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in the oldest-old

Jenna L. Merenstein'2® . Maria M. Corrada®*® - Claudia H. Kawas>*® - llana J. Bennett'

Accepted: 9 September 2022
© The Psychonomic Society, Inc. 2022

Abstract

The ability to learn associations between events is critical for everyday functioning (e.g., decision making, social interactions)
and has been attributed to structural differences in white matter tracts connecting cortical regions to the hippocampus (e.g.,
fornix) and striatum (e.g., internal capsule) in younger-old adults (ages 65-85 years). However, evidence of associative learn-
ing has not been assessed within oldest-old adults (ages 90+ years), despite its relevance to other extensively characterized
cognitive abilities in the oldest-old and the relatively large effect of advanced age on the microstructural composition of these
white matter tracts. We acquired multicompartment diffusion-weighted magnetic resonance imaging data from 22 oldest-old
adults without dementia (mean age = 92.91 + 1.44 years) who also completed an associative learning task. Behavioral results
revealed significantly better associative learning performance during later task stages, as expected if participants inciden-
tally learned the cue-cue-target associations for frequently occurring event triplets. Moreover, better learning performance
was significantly predicted by better microstructure of cortico-striatal white matter (posterior limb of the internal capsule).
Finding that associative learning abilities in the 10" decade of life are supported by better microstructure of white matter
tracts connecting the cortex to the striatum underscores their importance to learning performance across the entire lifespan.

Keywords Nonagenarians - Diffusion imaging - Associative learning - White matter - Individual differences

The ability to form associations between events, even when
their relationship cannot be described, is crucial for learn-
ing higher-order skills ranging from using new technology
to communicating using nonverbal cues (Lieberman, 2000;
Seger, 1994)—abilities that help us adapt to and interact
with the environment throughout our life. In the laboratory,
behavioral evidence of implicit associative learning (IAL) is
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seen as faster or more accurate responses to stimuli that can
be predicted based on their relationship to prior events. In
the Triplet Learning Task (TLT; J. H. Howard et al., 2008),
for example, participants respond faster and more accurately
to the location of a target that can be predicted by the loca-
tion of two cue events when the cue-cue-target association
(or “triplet”) occurs more frequently. Using the TLT, as well
as other learning paradigms, IAL has been established in
adults across most of the lifespan, albeit with smaller learn-
ing effects in younger-old (65-85 years) relative to young
(20-30 years) adults (Bennett et al., 2007; Curran, 1997;
Howard et al., 2008; Howard & Howard, 2013; Howard
et al., 2004; Seaman et al., 2014; Simon et al., 2010, 2012;
Stillman, Howard, et al., 2016a; Stillman, You, et al., 2016c).
But IAL has not yet been demonstrated in oldest-old adults
(90+ years) despite extensive characterization of their per-
formance across other cognitive domains (Melikyan et al.,
2019), some of which likely rely on IAL (e.g., episodic
memory, executive control; Merenstein & Bennett, 2022).
In addition to age group differences, prior IAL work has
revealed individual differences in performance within each
age group such that some individuals learn better than their
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peers (Bennett et al., 2011; Franco et al., 2021; Rieckmann
et al., 2010). As in younger-old adults, individual differ-
ences in TAL within oldest-old adults may be due to differ-
ences in the properties of white matter tissue connecting
brain regions involved in learning, which can be meas-
ured using diffusion-weighted magnetic resonance imag-
ing (MRI). For example, previous diffusion work from our
group found that IAL performance in healthy younger-old
adults was associated with microstructure of white matter
tracts connecting the hippocampus and dorsal striatum to
the frontal and motor cortices (Bennett et al., 2011), regions
that have been implicated in IAL tasks by functional MRI
studies (Dennis & Cabeza, 2011; Merenstein, Petok, et al.,
2021b; Rieckmann et al., 2010; Simon et al., 2012). These
same cortico-hippocampal (e.g., fornix) and cortico-striatal
(e.g., internal capsule) white matter tracts exhibit accelerated
microstructural declines in advanced age (Merenstein, Cor-
rada, et al., 2021a). IAL therefore may be impaired in at least
some oldest-old adults due to degradation of white matter
that connects brain regions involved in learning. This may
drive individual differences in IAL such that some oldest-old
adults with worse microstructure in these regions may show
worse IAL, whereas oldest-old adults with better microstruc-
ture should exhibit better AL performance.

