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Abstract
Episodic memory decline is among the most prevalent consequences of healthy ageing, and Method of
Loci (MoL) training offers a promising avenue for enhancement. Yet variability in responsiveness
remains poorly understood. Prior work points to hippocampal integrity before training as a predictor, but
its spatial organization and tissue-level nature remain unresolved. Here, thirty healthy older adults (65–
75 years) underwent high-resolution structural and diffusion MRI before a 4-week adaptive home-based
MoL intervention. Replicating prior findings, left but not right hippocampal volume predicted training
responsiveness, with significant associations in CA2/3 and CA4/dentate gyrus. Extending these
predictors along the hippocampal long axis, significant subregions also included the body and tail, with
effects concentrated posteriorly. Microstructural analyses using Soma and Neurite Density Imaging
(SANDI) showed that only neurite signal fraction (fneurite), not soma signal fraction (fsoma), predicted
training benefit, again in the posterior but not anterior hippocampus. Both effects generalized to held-out
participants under leave-one-out cross-validation. These results spatially and biologically characterize
the role of left hippocampal integrity in MoL training responsiveness, implicating neurite-related
properties as a substrate of individual differences in cognitive plasticity and informing personalized
cognitive interventions in older adults.

Introduction
Episodic memory decline is among the most prevalent consequences of healthy ageing, reducing the
ability to encode and retrieve personally experienced events together with their associated spatial and
temporal contexts (Tulving and Thomson 1973) from approximately 60 years of age (Nyberg et al. 2024).
At the same time, age-related decline varies considerably across individuals, making the factors
underlying cognitive plasticity and training responsiveness a key focus in healthy ageing research
(Baykara et al. 2021; Gallen and D'Esposito 2019; Mendonça et al. 2022; Tucker-Drob and Salthouse
2011; Zehnder et al. 2009).

Memory training interventions improve memory performance in healthy older adults by teaching
strategies that facilitate encoding and retrieval (Gross et al. 2012). Among these, the Method of Loci
(MoL) requires the generation of spatially organized mnemonic representations and sequential retrieval
of associated items, processes that rely heavily on hippocampal functions like spatial-associative
memory, navigation and sequential retrieval (Twomey and Kroneisen 2021; Ngo et al. 2016). A growing
body of evidence supports the effectiveness of the MoL in cognitive training programs (Ondřej 2025).
However, substantial heterogeneity in training gain has been consistently reported, with evidence
suggesting that this variability is driven more by individual differences among participants within studies
than by methodological differences between studies (Guye et al. 2017; Jaeggi et al. 2014; Traut et al.
2021). This within-group variability is particularly relevant in older adults, in whom memory training holds
the greatest applied value. Characterizing the factors that account for these individual differences may
therefore be more informative than contrasting younger and older groups.
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Regarding cognitive factors that may explain this variability, educational attainment has been the most
widely adopted and extensively validated proxy of cognitive reserve in healthy ageing (Elkana et al. 2025;
Simfukwe et al. 2025; Stern et al. 2020) and has been consistently associated with a lower risk of
cognitive decline and dementia (Meng and D'Arcy 2012; Nelson et al. 2021). Although cognitive proxies
explain some variability in training outcomes, neural markers may more directly capture the biological
substrates underlying successful cognitive training (Baykara et al. 2021). The hippocampus is a
particularly strong candidate region, as the MoL relies on spatially organized representations and
sequential retrieval.

Hippocampal integrity before training has indeed emerged as a consistent predictor of MoL-related
benefit. Engvig et al. (2012) found that, in older adults with subjective memory complaints, greater left
hippocampal volume, and larger left CA2/3 and CA4/DG volumes specifically, were associated with
greater verbal recall improvement following an 8-week MoL intervention. This regional specificity is
consistent with evidence that hippocampal subfields support complementary mnemonic operations:
whereas CA2/3 and CA4/DG are central to pattern separation, sequence representation, and the
formation of detailed spatial associations, CA1 contributes primarily to contextual reinstatement and
temporal order coding (Dimsdale-Zucker et al. 2018; Hainmueller and Bartos 2020; Liu et al. 2022; Rolls
2018). Fimbria integrity supports hippocampal-dependent spatial, associative, and temporal-context
memory, while the subiculum participates in efficient recollection and the presubiculum is related to
spatial navigation and contextual organization processes, although human evidence for these
subregions in memory remains limited (Eldridge et al. 2005; Gazes et al. 2019; Read et al. 2023; Zammit
et al. 2017). The MoL places particularly heavy demands on the former, i.e., binding distinct objects to
specific, non-overlapping spatial locations and maintaining their sequential order, which may explain why
CA2/3 and CA4/DG volume is a stronger predictor of training responsiveness.

In a cognitively healthy sample including young and older participants, Bråthen et al. (2018)
subsequently confirmed that hippocampal volume before training predicts memory gains within a
multimodal framework including cortical thickness and resting-state functional connectivity, with
hippocampal volume emerging as a unique predictor of training-related improvement selectively in older
adults. However, while subfields were not investigated in this latter study, the subfield results of Engvig
et al. (2012) were obtained using an early segmentation protocol that has since been substantially
refined, leaving open whether their specificity pattern holds under current delineation methods.
Moreover, neither study examined whether predictive findings hold under cross-validation, a particularly
important consideration given the modest samples typical of this literature.

