follow-up (indirect
effect¼�0.20, p¼0.03, α′¼0.01; BS 95% CI: �0.34/�0.07).
Smaller LPFC volumes in older age (�0.64, po0.001; BS 95% CI:
�0.67/�0.28), together with elevated pulse pressure, mediated
age-related decline in end-of-session performance at both occa-
sions: cumulative indirect effect¼0.32, p¼0.001, BS 95% CI: 0.10/
0.31; and 0.31, p¼0.001, BS 95% CI: 0.11/0.34, α′¼0.01 (baseline
and follow-up, respectively). Variability in fractal dimensionality
edicted more complex paths (fractal dimension) at baseline and lesser longitudinal
nge score models that included baseline and longitudinal change in hippocampal
ulse pressure, and control variables. A regression line was fit to the scatter plots,
ne). Greater, more positive values correspond to larger volumes, greater iron content
(p¼0.01) and greater hippocampal iron (p¼0.04) at baseline showed slower (less
redicted lesser longitudinal improvement in end-of-session performance (E-o-S;
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was unrelated to Cd volume, its iron content, or Cb volume (see
Table 3, effects constrained). Final models of these effects had
acceptable fit: χ2r426.29, pZ0.001; CFIZ0.95; RMSEAr0.04;
SRMRr0.08.

3.5. Reverse models

To test the direction of effects, paths in the final models were
reversed and subsequent decline in model fit or non-significant
effects provided further evidence for the direction of effects re-
ported. Reverse models had incrementally worse fit: χ2¼175.33-
417.75, p¼0.001- 0.03; CFI¼0.95–0.97; RMSEA¼0.03–0.05;
SRMR¼0.07–0.10. All reversed effects were not significant
(all¼�0.19 �0.27, pZ0.08), except for LPFC volume regressed on
fractal dimension measured from trial 1 (intercept, �0.36,
p¼0.01) and end-of-session performance (�0.27, p¼0.02) at
baseline, and the direction of these effects should be interpreted
with caution. Finally, all models were estimated again after ex-
cluding the 16 individuals who had developed exclusionary health
conditions in the course of study. All effects remained nominally
significant (pr0.04), except for LPFC predicting distance intercept
(�0.13, p¼0.27, BS 95% CI: �0.38/0.09) and change in Cd iron
content predicting change in distance end-of-session performance
(0.20, p¼0.19; BS 95% CI: �0.009/0.73) but the bootstrapped
confidence intervals of the latter only slightly overlap with zero
and thus the test may be underpowered.
4. Discussion

In the first longitudinal study of its kind, we provide evidence
of differential cognitive and neural changes that underlie deficits
in navigation skill acquisition in older age. Although learning was
reliably observed in both performance indices (search path length
and complexity) at baseline and follow-up, the end-of-session
gains from baseline were not maintained over a two-year hiatus.
Notably, performance on the first trial at follow-up was the same
as at baseline, as if participants had never performed the task; yet,
individuals varied in longitudinal change in trial 1 path length, but
not path complexity. Examination of longitudinal change in ac-
quisition curve components revealed a clear dissociation between
the indices of performance. Whereas the degree of meandering in
search of the goal was significantly better at follow-up than at
baseline, the search path lengthened after the two year hiatus.
Thus, lesser path complexity did not translate into shorter distance
to the goal. Greater caudate iron content and smaller volume, as
well as smaller Cb volume predicted worse navigation perfor-
mance indexed by distance, whereas greater Hc iron and smaller
PHG volume were linked to greater meandering. Dissociation be-
tween navigation path length and complexity in their putative
neural correlates suggests two complementary cognitive processes
underlying navigation ability: perceptual-motor skill and cognitive
mapping in episodic memory.