Prior IAL work has also revealed that learning effects
are sometimes larger for one dependent measure relative to
the other. For example, in younger age groups, a signifi-
cant difference in performance to high- and low-frequency
events is sometimes seen for reaction time but not accuracy
(Merenstein, Petok, et al., 2021b; Simon et al., 2012; Still-
man, Howard, et al., 2016a; Stillman, You, et al., 2016c¢),
whereas other studies observe significant evidence of IAL
for both measures (Bennett et al., 2011; Howard et al., 2008).
If these learning effects are more subtle in the oldest-old,
it may be advantageous to assess IAL in a way that takes
performance on both dependent measures into account. One
such approach is rank-ordering binning metrics (Draheim
et al., 2016; Hughes et al., 2014), in which better (lower)
scores indicate that a participant responded faster to accurate
high-frequency than low-frequency triplets and had fewer
inaccurate responses to high-frequency triplets.

We assessed IAL in nonagenarians for the first time and
tested whether IAL performance was related to individual
differences in its microstructural substrates. Oldest-old
adults without dementia, including cognitively normal indi-
viduals and those diagnosed with cognitive impairment no
dementia (CIND), performed a version of the TLT. Diffu-
sion-weighted MRI data was also acquired and multicom-
partment diffusion metrics (i.e., neurite orientation density
and dispersion imaging, NODDI; Zhang et al., 2012) were
extracted from the fornix and internal capsule. Analyses first
examined whether oldest-old adults exhibited behavioral evi-
dence of IAL using a rank-ordering binning learning metric.
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We then assessed whether individual differences in white
matter microstructure predicted IAL performance. Based
on our previous observation of positive relations between
IAL performance and diffusion tensor imaging measures of
cortico-hippocampal and cortico-striatal microstructure in
younger-old adults (Bennett et al., 2011), we hypothesized
that better IAL performance also would be associated with
better white matter microstructure in similar regions (i.e.,
fornix, internal capsule) in the oldest-old.

Method
Participants

We recruited 28 oldest-old adults (90-98 years, 11 males)
who were current participants in The 90+ Study, a longi-
tudinal study of aging and dementia in the oldest-old (see
Kawas and Corrada, 2006 for additional details), who had
not previously received a diagnosis of dementia. These indi-
viduals were clinically diagnosed as cognitively normal (n
= 19) or cognitively impaired no dementia (CIND; n = 9),
the latter of which captures individuals with cognitive or
functional losses that were not of sufficient severity to meet
the Diagnostic and Statistical Manual of Mental Disorders,
4th edition criteria for dementia (del Barrio, 2004; Graham
et al., 1997). Diagnoses were based on thorough neurologi-
cal, physical, and neuropsychological evaluations by trained
examiners at their biannual visit closest to the MRI testing
session. The cognitive status was missing for one participant
who was included in the CIND group, because they scored
25 on the Mini Mental State Examination (MMSE; Folstein
et al., 1975).

Participants were screened for conditions that would pre-
vent them from being able to enter the MRI scanner (e.g.,
having ferrous metal implants). We excluded one cognitively
normal participant for having a cortical mass that covered
large portions of white matter. Using a cutoff of four stand-
ard deviations below the mean of the sample, four additional
participants (n = 3 cognitively normal, n = 1 CIND) were
excluded for responding to too few trials (<42.7% of all tri-
als), and one participant with CIND was excluded for poor
task performance (accuracy < 42.6%). These six individuals
were excluded from all behavioral and imaging data analy-
ses. The final sample was 22 individuals (mean age = 92.91
+ 1.44; 64% females; 95% white; 9% Hispanic; mean years
of education = 15.55 + 2.89; mean MMSE score out of 30
=126.18 + 2.86).

This study was conducted in compliance with the Insti-
tutional Review Boards for the University of California,
Irvine, and Riverside. Each participant provided informed
consent and was compensated for their participation.
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Triplet learning task

Task design Participants completed an abbreviated, deter-
ministic version of an implicit associative learning task (tri-
plet learning task, TLT; Franco et al., 2021; Merenstein,
Petok, et al., 2021b) at their personal residences on a Surface
Pro tablet. In the TLT, participants viewed four open circles
presented in a row on a white background (Fig. 1). Each
trial, or “triplet,” consisted of a cue-cue-target sequence
(2,850 ms total) in which two “cue” circles filled in red
(260 ms each) followed by one “target” circle filling in green
(1,000 ms), with interstimulus intervals of 340 ms and inter-
trial intervals of 650 ms. Relative to our previous work using
this version of the TLT (150-ms cue, 800-ms target, 150-ms
ISI, 600-ms ITI, and 2,000-ms total trial durations (Franco
et al., 2021; Merenstein, Petok, et al., 2021b), stimuli and
intervals were presented at a slower rate for this advanced
age group. Participants passively viewed the red cues and
were told to respond as quickly and accurately as possible
to the location of the green target via the corresponding key-
board response. The total time required to complete the task
was 22.8 minutes.