Another important question unaddressed by prior studies concerns the degree of training
responsiveness along the longitudinal hippocampal axis. Anterior and posterior hippocampal regions
differ systematically in both their extrinsic connectivity and the granularity of the representations they
support (Schlichting et al. 2015). Whereas the anterior hippocampus is associated with coarse, gist-like
representations, the posterior hippocampus supports fine-grained spatial and contextual information,
which is critical for the ordered retrieval of episodic sequences (Evensmoen et al. 2013; Grady 2020;
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Poppenk et al. 2013; Strange et al. 2014; Zeidman and Maguire, 2016). These functions closely match
the cognitive demands of the MoL, which relies on constructing a detailed mental route and retrieving
item–location associations in a specific sequence. Moreover, longitudinal-axis parcellation has been
shown to provide a more anatomically robust characterization of hippocampal organization than subfield
segmentation (Daugherty et al. 2026; Ding and Van Hoesen 2015; but see Whelan et al. 2016). However,
to our knowledge, no study has examined whether the benefits of MoL training in older adults are
differentially associated with anterior and posterior hippocampal regions.

A key limitation of the existing literature is that hippocampal volume provides only a macroscopic
measure of tissue integrity, leaving the biological processes underlying age-related atrophy and
individual differences in plasticity uncharacterized. In contrast, diffusion-weighted imaging (DWI) offers
greater microstructural sensitivity and has been shown to predict memory training benefit and detect
training-related changes (de Lange et al. 2016, 2017). However, previous findings were limited to white
matter because conventional diffusion tensor metrics lack cellular specificity in grey matter (de Lange et
al. 2017). Soma And Neurite Density Imaging (SANDI; Palombo et al. 2020) overcomes this limitation by
explicitly modelling soma and neurite compartments, yielding separable fractional estimates of cell body
density (fsoma) and dendritic and axonal compartments (fneurite). To our knowledge, no previous study
has examined SANDI-derived measures as predictors of mnemonic training benefit. This approach
enables the assessment of whether hippocampal microstructural properties provide predictive
information beyond conventional macrostructural measures, and whether hippocampal reserve is better
captured by the soma-related or the neurite-related signal fraction.

The present study addresses these gaps in a sample of healthy older adults who completed a 4-week
tablet-based MoL training, with training benefit operationalized as the maximum level attained on the
training platform (MaxLevel). We combined complementary macrostructural and microstructural MRI
measures to characterize the anatomical and biological substrates of individual differences in training
responsiveness, using cross-validation to assess the generalizability of all primary findings. We
hypothesized that greater left hippocampal volume before training would predict training benefit beyond
established sociodemographic and cognitive predictors, replicating Engvig et al. (2012) in a cognitively
healthy sample with a refined segmentation protocol. Building on this, we examined three main
questions: whether the volumetric association is preferentially driven by specific hippocampal subfields;
whether training benefit is more closely related to anterior or posterior hippocampal structure; and
whether the predictive value of hippocampal integrity is better explained by neurite- or soma-related
microstructural properties.

Methods

Participants
A total of 34 community-dwelling older adults were recruited. Exclusion criteria included neurological or
psychiatric disorders, previous stroke, and MRI contraindications. Informed consent was obtained from
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all participants. All participants scored ≥ 26 on the MMSE (M = 29, SD = 1.3, range = 26–30). Four
participants withdrew during training for unrelated reasons, yielding a final sample of 30 older adults (20
women; age range = 65–75 years; M = 68.67, SD = 3.00). All participants provided written informed
consent. The study was approved by the departmental research review board [CReREU, protocol
#42024].

General procedure
The study followed a pre-post design comprising two assessment sessions and two scan sessions, one
of each conducted before and after a four-week memory-training intervention. Participants first
completed a neuropsychological battery after enrollment and underwent the first MRI scan a median of
12 days after the neuropsychological battery (IQR = [2, 29.75]). The extended range reflects scheduling
constraints and was not associated with training outcome or baseline cognitive performance.
Immediately after the pre-training MRI session, participants received instructions on the MoL and
familiarized themselves with the training platform on a tablet. They then completed the home-based
MoL training program over the subsequent 28 days, with instructions to complete 30 minutes of training
a day. The second MRI scan was conducted 28 days after the first one (median time between scans: 28
days; IQR [28, 28]), followed by a second neuropsychological battery, administered a median of 1 day
after the second MRI scan (IQR = [0, 2.75]). The present analyses focus on baseline MRI data and
behavioral measures acquired at both timepoints, consistent with the predictive design.

Materials

Neuropsychological battery
The battery assessed associative and episodic memory, working memory, processing speed, and
psychological wellbeing. The Object-Position Combination task (described in detail below; Mitchell et al.
2000) assessed associative binding, the process most proximal to the MoL training. The Rey Auditory
Verbal Learning Test (RAVLT; Carlesimo et al. 1996) assessed verbal episodic memory. The forward and
backward Digit Span, the forward and backward Corsi Block-Tapping Task (Monaco et al. 2013), the Dot
Matrix task (Miyake et al. 2001) assessed working- and short-term memory. The Digit Symbol Coding
task (Orsini and Pezzuti 2013) and the Pattern Comparison and Letter Comparison (Salthouse and
Babcock 1991) tasks assessed processing speed. Psychological well-being was assessed with the
Geriatric Depression Scale (GDS, Galeoto et al. 2018), the Geriatric Anxiety Scale (GAS, Picconi et al.
2023), and the 36-Item Short Form Health Survey (SF-36, Apolone and Mosconi 1998), which assessed
depressive symptomatology, anxiety, and health-related quality of life, respectively.