Path length from the start to the hidden goal may be construed
as an index of perceptual-motor skill that, while readily acquired
within session, worsened after the two-year delay. This pattern of
intact learning combined with poor retention of gains after two
years is similar to a pattern observed on classic perceptual-motor
skill learning tasks in samples selected according to similar criteria
(Kennedy and Raz, 2005; Rodrigue et al., 2005), and is in accord
with commonly reported age deficits in acquisition (Wright and
Payne, 1985; Smith et al., 2005; Seidler, 2006; Janacsek et al., 2012;
Coats et al., 2013) and retention of the task-relevant skills after
long delays (Fisk et al., 1994). Deficits indexed by navigation dis-
tance were conjointly explained by smaller volume and greater
iron content of the caudate nuclei, as well as smaller volume of
cerebellar hemispheres—regions commonly implicated in per-
ceptual-motor skill acquisition and maintenance (e.g., Raz et al.,
2000; Ungerleider et al., 2002; Cavaco et al., 2011) as well as
spatial navigation (Rondi-Reig and Burguiere, 2005; Moffat, 2009).
This is partly consistent with our previous cross-sectional report of
correlation between navigation time and Cb volume (Daugherty
et al., 2015a), although in that study, Cd volume was unrelated to
navigation efficiency. Thus, path length appears to capture the
perceptual-motor skill learning component of navigation that is
vulnerable to decline, especially in older age.

Whereas distance may be an index of perceptual-motor skill, path
complexity operationalized as fractal dimensionality appears to be
more closely related to cognitive mapping in episodic memory
function. Path fractal dimensionality improved across repeated trials
at baseline and follow-up, and unlike the longitudinal declines in
path length, repeating the same task after a two-year delay produced
faster improvement over trials and greater end-of-session gains. Such
outcome is consistent with developing a cognitive map during
baseline acquisition that remains relatively intact after hiatus
(O’Keefe and Nadel, 1978; O’Keefe, 1990). In that sense, vMWM na-
vigation behaves similar to episodic and working memory tasks that
improve longitudinally (Thorvaldsson et al., 2005; Bender et al.,
2015; Daugherty et al., 2015b; Persson et al., 2016), with lesser im-
provement shown by older adults. Variability in path complexity was
associated with hippocampal iron content and parahippocampal
gyrus volume—characteristics of medial temporal lobe structures
that are acknowledged as brain regions critical for episodic memory
in general and memory for places in particular (Squire and Backer
Cave, 1991; Epstein and Kanwisher, 1998; Eichenbaum et al., 1999;
Burgess et al., 2002; Smith and Mizumori, 2006; Chrastil et al., 2015).
These regions are also viewed as neural substrates of cognitive
mapping (see Maguire et al. (1999) for a review). Indeed, a recent
case study reported a patient with medial temporal lobe damage
who improved in vMWM navigation, despite demonstrated amnesia,
but showed a specific deficit in navigation precision (Kolarik et al.,
2016), and patients with parahippocampal lesions evidence specifi-
cally impaired performance on a “dry” version of the MWM (Bohbot
et al., 2000). The longitudinal results obtained here are in line with
cross-sectional findings linking path complexity with PHG volume
(Daugherty et al., 2015a, 2015c). We also show the association be-
tween path complexity and age-related iron accumulation in the Hc
that is consistent with an association between Hc iron and episodic
memory observed in an independent sample (Rodrigue et al., 2013).
But we found no evidence for Hc volume and path complexity, unlike
our previous study (Daugherty et al., 2015c). Thus, search path
complexity that is likely related to cognitive mapping is relatively
stable and potentially improves longitudinally, although older adults
experience lesser repeated-testing gains.

Age-related deficits in navigation reported here are in accord
with extant cross-sectional studies (Moffat and Resnick, 2002;
Driscoll et al., 2003, 2005; Moffat, 2009). In replicating and ex-
tending our previous cross-sectional reports (Moffat et al., 2007;
Yuan et al., 2014; Daugherty et al., 2015a, 2015c), we observe here
that older adults traveled longer and more complex paths than
younger counterparts, despite showing improvement in both in-
dices across repeated trials within a session. After two years, older
adults showed greater declines in navigation ability—greater
prolongation in distance-to-goal measures and lesser reduction in
meandering on the last three trials. The observed sex differences
were also in line with other reports (Sandstrom et al., 1998; Moffat
et al., 2001; Driscoll et al., 2003; Nowak and Moffat, 2011)—men
traveled shorter and less complex paths at baseline, but did not
differ from women in longitudinal change.