Critically, the locations of the red cues could be used to
predict the location of the green target, with some triplets
occurring more versus less frequently. Twelve unique triplets
were randomly selected from the 64 possible cue-cue-target
combinations, after excluding 40 triplets that had any two
events in the same location (e.g., 111, 112, 121; where the
number corresponds to the location of the four circles on the

Predictive
cue

Fig. 1 Visualization of an example trial on the Triplet Learning Task
(TLT). Each trial, or “triplet,” consists of a sequential presentation of
two red cue circles followed by a green target circle. Participants pas-
sively view the location of the first two red cues of each triplet and
respond only to the location of the green target via the correspond-
ing keyboard button. Evidence of associative learning is seen when
participants respond faster or more accurately to triplets that are pre-
sented more (75% of the time; high frequency) versus less (25% of
the time; low frequency) often. ISI = interstimulus interval; ITI =
intertrial interval

screen from left to right) as their performance reflects preex-
isting response tendencies (Boyer, Destrebecqz, & Cleere-
mans, 2005; Howard et al., 2008), and after counterbalanc-
ing to ensure that cues and targets occurred in each location
equally often. Within each block, four triplets were each
presented six times (high frequency [HF]; 75% of trials) and
eight triplets were each presented once (low frequency [LF];
25% of trials). All participants completed a total of fifteen
32-trial blocks, which were equally divided into five task
stages. To prevent fatigue, a self-paced break was provided
after each block.

Associative learning measure Accuracy and reaction times
were recorded on each trial for each HF or LF triplet type.
To obtain a measure of IAL, we calculated a rank-order-
ing binning learning metric that combined the accuracy
and reaction time measures (Draheim et al., 2016; Hughes
et al., 2014). The first step, which was performed once
across all 480 trials (i.e., all blocks and task stages) but
separately within each participant, involved calculating the
average reaction time to all accurate LF triplets and sub-
tracting that value from their reaction time to each accurate
HF triplet (120 possible accurate HF trials). This yielded
difference scores in which lower values indicate that par-
ticipants responded faster to that particular HF triplet than
their response to the average LF triplet (i.e., better learn-
ing). Inaccurate HF triplet, LF triplet, and no response trials
were not given a value at this step. The next step, which was
performed across all accurate HF trials for all participants
(7,920 possible accurate HF trials), involved rank ordering
the difference scores into deciles and assigning each score a
decile value ranging from 1 (best performance) to 10 (worst
performance). Separately from the decile value calculations,
inaccurate HF triplet trials were assigned a value of 20 as
a penalty (Draheim et al., 2016). Finally, a bin score was
computed separately for each task stage and each participant
by summing the respective decile and penalty values.

Recognition task A subset of participants (n = 12 cogni-
tively normal, n = 5 CIND) also completed a subsequent
computer-based recognition task to test for awareness of the
frequently occurring cue-cue-target associations (Franco
et al., 2021; Merenstein, Petok, et al., 2021b). Participants
indicated via keyboard responses whether a series of HF,
LF, or never presented (no frequency, NF) triplets occurred
“frequently,” “infrequently,” or “not at all” during the previ-
ously completed version of the TLT. Mean accuracy to each

triplet type was calculated separately for each participant.
Imaging data

Acquisition Before behavioral testing, participants under-
went a structural imaging protocol at the University of
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California, Irvine Facility for Imaging and Brain Research
(interval range 8-29 days, except for 2 individuals up to
81 days). Imaging data were acquired using a 3T Siemens
Prisma MRI scanner fitted with a 32-channel head coil.

A single, high-resolution, T1-weighted image (magneti-
zation-prepared rapid gradient-echo sequence, MP-RAGE)
was acquired with the following parameters: echo time (TE)
/ repetition time (TR) = 2.72 /2,400 ms, field of view (FOV)
= 256 X 256 X 192 mm, matrix size = 320 x 320 x 240,
voxel size = 0.8 mm?®, Generalized Autocalibrating Partially
Parallel Acquisitions (GRAPPA) acceleration factor = 2,
208 axial slices, and scan time = 6:28.