Stimuli
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Stimuli for both the Method of Loci task and the Object-Position Combination task were drawn from the
Bank of Standardized Stimuli (BOSS; Brodeur et al. 2010, 2014). A total of 445 photographs depicting
concrete, everyday objects were selected and divided into two non-overlapping subsets, one for each
task, matched for nameability, familiarity, and visual complexity to avoid cross-task interference. Images
spanned a broad range of semantic categories (e.g., kitchen utensils, tools, musical instruments,
furniture, clothing, sports and leisure items).

Method of Loci training
Participants completed a home-based Method of Loci (MoL) training program (Eligence; Maggioli S.p.A.
2024) on a tablet for 30 min/day over 28 consecutive days. The program was specifically developed and
customized for the present study, and participants received instructions immediately after the pre-
training MRI. Training comprised two phases. First, participants learned a fixed route through a non-
immersive virtual-reality city environment comprising 10 spatial locations (loci). They had to correctly
recall the order of the loci on three consecutive attempts before proceeding to the training phase. In the
subsequent level-based phase, objects were presented sequentially for 5 s, and participants were
instructed to form vivid mental images binding each object to its corresponding locus. At retrieval,
objects were presented simultaneously and participants indicated their order of presentation. Difficulty
increased adaptively across levels by increasing the number of objects to be remembered (Level 1: 3
objects; Level 2: 4 objects; and so on). Participants advanced one level after two consecutive correct
trials, moved back one level after three consecutive failures, and otherwise remained at the current level.
When more than 10 objects were required, participants restarted the route from the first locus and
superimposed additional images onto previously used loci. The primary training outcome was maximum
level attained (MaxLevel), defined as the highest difficulty level reached by each participant across the
training period. MaxLevel was used as an index of achieved performance under progressively increasing
mnemonic demand.

Object-Position Combination task
The Object-Position Combination task was selected as the nearest transfer measure because it isolates
object-location binding, the associative process most directly trained by MoL. The task consisted of an
encoding phase followed by a recognition phase. During encoding, three objects were sequentially
presented at different locations within a 3 × 3 grid (2 s per item). A cue (2 s) then indicated the upcoming
recognition condition. The three conditions were memory object (Object), position memory (Position),
and combination memory (Combination). Participants provided yes/no responses for all trials. Each
condition comprised 16 trials, with equal numbers of target (n = 8) and non-target (n = 8) trials, yielding
48 recognition trials in total. This design enabled the separate assessment of object memory, location
memory, and object–location binding memory.

MRI acquisition
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MRI data were collected before and after training using a 3.0 Tesla Siemens MAGNETOM Prisma XR
scanner (Siemens Healthineers, Erlangen, Germany) equipped with a 32-channel head coil. Acquisitions
formed part of a comprehensive multimodal protocol that also included resting-state and task-based
functional MRI, which will be reported separately.

Structural MRI
High-resolution, whole-brain T1-weighted (T1-w) images were acquired using a three-dimensional
MP2RAGE sequence (Marques et al. 2010), which provides improved gray-white matter contrast and
reduced sensitivity to B1 field inhomogeneities compared with conventional MPRAGE acquisitions,
resulting in more accurate tissue classification and more reliable morphometric analyses and automated
segmentation (Droby et al. 2021). Sequence parameters were: TR = 4,190 ms, TE = 3.49 ms, TI1/TI2 = 
700/2,500 ms, flip angles = 4°/5°, 288 sagittal slices, isotropic voxel size = 0.6 mm³, FOV = 269 × 238
mm, acquisition matrix = 224 × 224, GRAPPA acceleration factor = 3; total acquisition time = 4 min 55 s.
Following acquisition, all structural images were visually inspected for motion artifacts and gross
anatomical abnormalities to ensure data quality prior to processing and analysis.

Diffusion-weighted MRI
Diffusion-weighted images were acquired using a multiband spin-echo EPI sequence (CMRR MB-EPI)
with an anterior-to-posterior phase-encoding direction and the following parameters: TR = 3,000 ms, TE = 
90 ms, flip angle = 90°, isotropic voxel size = 1.8 mm³, FOV = 200 × 200 mm², acquisition matrix = 110 ×
110, 80 contiguous axial slices, multiband acceleration factor = 4, GRAPPA acceleration factor = 2,
bandwidth = 2,066 Hz/pixel. The multi-shell protocol comprised 214 diffusion directions distributed
across multiple b-value shells (b = 500, 1,000, 2,000, 3,000, 4,000, and 6,000 s/mm²) acquired with
anterior-to-posterior phase encoding. Immediately after this acquisition, a short reverse phase-encoded,
posterior-to-anterior sequence was collected to acquire b0 volumes for susceptibility-induced distortion
correction. This acquisition was designed to meet the requirements of the SANDI model, which requires
high b-value shells to resolve the soma compartment (Palombo et al. 2020).

Fluid attenuated acquisition recovery (FLAIR)
A 3D fluid-attenuated inversion recovery (FLAIR) image was acquired using a T2-SPACE sequence with
the following parameters: TR = 5,500 ms, TE = 396 ms, TI = 1,700 ms, flip angle = 120°, isotropic voxel
size = 0.6 mm³, FOV = 250 × 201 mm², base resolution = 224, echo train length = 237, 2 averages, fat
saturation, and CAIPIRINHA parallel acceleration (total factor = 4).