We detect these sources of variability in change even when the
magnitude of individual differences in acquisition curves was
notably smaller at follow-up as compared to baseline, particularly
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in search path length. The reduction in variability may in part be
due to the constraints in the model to ensure measurement in-
variance—a necessary assumption for valid estimates of change.
Mastering a skill via practice and gradual increase in automaticity
results, as a rule, in compression of individual variability in per-
formance (Kanfer and Ackerman, 1989). Lesser individual varia-
bility in acquisition curves at follow-up may reflect such auto-
matization of navigation skill, whereas variability in the magni-
tude of change between measurement occasions is an indication of
individual differences in aging. Although we speculate that navi-
gation skill becomes automated with practice, six vMWM trials
were unlikely to be sufficient to reach asymptotic levels of skill.
Thus, it is possible with additional trials, participants might have
recovered performance to the levels reached at the baseline test-
ing. Between-trial heterogeneity in the average acquisition curves
suggests that the difficulty of the search might have depended on
the starting position and thus initial location in the virtual arena
might have affected differences in performance through interac-
tion with age-related cognitive decline. Due to the limited number
of trials, we cannot test this source of variability apart from normal
fluctuations in performance during the acquisition process, but
should consider such a test in future study. Yet, even when navi-
gation distance reaches asymptote in a vMWM, older adults still
travel longer paths than their younger counterparts (Daugherty
et al. 2015c).

To understand the differential pattern of longitudinal change in
each index of navigation and its vulnerability in aging, path length
and complexity should be considered as complementary (not re-
dundant) metrics of navigation efficiency. Optimal navigation will
be short and not meander, but in this task that required successful
location of the platform, an individual may favor less complex
paths over optimizing path length, as suggested in the longitudinal
trend here. For example, a path traveled around the circumference
of the pool, presumably in reference to the landmarks on the
perimeter, will be longer than a straight path from the start but
will still have relatively low complexity (see Daugherty et al.
(2015a)). Although decrease in path complexity partially explains
improvement in navigation distance (Daugherty et al. 2015a,
2015c), the trade-off as described above is a realistic possibility.
Regrettably, we were unable to examine the relationship between
the two indices here due to the constraints on the number of
model parameters imposed by the sample size. In the future, such
trade-off analysis may provide further insights into a shift in be-
havior to emphasize less meandering over shorter distance that
occurs in aging.

This shift in behavior may mirror the alteration of navigation
strategies that is hypothesized to underlie age-related decline in
performance (Wiener et al., 2013; Bohbot et al., 2012; Harris et al.,
2012). When navigating environments like the vMWM, older
adults appear to favor a beacon strategy—directed movement to-
wards a landmark near a goal without required encoding of di-
rectional information (Wiener et al., 2013; Bohbot et al., 2012;
Harris et al., 2012). Compared to an allocentric strategy, which is
believed to draw on a cognitive map, the beacon approach is less
efficient in accomplishing the navigation task at hand (Wiener
et al., 2013). Moreover, these different navigation strategies dis-
sociate by neural correlates: beacon-directed movement engages
the striatum whereas allocentric navigation is dependent upon
medial temporal lobe structures (Bohbot et al., 2007; Packard and
McGaugh, 1992; Doeller et al., 2008; Wiener et al., 2013). With
practice, striatum-dependent beacon navigation proceduralizes
and becomes less amenable to change (Packard and McGaugh,
1996), a characteristic that is consistent with the longitudinal
worsening of distance acquisition curves seen here. Conversely,
practice of allocentric navigation dependent upon the medial
temporal lobe is expected to produce gains and retention over
time, as noted in regard to longitudinal change in meandering. In
the course of aging, navigation strategies shift from allocentric to
beacon-based, which may reflect, in part, declines in the relevant
neural substrates (Bohbot et al., 2012; Konishi et al., 2013; Wiener
et al., 2013; Schuck et al., 2015). Nonetheless, proceduralization of
navigation skill does not completely negate the contributions from
cognitive mapping in episodic memory (Packard and McGaugh,
1996) and the putative shift in strategy use is expected to be
gradual and continuous during the aging process.