A single, diffusion-weighted, single-shot, spin-echo,
echo planar imaging image was acquired with the follow-
ing parameters: TE / TR = 102 / 3,500 ms, FOV = 212 X
182 mm?, matrix size = 128 x 110, voxel size = 1.7 mm?>,
multiband factor = 4, 64 slices with no gap, and scan time =
16:12. Bipolar diffusion-weighting gradients were applied in
64 directions with b values of 1500 s/mm? and 3000 s/mm?>
with 3 b = 0 images.

Processing For each participant, diffusion data were pre-
processed using AFNI (Analysis of Functional Neurolm-
ages; Cox, 1996) to remove nonbrain tissue and generate a
whole-brain mask, FSL (FMRIB's Software Library, www.
fmrib.ox.ac.uk/fsl) to correct for head movement and eddy-
current induced distortions (EDDY), and the NODDI MAT-
LAB toolbox (https://www.nitrc.org/projects/noddi_toolbox)
to obtain diffusion estimates. NODDI provides measures of
free diffusion (also known as fraction of isotropic diffusion
[FISO)), intracellular diffusion (also known as intracellular
volume fraction[ FICVF] or neurite density index [NDI]),
and dispersed diffusion (also known as orientation dispersion

Fig.2 Standard regions of interest. Masks of the fornix from FSL
(pink) and the anterior (green) and posterior (blue) limbs of the inter-
nal capsule from the John Hopkins University (JHU) standard atlas

@ Springer

index [ODI]) modeled as an isotropic sphere, sticks, and dis-
persion of the sticks, respectively (Zhang et al., 2012). An
increase in the free diffusion measure indicates that there
is a reduction in neural tissue that allows molecular water
to diffuse freely in all direction (e.g., neurodegeneration,
increased Virchow Robin perivascular spaces), an increase
in intracellular diffusion indicates that more molecular
water is highly restricted within neural tissue (e.g., inflam-
mation, myelin ballooning or splitting myelin sheaths), and
an increase in dispersed diffusion indicates that intracellular
diffusion is less directionally homogeneous (e.g., reduced
coherence of fiber orientation) (Garcia-Hernandez et al.,
2022; Sato et al., 2017; Yi et al., 2019).

Regions of interest Based on known anatomical connections
from the hippocampus and dorsal striatum to the prefrontal
or motor cortices (Wakana et al., 2004; Wycoco et al., 2013),
we created standard masks of the fornix (body and bilater-
sal cres) from FSL’s Fornix_FMRIB_FA 1mm mask (Brown
et al., 2017) and the bilateral anterior and posterior limbs of
the internal capsule and the thalamic radiations (for a con-
trol region) from the JHU ICBM-labels-1mm white matter
atlas (Mori et al., 2008). We used a standard region of inter-
est approach to allow for more reproducible measures from
each region in each participant and because tractography
would be difficult in this age group due to their extensive
white matter disease (which we accounted for by limiting
analyses to normal appearing white matter, see below) and
gray matter atrophy (which would lead to smaller seed/target
regions). A visualization of these tracts overlaid on a stand-
ard white matter template is provided in Fig. 2.

For each participant, these standard white matter masks were
aligned to native diffusion space using the following registration

are overlaid on a standard Montreal Neurological Institute (MNI) 152
brain with 1mm? resolution and thresholded by a white matter seg-
mentation mask (partial volume estimate > 0.50)

Fornix

Anterior
Internal
Capsule
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steps: (1) alignment of the MP-RAGE image to the Montreal Neu-
rological Institute (MNI) 152 1-mm resolution standard image
using an affine transformation with 12 degrees of freedom, (2)
alignment of the diffusion image with no diffusion weighting
applied (i.e., dtifit_s0) to the MP-RAGE image using a boundary-
based registration with six degrees of freedom, (3) concatenation
of the diffusion to MP-RAGE and MP-RAGE to MNI transfor-
mations, (4) inverting this concatenated transformation, and (5)
applying the inverted transformation to align the standard JHU
ICBM white matter masks to native diffusion space. The bound-
ary-based registration is based on white matter boundaries that
exhibit more reliable age-related changes in signal intensity than
gray matter tissue and is therefore fairly robust to pathologies and
artifacts seen in diffusion images (Greve & Fischl, 2009), which
is especially important in advanced age. In addition, a trained
researcher that was blinded to cognitive status visually inspected
the quality of alignments and mask coverage for all three regions
of interest, confirming that all masks were of usable quality.