Structural MRI preprocessing and segmentation
Anatomical images underwent preprocessing before FreeSurfer segmentation, including denoising and
bias-field correction of the MP2RAGE UNI1 image, skull stripping, vascular lesion segmentation and
filling, and tissue segmentation (see Supplementary Materials). Lesion-filled, skull-stripped T1-weighted
images were then processed with FreeSurfer v8.0.0 (Fischl 2012) using the automated recon-all pipeline.
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Hippocampal volumes and subfields were segmented using FreeSurfer's Bayesian hippocampal subfield
module (Iglesias et al. 2015). All reconstructions were visually inspected for the accuracy of tissue and
surface boundaries. Fine-grained labels were aggregated into six major subdivisions: presubiculum,
subiculum, fimbria, CA1, CA2/3, and CA4/dentate gyrus (DG). Each hippocampus was additionally
divided along its longitudinal axis into head, body, and tail to examine anterior–posterior variation in the
structural associations. Total brain volume (TBV) was calculated in FreeSurfer as the sum of cerebral
and cerebellar grey and white matter, excluding ventricles, cerebrospinal fluid, and dura, following the
definition used by Engvig et al. (2012).

DWI processing
Diffusion-weighted images underwent denoising (dwidenoise) and Gibbs-ringing correction (mrdegibbs;
MRtrix3; RRID:SCR_006971), followed by susceptibility- and eddy-current distortion correction (FSL topup
and Eddy) and N4 bias-field correction (Andersson et al. 2003; Andersson and Sotiropoulos 2016;
Bautista et al. 2021; Cordero-Grande et al. 2019; Kellner et al. 2016; Smith et al. 2004; Tournier et al.
2019; Veraart, Fieremans, et al. 2016; Veraart, Novikov, et al. 2016).

The preprocessed data were fitted using the SANDI model (Palombo et al. 2020) implemented in the
SANDI-MATLAB toolbox, using all six b-value shells (b = 500–6,000 s/mm²). Analyses focused on the
neurite signal fraction (fneurite) and soma signal fraction (fsoma), reflecting the relative contributions of

neurite and soma compartments, respectively. These measures were treated as indirect markers of
tissue microstructure rather than direct histological measures.

Hippocampal ROIs derived from FreeSurfer segmentation were transformed to native diffusion space by
rigidly registering the diffusion b0 image to the denoised MP2RAGE UNI image and applying the inverse
transformation to the hippocampal labels using nearest-neighbor interpolation. ROIs were visually
inspected before parameter extraction. Median SANDI values were extracted within each ROI to reduce
sensitivity to boundary voxels. Given the lower spatial resolution of DWI relative to the anatomical
images, microstructural analyses were restricted to anterior (head) and posterior (body and tail)
hippocampal subdivisions, matching the longitudinal-axis segmentation used for volumetric analyses
(see Supplemenatry Materials for the complete technical description).

Statistical analysis
All statistical analyses were conducted in R version 4.6.0 (R Core Team 2026). Follow-up subregional
analyses were considered exploratory and were not corrected for multiple comparisons.

Covariate Rationale and cognitive predictors.

Total brain volume (TBV) was included as a covariate in volumetric models to account for individual
differences in head size. Education was included in all neural models as a theory-driven proxy for
cognitive reserve. SANDI signal fractions were not adjusted for TBV because they are normalized
microstructural measures. The Geriatric Depression Scale (GDS) was included as an a priori covariate in
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the cognitive predictor analysis. Associations between sociodemographic, cognitive, and affective
measures and MaxLevel were examined using Spearman correlations. Variables significantly associated
with MaxLevel were entered into a multiple regression model together with GDS. Predictors identified in
this model were subsequently included as covariates in the neural analyses.

Associations between sociodemographic, cognitive, and affective measures and MaxLevel were
examined using Spearman correlations. Variables significantly associated with MaxLevel were entered
into a multiple regression model together with GDS. Predictors identified in this model were
subsequently included as covariates in the neural analyses.

Object-Position Combination task analyses.

Sensitivity indices (d′) were calculated separately for each condition and time point using the log-linear
correction for extreme hit and false-alarm rates (Hautus 1995). Repeated-measures ANOVAs tested the
effects of condition and time on d′ and log-transformed reaction times. A global d′ index was calculated
by averaging across the three conditions at each time point to provide a more reliable measure of overall
associative memory performance. Spearman correlations were used to examine associations between
MaxLevel and binding performance at each time point, and between left hippocampal volume and
binding performance while controlling for TBV. See Object-Position Combination task sensitivity index
correction section in the Supplementary Materials for a detailed description of the sensitivity index
correction’s formula.

Volumetric and microstructural models.

Multiple linear regression models tested whether baseline hippocampal volume predicted MaxLevel, with
education and TBV included as covariates. Models were estimated separately for the left and right whole
hippocampus. Significant whole-hippocampal models were followed by exploratory analyses of
hippocampal subfields and longitudinal-axis subdivisions. For SANDI measures, separate regression
models tested whether fsoma or fneurite predicted MaxLevel, with education as a covariate, separately for
each hemisphere. Significant whole-hippocampal models were followed by analyses of anterior (head)
and posterior (body and tail) subdivisions.