Under conditions of uncertainty and potentially conflicting
navigation strategies, the prefrontal cortex may act as arbiter
(Chersi and Burgess, 2015). As the prefrontal cortex is viewed as a
neural substrate of cognitive control in skill acquisition and
maintenance as well as strategic aspects of procedural and epi-
sodic memory (Miller and Cohen, 2001; Poldrack et al., 2005;
Seidler et al., 2012; Ofen and Shing, 2013), individuals with larger
LPFC volume may be better able to adapt strategies that optimize
path length and complexity (O’Keefe, 1991). Hence, the common
correlations of these measures with LPFC observed here. Smaller
LPFC volumes in older adults partially mediated declines after the
two-year hiatus and could be related to a shift towards less-ef-
fective strategies (Moffat and Resnick, 2002; Rodgers et al., 2012;
Wiener et al., 2013; Harris and Wolbers, 2014). Further, individual
differences in neural substrates and navigation strategies are likely
to shape navigation paths through complex interactions, either as
compensation following age-related decline (McDonald and
White, 1993; Harris et al., 2012; Schuck et al., 2015) or as com-
peting influences (Chersi and Burgess, 2015; Poldrack and Packard,
2003). A systems-level analysis of neural and cognitive changes
would require multiple measurement occasions and a sub-
stantially larger sample than presented here, and remains an im-
portant goal for future study.

Age-related deficits in navigation were only partially explained
by regional shrinkage; iron accumulation and decline in vascular
health were additional factors that mediated age effects. Increased
pulse pressure—a proxy for endothelial dysfunction and elevated
vascular risk—was associated with longer and more complex
paths and, together with shrinkage and iron accumulation, medi-
ated the effects of age to partly explain greater decline after two
years in older adults.

Age-related brain iron accumulation proved to be an essential
predictor of longitudinal decline in navigation ability. Greater
baseline Hc iron, and not smaller volumes, accounted for more
complex navigation paths, lesser repeated-testing gains after two
years, and partially mediated age effects at baseline and in long-
itudinal change. Our previous cross-sectional reports identified an
association between path complexity and age-related differences
in Hc volumes (Daugherty et al., 2015a, 2015c), and others have
reported correlations with distance (see Moffat (2009) for a re-
view) although evidence of this in older adults is inconsistent (e.g.,
Moffat et al., 2007). Here we find that longitudinal increase in Hc
iron content, but not change in volume, predicted declines in na-
vigation skill indexed by path complexity. Accumulation of iron
causes oxidative stress that in turn disrupts function via impaired
metabolism and neurotransmission (Mills et al., 2010; Ward et al.,
2014), as well as by contributing to structural declines (Daugherty
et al., 2015b). Thus, brain iron accumulation in aging may be a
sensitive marker of impending cognitive decline and may con-
tribute to declines that are in part shared with shrinkage. Indeed,
greater Cd baseline iron content together with smaller volume
predicted larger losses in end-of-session navigation distance with
advanced age, and a trend for greater increase in Cd iron content
directly predicted greater declines in performance at the end of
the task. Cross-sectional studies report that greater brain iron
content in older adults is associated with deficits in episodic
memory (Bartzokis et al., 2011; Rodrigue et al., 2013) and
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cognitive-motor control (Sullivan et al., 2009; Adamo et al., 2014).
In a previous report on this sample, greater Cd iron content pre-
dicted lesser repeated-testing gains in verbal working memory
after 2 years (Daugherty et al., 2015b), and similarly found that
iron accumulation predicted functional decline when volume did
not. However, in that study, Hc iron content was unrelated to
change in a general episodic memory composite (Daugherty et al.,
2015b). The lack of association between Hc iron and change in
episodic memory may be in part due to the nature of the latent
composite used in that study. Here, we partially replicate our
previous report with latent navigation acquisition curves that
were indexed by six repeated trials of the same task, compared to
cumulative performance on two different memory tasks. Re-
cognizing the important differences between this study and our
previous one, we provide further evidence for a role of iron ac-
cumulation in neural and cognitive aging (see Daugherty and Raz
(2015) for a review).