Each region of interest was limited to normal appear-
ing white matter. For each participant, a white matter mask
that excludes hyperintense tissue was generated on their
MP-RAGE image via FSL’s Automated Segmentation Tool
(FAST; Zhang et al., 2001), which classifies white matter
hyperintensities as either gray matter or cerebrospinal fluid
due to their low-intensity values (Melazzini et al., 2021). The
partial volume estimate of this white matter mask was thresh-
olded at 0.5, aligned to diffusion space by applying the inver-
sion of the diffusion to MP-RAGE transformation described
above, and multiplied by each region of interest mask.

Before extracting diffusion metrics, the region of interest
masks were further limited to voxels with restricted diffusion
below 0.99 to account for artifactual, mathematical errors in
regions with insufficient signal (Emmenegger et al., 2021).
For each participant, the resulting masks were then sepa-
rately multiplied by each diffusion metric image (free, intra-
cellular, and dispersed), and values were averaged across
voxels within each mask.

Statistical analyses To test for behavioral evidence of IAL, we
conducted a repeated measures analysis of variance (ANOVA)
with Task Stage (1-5) as a within-person variable and bin scores
as the dependent variable. To test for potential effects of demo-
graphic variables and cognitive status on IAL performance, we
also conducted an analysis of covariance (ANCOVA) with Task
Stage (1-5) as a within-person variable, bin scores as the depend-
ent variable, and sex (dummy coded as O for female and 1 for
male) and years of education completed as covariates.

To test whether participants could accurately indicate
whether some triplets occurred more often, separate two-
sided one-sample #-tests compared mean recognition accu-
racy to each Triplet Type (HF, LF, NF) to chance (0.33).

Finally, to test whether white matter microstructure pre-
dicted IAL performance, we conducted multiple linear

regression models with the average diffusion estimates from
each region of interest (fornix and bilateral anterior and poste-
rior limbs of the internal capsule) as simultaneous predictors
of TAL performance, with separate models for each diffu-
sion metric (free, intracellular, and dispersed). Because there
was better IAL performance during task stages 2-5 relative
to task stage 1 (see Results), the outcome variable was lim-
ited to average IAL bin scores across task stages 2-5. To test
for potential effects of demographic variables on the relation
between white matter microstructure and IAL performance,
we repeated these regression models with the addition of sex
and years of education as predictor variables. Finally, to test
the specificity of our findings, we also repeated these regres-
sion models with the addition of the thalamic radiation control
tract. Analyses were conducted using a combination of SPSS
Version 26 and R-Studio Version 1.1.442.

Power analyses A series of power analyses conducted using
G-Power (Faul et al., 2007) confirmed that our sample was
sufficiently large enough to identify significant IAL effects and
relations between IAL and white matter microstructure. For
the ANOVA, we used values from our recent work observing
TAL as a significant Triplet Type by Learning Stage interaction
for reaction time across 36 younger and 26 younger-old (ages
65-87) adults, F(1, 59) = 18.60, p < 0.001, np2 =0.24 (Franco
et al., 2021). Using this effect size revealed that the current
study required a sample size of eight participants to detect a
comparable effect with a single group, five repeated measure-
ments, alpha = 0.05, and power = 0.962.

For the linear regressions, we based our power analysis on the
same study, which observed significant relations between per-
formance on the TLT and NODDI measurements of gray mat-
ter microstructure in a sample of 26 younger-old adults (Franco
etal., 2021). This analysis revealed that a minimum sample of 24
participants was required to detect significant two-tailed effects
with an effect size = 0.516, alpha = 0.05, and power = 0.809.
Because NODDI gray matter effect sizes may not necessarily
generalize to white matter, we repeated this power analysis using
values from our earlier study finding significant relations between
TAL and diffusion tensor imaging estimates of fractional anisot-
ropy in 14 younger-old adults (ages 63-72 years; Bennett et al.,
2011). This analysis revealed that a minimum sample of 15 par-
ticipants was required to detect significant two-tailed effects with
an effect size = 0.620, alpha = 0.05, and power = 0.816.