Cross validation and direct comparison of associations
The predictive performance of significant neural models was evaluated using leave-one-out cross-
validation (LOOCV). Model performance was quantified using cross-validated R², RMSE, MAE, and the
Pearson correlation between observed and predicted MaxLevel. Statistical significance of predictive
performance was assessed using 5,000 permutations (see Supplementary Materials for details).

Selected associations were formally compared using tests for dependent partial correlations sharing a
common variable (Williams 1959). Differences were expressed as Δr with 95% confidence intervals
obtained from 5,000 bootstrap resamples and were additionally evaluated using 5,000 permutations.
Two pre-specified confirmatory contrasts were tested: left versus right whole-hippocampal volume and
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fsoma versus fneurite, with family-wise error controlled using the Holm procedure. All other subregional
analyses were considered exploratory.

Results
Participants completed a mean of 26.70 training days (SD = 2.91). MaxLevel ranged from 8 to 29 (M = 
17.56, SD = 6.39), reflecting the substantial individual variability in training responsiveness. Figure 1
shows individual training trajectories. Sociodemographic characteristics and baseline
neuropsychological measures are reported in Supplementary Table S1.

Cognitive and affective predictors
Spearman correlations showed that only years of education (ρ = .61, p < .001) and Dot matrix accuracy
(ρ = .39, p = .03) were significantly associated with MaxLevel (Supplementary Table S2). When both
predictors and GDS (retained as an a priori relevant covariate) were entered into a multiple linear
regression entering both predictors together with GDS, the model explained a 29% of the variation in
MaxLevel [adjusted R² = .21; F(3, 26) = 3.49, p = .03]. Education was the only significant independent
predictor [β = .49, t(26) = 2.83, p = .009]; neither Dot matrix accuracy nor GDS approached significance
(all ps > .40). Education was therefore included as a covariate in subsequent neural models.

Object-Position Combination Task Results
The Object-Position Combination task was used as the nearest transfer measure. A 3 (Condition: Object,
Location, Combination) × 2 (Time: pre, post) repeated-measures ANOVA on d′ scores revealed significant
main effects of Condition [F(2, 58) = 10.11, p < .001, η²� = .26] and Time [F(1, 29) = 32.82, p < .001, η²� =
.53], with performance improving from pre to post training (see Table 1). The Condition × Time
interaction was not significant [F(2, 58) = 1.11, p = .33, η²� = .007], indicating a comparable improvement
across conditions.
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Table 1
Descriptive statistics for the Object-Position Combination task by condition and

time point. Values are M (SD).
    Hit rate FA d’

Location Pre .92(.10) .15(.05) 2.15(.47)

Post .95(.10) .02(.04) 2.87(.44)

Object Pre .62(.38) .01(.04) 1.86(1.15)

Post .80(.31) .008(.03) 2.44(1.00)

Combination Pre .95(.08) .42(.27) 1.61(.84)

Post .96(.10) .29(.25) 2.02(.86)

FA = false alarm rate; values are based on log-linear correction (Hautus 1995).

We next examined whether individual differences in training success were associated with binding
performance. MaxLevel was not associated with pre-training binding performance (ρ = .22, p = .242),
whereas it was significantly correlated with post-training performance (ρ = .42, p = .020). This
dissociation is consistent with transfer of training-related gains to an independent measure of binding.

Macrostructural predictors
Two multiple linear regression models examined whether baseline hippocampal volumes predicted
MaxLevel, controlling for total brain volume (TBV) and education (Table 2, Fig. 2).

The left hippocampus model explained 52% of the variance in MaxLevel [adjusted R² = .46; F(3, 26) = 
9.27, p < .001], with left hippocampal volume emerging as a significant positive predictor [β = .66, t(26) = 
3.31, p = .003]. Neither TBV nor education reached significance in this model (both ps > .06). The right
hippocampal model also explained a 34% of the variance adjusted R² = .26; F(3, 26) = 4.38, p = .013], but
education was the only significant predictor of training performance [β = .48, t(26) = 2.90, p = .008].
Neither right hippocampal volume nor TBV (both ps > .36) significantly predicted MaxLevel.

The association with MaxLevel was significantly stronger for left than right hippocampal volume.
Comparing the dependent partial correlations, controlling for education and TBV, yielded Δr = .37, 95% CI
[.13, .59], Williams's t(25) = 3.79, p < .001; the difference was confirmed by permutation testing (p = .001)
and remained significant after Holm correction across the two confirmatory contrasts (p = .002).
Restricting subsequent analyses to the left hemisphere therefore reflects a difference in association
strength rather than statistical significance alone.

To examine whether left hippocampal volume was related to baseline associative memory ability, we
correlated it with pre- and post-training binding performance on the Object-Position Combination task,
controlling for TBV. Left hippocampal volume was not associated with pre-training binding performance
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(ρ = .23, p = .241), whereas the association with post-training performance was numerically stronger but
remained non-significant (ρ = .34, p = .070).

Exploratory follow-up models examined left hippocampal anatomical subfields (presubiculum,
subiculum, fimbria, CA1, CA2/3, CA4/DG), each controlling for education and TBV (Table 2; Figure S1 in
the Supplementary Materials), to determine whether the effect was driven by specific subregions or
distributed across the hippocampal formation. All exploratory models were significant overall
[unadjusted R²s = .37–.43, adjusted R²s = .29–.37; Fs(3, 26) ≥ 4.97, ps ≤ .007], with education emerging
as a significant predictor of MaxLevel in each model [βs = .35–.49, ts(26) > 2.17, ps ≤ .04]. At the subfield
level, larger CA2/3 volume (β = .45, p = .03) and CA4/DG volume (β = .44, p = .04) were positively
associated with higher training performance. In contrast, the models for CA1, subiculum, presubiculum
and fimbria did not reveal significant associations with MaxLevel [βs = –.23 to .43, ps ≥ .06].