Iron accumulation in PHG, LPFC, and Cb is also expected to
promote cognitive declines, and may be a stronger predictor
thereof than volume alone. However, we were unable to assess
iron content in these regions via R2* due to possible confounds in
these regions (Fukunaga et al., 2010; Langkammer et al., 2012;
Lodygensky et al., 2012). R2* relaxometry is not a specific index of
brain iron and can be biased by presence of calcium deposits
(Naderi et al., 1993), myelinated fibers (Fukunaga et al., 2010;
Langkammer et al., 2012; Lodygensky et al., 2012) and amyloid
(Quintana et al., 2006). The risk of these confounds in the Cd and
Hc are nontrivial and although in this healthy sample they are
likely to be low, they cannot be discounted, especially with respect
to the Hc. Nor is R2* a specific proxy of oxidative stress-driven
damage, although it is related to increases in ferritin-bound non-
heme iron and thus signals a general shift in iron homeostasis
(Morita et al., 1981; Salgado et al., 2010). Such shift and ensuing
production of free-radicals is a plausible explanation of the effects
observed here (see Daugherty and Raz (2015) for a review).

The results reported here should be interpreted in the context
of several other limitations. Although we report differential pat-
terns of longitudinal change in navigation indices and their neural
correlates, we did not test competing hypotheses with all mea-
sures in a single model and thus cannot show exclusive correlates.
The limitations in modeling stem from a relatively small sample
size that was further compromised by non-random attrition: 39%
of the sample did not return for repeated assessment and the
drop-outs were younger and had a lower MMSE at baseline. We,
nonetheless, handled missing data via full information maximum
likelihood, which leverages all available data during estimation
without imputation, and inclusion of baseline age and MMSE
corrected for non-random attrition. Thus, we capitalize on the
larger sample to improve validity of the estimates, although we
cannot completely discount the possibility of some bias in the
analyses. Our correction for measurement inconsistency mitigated
bias due to poor trial-performance reliability from estimates of
change, yet the necessary constraints may have minimized the
magnitude of effects detected. Further, the constraints imposed on
the model in order to meet the assumption of measurement in-
variance and the unspecified non-linear slope estimates were
sample-specific. This is true of any longitudinal analysis and a
strong point of the SEM methods used here is explicit testing of
the assumptions. Such assumption testing leads to the most valid
estimates of change that are feasible for the available data
(McArdle, 2009). Therefore, the results reported here are gen-
eralizable only to the extent the current sample is representative
of an aging population. In other words, generalization of the re-
ported findings is restricted to older adults selected under rather
stringent health criteria, and such restriction could have mini-
mized the magnitude of change in navigation performance and
individual differences therein. An additional limitation of the
modeling implemented here is having only two measurement
occasions, which allows estimating only linear change (McArdle
and Hamagami, 2001) and precludes testing lead-lag relationships.
Finally, it is important to emphasize that we cannot make any
claims of causality from these data (Winship and Morgan, 1999;
Rubin, 2005).
5. Conclusions

In spatial navigation, perceptual-motor skill and cognitive
mapping as well as their putative neural substrates are differen-
tially associated with age-related declines. Navigation perfor-
mance indexed by search path length behaves as a typical per-
ceptual-motor skill as it shows improvement with repetition but
little saving over a two-year hiatus. That aspect of navigation is
weaker in older adults and is linked to changes in the brain
structures commonly associated with perceptual-motor skill ac-
quisition and retention: caudate nucleus and cerebellum. In con-
trast, ability to navigate without meandering indexed by path
complexity improves within a few repeated trials with the gains
retained and even augmented after a two-year break. The higher
level of performance, greater degree of improvement and stability
of gains are related to younger age, lesser vascular risk, larger
volumes of brain substrates of episodic memory and lower level of
a marker of cellular damage (iron) therein. Both aspects of navi-
gation are related to the LPFC volumes that possibly mediate the
strategic aspects of navigation. Thus, several cognitive functions
comprise spatial navigation skill and differential decline in these
and respective neural substrates partly explain mixed general
decline, but not complete failure, in navigation during healthy
aging.
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