Results
Associative learning performance

Evidence of IAL was assessed using a repeated measures
ANOVA with Task Stage (1-5) as a within-person variable
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and bin scores as the dependent variable. Results revealed
a significant main effect of Task Stage, F (4, 84) =9.99, p
< 0.001 (Fig. 3), with significantly worse performance seen
as higher bin scores for Task Stage 1 (mean = 720.50 +
204.12) relative to Task Stage 2 (mean = 594.86 + 112.50;
difference = 125.64 + 153.68), #(21) = 3.834, p = 0.001,
Stage 3 (mean = 589.68 + 111.26; difference = 130.82 +
166.02), #(21) = 3.696, p = 0.001, Stage 4 (mean = 586.82
+ 109.14; difference = 133.68 + 169.73), #(21) = 3.694,
p = 0.001, and Stage 5 (mean = 599.96 + 125.76; differ-
ence = 120.55 + 183.81), #(21) = 3.076, p = 0.006. There
were no significant differences in bin scores observed among
the latter four stages, ps > 0.271. Results for the traditional
accuracy and reaction time measures are provided in the
Supplementary Material, where similar, but less sensitive,
evidence of IAL was seen for accuracy.

We also performed a series of robustness checks for the
reliability of our bin score measurement by performing the
calculations in separate halves of the sample and with alter-
nate penalty scores (Supplementary Material). In each case,
results revealed significant evidence of IAL.

Effect of demographic variables When repeating the above
analysis as an ANCOVA with sex and years of education as
covariates, the main effect of Task Stage remained signifi-
cant, F(4,76) = 11.24, p < 0.001, but there were no signifi-
cant main effects of or interactions with sex and education,
ps > 0.383.

Awareness of the regularity To assess whether participants
could accurately indicate whether some triplets occurred
more often, separate two-sided one-sample #-tests compared

800
o 700
5]
O
m -~
£
0 600
500+
I ] 1 1 I
1 2 3 4 5
Task Stage

Fig.3 Associative learning performance. Behavioral results are dis-
played as a function of Task Stage, with evidence of implicit associa-
tive learning observed as significantly lower bin scores for Stages 2
through 5 compared with Stage 1. Error bars represent standard error
of the mean
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mean recognition accuracy to each Triplet Type (HF, LF,
NF) to chance (0.33). Results revealed that accuracy to HF
(mean = 0.47 + 0.08), LF (mean = 0.27 + 0.06), and NF
(mean = 0.40 + 0.07) triplets did not significantly differ
from chance, ps > 0.097. These results provide confidence
that participants were not aware of the regularities learned
here.

Associative learning relates to white matter
microstructure

We conducted multiple linear regression models with white
matter microstructure estimates from each region of interest
(fornix, anterior limb of the internal capsule, posterior limb
of the internal capsule) as simultaneous predictors of IAL
performance (average IAL bin score), separately for each
diffusion metric (free, intracellular, and dispersed diffusion).

The models predicting IAL performance using the dis-
persed, R? = 0.38, F(3, 18) = 3.71, p = 0.031, and free, R?
= 0.33, F(3, 18) = 2.95, p = 0.060, but not restricted, R?
= 0.11, F(3, 18) = 0.73, p = 0.548, diffusion metrics were
significant or trending. When examining the individual pre-
dictor variables, we found that better learning performance
(lower bin scores) was significantly associated with lower
dispersed, p = 0.66, #(21) = 3.26, p = 0.004, and free, p =
0.54, #(21) = 2.39, p = 0.028, diffusion in the posterior limb
of the internal capsule (Fig. 4). None of diffusion metrics
in the fornix and anterior limb of the internal capsule were
significant predictors of IAL performance (Table 1). Mul-
tiple regression models with white matter microstructure
estimates predicting traditional accuracy measures of IAL
(i.e., the difference between HF and LF triplets) were not
significant, ps > 0.201.

Of note, dispersed and free diffusion in the posterior limb
of the internal capsule also remained a significant predictor
of TAL after modeling the interim interval between MRI and
behavioral testing as a covariate, ps < 0.030. Dispersed, f =
0.78, #(21) = 3.05, p = 0.011, but not free, p = 0.126, diffu-
sion in the posterior limb of the internal capsule also remained
a significant predictor of IAL when limiting analyses to the
15 participants with normal cognition, suggesting that these
effects were not solely driven by the 7 participants with CIND.

Effect of demographic variables When repeating these mul-
tiple regression models with the addition of sex and years of
education as predictors, the pattern of results did not change
(Supplementary Table 2).