Exploratory models for left hippocampal head, body, and tail volumes revealed significant associations
for the tail and body but not the head (Table 2; Figure S2 in the Supplementary Materials). All models
were significant overall [unadjusted R²s = .40–.52, adjusted R²s = .33–.47; Fs(3, 26) ≥ 5.76, ps ≤ .004].
Education was a significant predictor in each model [βs = .36–.41, ts(26) > 2.27, ps ≤ .031], whereas TBV
was not significant in any model [all ps ≥ .45]. The hippocampal tail [β = .49, t(26) = 3.34, p = .003] and
body [β = .44, t(26) = 2.31, p = .03] were significant predictors, whereas the head was not [β = .42, t(26) = 
1.92, p = .07] (see Supplementary Table S3 for full output models). This pattern of results, significant in
posterior subregions but not in the head would be consistent with the fine-grained spatial and sequential
processing demands of the MoL, as outlined in the introduction.
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Table 2
Multiple regression models predicting MaxLevel from hippocampal volume, adjusted for TBV and

education.
Model Adjusted R² Volume Education

β p β p

Whole hippocampus

Left hemisphere .46 .66 .003 .30 .06

Right hemisphere .26 .26 .36 .48 .008**

Anatomical subfields (left)

Subiculum .31 .30 .11 .45 .008**

Presubiculum .29 .26 .16 .46 .007**

Fimbria .29 − .23 .16 .49 .004**

CA1 .33 .43 .06 .38 .03*

CA2/3 .37 .45 .03 .35 .04*

CA4-DG .35 .44 .04 .38 .03*

Antero-posterior axis (left)

Head .33 .42 .07 .41 .02*

Body .37 .44 .03 .37 .03*

Tail .47 .49 .003 .36 .02*

All models include TBV, education, and the corresponding hippocampal volume. β = standardized
regression coefficient; adjusted R² = adjusted R² of the full model. *p < .05; **p < .01.

SANDI microstructural predictors
We next examined whether hippocampal microstructural properties assessed using SANDI provided
convergent predictive information, and whether associations with MaxLevel differed between soma- and
neurite-related tissue compartments. Results are summarized in Table 3, with full model output provided
in Supplementary Table S4.

fsoma results
Neither left nor right hippocampal fsoma predicted MaxLevel. For the left hippocampus, the model
explained 33% of the variance [adjusted R² = .28; F(2, 27) = 6.56, p = .005]. However, only education [β 
= .59, t(27) = 3.57, p = .001] was a significant predictor whereas left hippocampal fsoma was not [β = −.25,
t(27) = − 1.53, p = .14]. Results were similar for the right hippocampus. The model explained 29% of the
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total variance of the training performance [unadjusted R² = .29, adjusted R² = .24; F (2, 27) = 5.45, p = .01],
with education again the sole significant predictor [β = .54, t(27) = 3.28, p = .003] and right fsoma non-
significant [β = −.14, t(27) = − 0.86, p = .40].

fneurite results
In contrast, left hippocampal fneurite was a significant predictor of MaxLevel. The model explained 41% of

the variance [adjusted R² = .37; F(2, 27) = 9.49, p < .001], with both education (β = .50, t(27) = 3.36, p =
.002) and left fneurite (β = .38, t(27) = 2.58, p = .02) as significant predictors (Fig. 3). For the right
hippocampus, the model explained 27% of the variance (unadjusted R² = .27, adjusted R² = .22; F(2, 27) = 
5.11, p = .01), but only education was a significant predictor (β = .51, t(27) = 3.08, p = .005); right fneurite

did not predict MaxLevel (β = .07, t(27) = 0.48, p = .63). This left-lateralized pattern mirrors the volumetric
findings.

For the left hippocampus, fneurite and fsoma related to MaxLevel in opposite directions. In particular, fneurite

has a positive partial correlation (r = .44) and a negative partial correlation for fsoma (r = − .28). The two
associations differed reliably, Δr = .73, 95% CI [.19, 1.20], Williams's t(26) = 2.39, p = .025, with agreement
from the permutation test (p = .022) and after Holm correction (p = .025). The predictive signal is carried
by the neurite-related fraction and does not extend to the soma-related fraction.

Given the left-hemisphere association with fneurite, follow-up models examined anterior and posterior

subdivisions, controlling for education (Figure S3). Anterior fneurite explained 35% of the variance in the
training performance [adjusted R² = .30; F(2, 27) = 7.12, p = .003], but only education [β = .50, t(27) = 3.25,
p = .003] was a significant predictor of MaxLevel, whereas anterior fneurite was not [β = .28, t(27) = 1.78, p
= .08]. This is consistent with the volumetric pattern, where posterior subregions were significant and the
head was not.

In contrast, posterior fneurite was a significant predictor of MaxLevel. The model explained 39% of the
variance in MaxLevel [adjusted R² = .34; F(2, 27) = 8.44, p = .001]. Both education (β = .49, t(27) = 3.24, p =
.003) and posterior fneurite (β = .34, t(27) = 2.26, p = .03) appeared as significant predictors of MaxLevel.
Taken together, the macrostructural and microstructural analyses showed the same left-hemisphere
pattern: left HC volume and left HC fneurite each predicted MaxLevel, whereas right-hemisphere and fsoma

were not related to training performance.
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Table 3
Multiple regression models predicting MaxLevel from SANDI measures, adjusted for education.

Model Adj-R2 SANDI metric Education

β p β p

fsoma

Left hemisphere .23 −.25 .14 .59 .001**

Right hemisphere .24 −.14 .40 .54 .003**

fneurite

Left hemisphere .37 .38 .02 .50 .002**

Right hemisphere .22 .08 .63 .51 .005**

Antero-posterior axis, fneurite (left)

Anterior .30 .28 .09 .51 .003**

Posterior .34 .34 .03 .49 .003**

All models include education and the corresponding SANDI metric. β = standardized regression
coefficient; adjusted R² = adjusted R² of the full model. *p < .05; **p < .01.

LOOCV results
Given the limited sample size, significant hippocampal models were evaluated using LOOCV to assess
internal generalizability (Table 4; Fig. 4). Cross-validation was restricted to models in which the neural
predictor was significant in the primary regression, consistent with the hierarchical follow-up logic.

The left hippocampal volume model (TBV + Education + Left HC) explained 35% of variance in held-out
participants (R²CV = .35, r = .61, p < .001), compared with 46% in the full sample. Among the subfield
models, CA2/3 (R²CV = .25, r = .53, p = .002), and CA4-DG (R²CV = .21, r = .50, p = .002) showed
significant cross-validation performance. Along the longitudinal axis, the hippocampal tail (R²CV = .36, r
= .62, p < .001) and the body (R²CV = .25, r = .53, p = .002) showed significant generalization effects.
LOOCV plots for anatomical subregions and longitudinal-axis subdivisions are provided in
Supplementary Figures S4, S5. For the SANDI microstructural models, left hippocampal fneurite

generalized significantly to held-out participants (R²CV = .23, r = .52, p = .002), with the posterior
subdivision also showing a significant generalization (R²CV = .21, r = .46, p = .003, Figure S6).

Permutation-based p-values remained significant across models, and the cross-validated pattern was
consistent with the primary analyses, supporting the robustness of the left-hemisphere and posterior
effects and the association with fneurite rather than fsoma.
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Table 4
Leave-one-out cross-validation (LOOCV) of left hippocampal models predicting MaxLevel.

Model N R2
CV

RMSECV MAECV r p

Left HC 30 .35 5.07 4.35 .61 < .001***

Anatomical subregions

CA2/3 30 .25 5.44 4.45 .53 .002***

CA4-DG 30 .21 5.59 4.56 .50 .002***

Antero-posterior axis

Body 30 .25 5.46 4.65 .53 .002***

Tail 30 .36 5.01 4.18 .62 < .001***

SANDI microstructural models

fneurite Left HC 30 .23 5.50 4.34 .52 .002***

fneurite (posterior) 30 .21 5.60 4.61 .50 .003***

R²CV = cross-validated R²; RMSECV = root mean squared error; MAECV = mean absolute error; r = 
Pearson correlation between observed and LOOCV-predicted MaxLevel. p = one-tailed permutation p-
value (5,000 permutations, continuity-corrected). No correction for multiple comparisons was applied
to exploratory subregion and SANDI analyses. *p < .05; **p < .01; ***p < .001.

Discussion
The present study shows that hippocampal integrity is associated with individual differences in
responsiveness to MoL training in healthy older adults. Left hippocampal volume predicted MaxLevel
after controlling for education and TBV, replicating previous evidence that pre-training hippocampal
structure is associated with memory-training gains (Engvig et al. 2012; Bråthen et al. 2018). Importantly,
our direct comparison of the two hemispheres showed that the association was significantly stronger in
the left hippocampus. This extends previous findings by demonstrating that the relationship is not
simply attributable to a general association between hippocampal size and training performance, it is
preferentially expressed in the left hemisphere.

The findings also refine previous subfield-level evidence. Engvig et al. (2012) reported associations
between training gains and left hippocampal, CA2/3, and CA4/dentate gyrus volumes, although their
analyses relied on an earlier segmentation protocol. Here, the association with training responsiveness
was again observed in CA2/3 and CA4/dentate gyrus using contemporary segmentation methods. The
regional specificity of the volumetric effect is consistent with hippocampal circuitry supporting pattern
separation and detailed spatial associations (Hainmueller and Bartos 2020; Liu et al. 2022), processes
central to MoL performance, which requires discriminating similar item–location associations, retrieving
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them from partial spatial cues, and preserving their sequence (Rolls 2018). Together with the whole-
hippocampus finding, this convergence suggests that the structural features associated with MoL
responsiveness extend across hippocampal levels of organization, from the entire formation to specific
subregions.

Beyond subfield specificity, the present findings provide evidence that hippocampal contributions to
training responsiveness vary along the longitudinal axis. Significant associations were observed in the
hippocampal body and tail, with the volumetric effect concentrated in posterior regions. This pattern is
consistent with the functional organization of the hippocampus, in which anterior and posterior regions
differ in connectivity and representational granularity. Whereas anterior hippocampal regions have been
associated with broader, more gist-like representations, posterior regions are more strongly involved in
fine-grained spatial and contextual information (Schlichting et al. 2015; Evensmoen et al. 2013; Grady
2020; Poppenk et al. 2013; Strange et al. 2014; Zeidman and Maguire 2016).