Control tract When repeating these multiple regression
models with microstructure of the thalamic radiations as
an additional variable, we observed no significant effect of
thalamic radiation microstructure on IAL performance for
any of the diffusion metrics, ps > 0.380.
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Fig.4 Associations between white matter microstructure and learn-
ing performance. Scatterplots show the significant regression lines
and standardized regression coefficients, , from the multiple lin-
ear regression models using free (top) or dispersed (bottom) diffu-

Table 1 Relationship between associative learning performance and
white matter microstructure

p 2 p

Dispersion of diffusion

Fornix 0.26 1.35 0.194

Posterior limb of internal capsule 0.66 3.26 0.004

Anterior limb of internal capsule -0.09 -0.46 0.649
Free diffusion

Fornix -0.03 -0.15 0.886

Posterior limb of internal capsule 0.54 2.39 0.028

Anterior limb of internal capsule 0.06 0.27 0.793
Intracellular diffusion

Fornix 0.17 0.70 0.493

Posterior limb of internal capsule -0.39 -1.22 0.237

Anterior limb of internal capsule 0.34 1.03 0.316

Multiple regression analyses testing the effect of white matter micro-
structure in each region on associative learning performance (average
bin score for stages 2-5) are presented separately for each diffusion
metric (dispersed, free, intracellular). Significant standardized regres-
sion coefficients (f) are bolded.

sion to predict bin scores. Results revealed that better microstructure
(i.e., lower free and dispersed diffusion) of the posterior limb of the
internal capsule significantly predicted better learning (i.e., lower bin
scores). The shaded gray area represents 95% confidence intervals.

Discussion

To our knowledge, this study is the first to examine IAL
and its underlying white matter microstructural correlates
in nonagenarians. We found that the ability to learn associa-
tions between cue-cue-target events is evident into the 10"
decade of life and is supported by better microstructure of
the posterior limb of the internal capsule. Finding that this
critical cognitive ability is evident into advanced age and is
supported by similar structural neural substrates as seen in
younger age groups highlights the importance of the cortico-
striatal system to learning abilities across the entire lifespan.
Given that IAL is important for other higher-level cognitive
abilities (e.g., decision making) and everyday activities (e.g.,
understanding social cues, learning to use new technology),
these findings may also implicate IAL as a possible mecha-
nism underlying preserved day-to-day functioning in oldest-
old adults without dementia.

Consistent with behavioral evidence of AL, oldest-old
adults had better learning performance during later (Stages
2 through 5) than earlier (Stage 1) task stages. This finding
was observed despite participants being unable to describe
the regularity between the cues and targets, which is in line
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with previous studies using the TLT in younger-old adults
(Franco et al., 2021; Howard et al., 2008; Merenstein, Petok,
et al., 2021b; Seaman et al., 2014; Stillman, Howard, et al.,
2016a; Stillman, Watt, et al., 2016b). Our observation of
IAL in the oldest-old may have been facilitated by specific
parameters of the TLT version used, including the use of a
deterministic regularity, fewer unique triplets, longer pres-
entation times, and increased response time window. An
important future direction for this line of work will be to bet-
ter understand changes in AL across the lifespan, although
this is complicated by limited access to well-characterized
oldest-old participants. We also used a rank-ordering bin-
ning learning metric with the intention of capturing smaller
learning effects that may have been distributed across the
dependent measures. Of note, this binning metric was more
sensitive to IAL (and white matter microstructure) than the
traditional accuracy data (Supplementary Material) and was
robust to large variability in the traditional reaction time data
(Supplementary Material), possibly resulting from the high
prevalence of arthritis in advanced age (Duncan et al., 2011).

As predicted, individual differences in IAL within oldest-
old adults were related to differences in the microstructure
of cortico-striatal white matter. Specifically, better learning
performance (i.e., lower bin scores) was associated with bet-
ter microstructure (i.e., lower free and dispersed diffusion)
of the posterior limb of the internal capsule. These results
suggest that individual differences in IAL performance are
sensitive to specific microstructural properties in this region,
such as the coherence of fiber orientation (dispersed diffu-
sion) or the degree of neurodegeneration and enlargement
of perivascular spaces (free diffusion) (Garcia-Hernandez
et al., 2022; Sato et al., 2017; Yi et al., 2019). More broadly,
the posterior limb of the internal capsule may contribute
to the motor learning element of the TLT, as suggested by
studies of patients with lesions to this region (Borich et al.,
2014; Puig et al., 2011). The posterior limb of the internal
capsule also relays neural signals between the basal ganglia
(putamen, globus pallidum), thalamus, and motor areas of
cortex (Gould & Nolte, 2021). These gray matter regions
have previously been implicated in both earlier and later
stages of IAL, including our own functional MRI studies
using the TLT (Merenstein, Petok, et al., 2021b; Simon
et al., 2012). Whereas the posterior limb of the internal cap-
sule is relatively less affected until advanced age (Bennett
et al., 2017; Merenstein, Corrada, et al., 2021a), the fornix
and anterior limb of the internal capsule remain vulnerable
to aging across the older adult lifespan. Thus, microstruc-
ture of the latter two tracts may have not related to IAL in
the oldest-old due to age-related degradation, although this
interpretation will require future studies assessing IAL in
both younger-old and oldest-old adults.

Because this is the first investigation of IAL and its white
matter correlates in the oldest-old, we considered whether
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the present findings are in line with the predictions of several
neurocognitive aging theories. First, classical cortical discon-
nection theories derived from patients with neuropsychologi-
cal disorders propose that cognitive dysfunction arises from
disruption to the connections between distributed brain net-
works (Catani & Ffytche, 2005). Extending these effects of
pathology-induced neural disconnection, our finding that better
microstructure in a large-scale, white-matter tract relates to
better IAL performance supports the notion that white matter
microstructure is critical for efficient neurotransmission and
ultimately cognitive function among oldest-old adults without
dementia (Bennett & Madden, 2014; O’Sullivan et al., 2001).
Second, the current observation of IAL, in spite of the high
prevalence of dementia-related pathologies (e.g., amyloid-beta
and tau neurofibrillary tangles) in this advanced age group,
even in those with normal cognition (Kawas et al., 2015), may
reflect relatively high levels of brain reserve in older adults
living into the 10" decade of life (Stern et al., 2018). Our find-
ings specifically implicate higher cortico-striatal white mat-
ter microstructure as a potential form of brain reserve that
supports cognitive performance into the 10 decade of life.
Although underpowered, this interpretation is further sup-
ported by the lack of any significant effect of cognitive status
(cognitively impaired no dementia [CIND]) on learning perfor-
mance or white matter microstructure (data not shown). Finally,
finding evidence of IAL in the oldest-old differs from patients
with damage to the cortico-striatal loops (e.g., Parkinson’s
disease), who fail to show evidence of IAL (Meier et al., 2013),
and suggests that IAL may be achieved by a relatively more
intact cortico-striatal network in advanced aging. For exam-
ple, better microstructure of the posterior limb of the internal
capsule may facilitate the use of compensatory neural activa-
tion in motor and striatal gray matter regions, in line with the
Scaffolding Theory of Aging and Cognition (Reuter-Lorenz
& Park, 2014). However, this interpretation will require future
task-related functional MRI studies in the oldest-old, of which
there are currently very few (Merenstein & Bennett, 2022).
The present study is strengthened by our examination
of the white matter correlates of associative learning, a
fundamental yet relatively less studied cognitive process
compared to more explicit, fluid domains of cognition and
that has been understudied in advanced aging. Our results
extend prior work using single-tensor diffusion models in
IAL studies of younger-old adults (Bennett et al., 2011) by
identifying these relations in an advanced age group and
using multicompartment diffusion modelling. Nonetheless,
our interpretations will benefit from future studies replicat-
ing and extending the current effects of white matter micro-
structure on IAL within larger samples of nonagenarians
and across the entire older adult lifespan. Our examination
of these learning effects across participants with normal
cognition or CIND increases the generalizability of these
findings to the broader oldest-old population, who are often
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underrepresented in MRI studies of brain aging. However,
additional studies with larger cognitive status subgroups, as
well as measurements of dementia-related pathologies, will
be necessary to better disentangle the effects of normal ver-
sus pathological aging on IAL performance in the oldest-old.

In closing, the ability to learn associations between events
is evident in oldest-old adults without dementia and can be
attributed to individual differences in microstructural prop-
erties of cortico-striatal white matter tracts. Taken together
with studies in younger age groups, the current findings
underscore the importance of the cortico-striatal network
to learning performance across the entire lifespan and sug-
gest that maintaining better microstructure of this network
may be especially important for IAL and related cognitive
abilities in advanced aging (e.g., decision making, nonverbal
communication, skill learning). By demonstrating IAL in
advanced age, these results can also inform future interven-
tions aimed at promoting successful aging, such as behavio-
ral and training approaches that capitalize on IAL (repeated
exposures, independent of awareness) that may otherwise
be futile if this learning ability and its underlying structural
network is degraded in advanced age. Ultimately, the cur-
rent investigation lays important groundwork for future MRI
studies of brain and neurocognitive aging in the fastest grow-
ing segment of the population (Ferrucci et al., 2008).

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.3758/s13415-022-01035-7.
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