This organization is particularly relevant to MoL training, which requires participants to construct and
repeatedly retrieve a detailed mental route while binding individual items to specific locations and
maintaining their ordered sequence. The preferential involvement of posterior hippocampal regions may
therefore reflect the representational demands of the strategy itself. The convergence between the
posterior pattern observed across longitudinal segments and the involvement of CA2/3 and
CA4/dentate gyrus provides a more anatomically specific characterization of the hippocampal substrate
of training responsiveness than whole-volume measures alone. Nevertheless, these subfield and
longitudinal-axis analyses were exploratory and uncorrected for multiple comparisons. They should
therefore be interpreted as convergent anatomical evidence.

The SANDI analyses provide a complementary tissue-level perspective. Only left hippocampal fneurite was
associated with MaxLevel, and this effect again showed a posterior predominance. To our knowledge,
this is the first study to examine SANDI-derived hippocampal measures as predictors of mnemonic
training benefit. The finding extends previous work showing that diffusion-based measures can capture
individual differences in memory training and training-related change (de Lange et al. 2016, 2017), by
applying a model designed to characterize microstructural properties within hippocampal grey matter.
The stronger association with fneurite than fsoma may suggest that variation in neurite-related tissue
properties is more closely related to training responsiveness than variation in the soma-related
compartment. However, SANDI-derived fneurite is not specific to a single cellular process and may reflect

contributions from both dendritic and axonal compartments. Moreover, because the measures were
acquired before training, the present results cannot determine whether they represent biological
mechanisms supporting training-induced plasticity or pre-existing neural reserve that enables some
individuals to benefit more from training. Thus, the findings identify a microstructural correlate of
responsiveness rather than a specific cellular mechanism of cognitive plasticity.

The convergence between macrostructural and microstructural findings is nevertheless informative.
Both measures implicated the left hippocampus, both showed a posterior predominance, and both
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generalized to held-out participants under leave-one-out cross-validation. Although external validation in
larger independent samples remains necessary, this convergence suggests that individual differences in
training responsiveness are reflected at multiple levels of hippocampal organization.

An important question is whether the neural predictors identified here relate specifically to training
responsiveness or instead reflect baseline memory ability. The absence of a clear association between
pre-training binding performance and hippocampal volume, together with the robust association
between hippocampal integrity and MaxLevel, supports the interpretation that hippocampal measures
capture a component of trainability rather than simply initial associative-memory performance. This
distinction is important because cognitive training studies often focus on mean improvement while
overlooking substantial individual variability in response. In fact, the improvement observed in the
untrained Object-Position Combination task provides further evidence for near transfer to an associative-
memory measure. Such transfer is notable because mnemonic training effects often remain relatively
close to the trained paradigm, with near transfer generally easier to demonstrate than far transfer
(Schubert et al. 2014; Sala et al. 2019). The present findings therefore suggest that greater
responsiveness to MoL training may be accompanied by improvements in a related but untrained
memory process. Whether the hippocampal predictors identified here also explain transfer to more
distant cognitive domains remains unknown.

More broadly, these findings contribute to the study of individual differences in cognitive ageing by
identifying a measurable neurobiological dimension associated with responsiveness to intervention. The
results may ultimately inform approaches aimed at understanding why some older adults derive greater
benefit from cognitive training than others and could provide a basis for future stratification or
personalization strategies. However, these implications remain conceptual. The present sample was
modest, the design was observational with respect to the neural predictors, and the predictive models
have not yet been externally validated. Larger independent samples will therefore be needed to establish
the robustness and generalizability of these associations before hippocampal measures can support
individual-level prediction or personalized intervention decisions.

Overall, the findings indicate that left hippocampal integrity, particularly in posterior regions, is
associated with individual differences in MoL training responsiveness. The convergence of volumetric
and neurite-related microstructural measures suggests that this relationship is expressed across
multiple levels of hippocampal organization. By linking these neural characteristics to variation in
training benefit rather than baseline memory performance alone, the study provides a more specific
account of the neurobiological basis of cognitive trainability in healthy ageing.
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Figure 1

Individual training trajectories across days. Each   line represents one participant’s daily peak level.
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Figure 2

Hippocampal volume and MaxLevel. (A) Partial regression plots showing the association between
hippocampal volume and MaxLevel, controlling for education and TBV. (B) Representative left
hippocampal segmentation in axial, coronal, and sagittal views.
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Figure 3

Microstructural metrics of the left hippocampus and their association with training performance. (A) Left
hippocampal neurite fraction (fneurite) and (B) soma fraction (fsoma) with surface and sagittal views
showing their spatial distributions. Scatter plots show associations with residualized MaxLevel,
controlling for education. fneurite was positively associated with MaxLevel (β = .38), p = .02), whereas

fsoma was not (β = -.25), p = .14). Solid lines indicate linear regression fits; shaded areas indicate 95% CIs.
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Figure 4

Leave-one-out cross-validation (LOOCV) of the main left hippocampal models predicting MaxLevel. (A)
Volume model (TBV + education + left hippocampal volume). (B) SANDI model (education + left
hippocampal fneurite). Points represent observed and LOOCV-predicted MaxLevel scores; shaded areas
indicate 95% CIs.
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