Supplementary Materials
Diffusion MRI preprocessing
Diffusion-weighted images were preprocessed using a multi-step pipeline. First, thermal noise was reduced using dwidenoise from MRtrix3 (Cordero-Grande et al., 2019; Tournier et al., 2019; Veraart, Fieremans, et al., 2016; Veraart, Novikov, et al., 2016). Gibbs-ringing artefacts were subsequently corrected using mrdegibbs from MRtrix3 (Bautista et al., 2021; Kellner et al., 2016). Susceptibility-induced and eddy-current distortions were corrected using FSL topup and eddy (Andersson et al., 2003; Andersson & Sotiropoulos, 2016; Smith et al., 2004). N4 bias-field correction was then applied to account for low-frequency intensity inhomogeneities.

SANDI modelling
The preprocessed diffusion data were analysed using the Soma and Neurite Density Imaging (SANDI) model implemented in the SANDI-MATLAB toolbox (Palombo et al., 2020). Following the toolbox recommendations, all six acquired b-value shells (500–6,000 s/mm²) were included in the model fitting. Analyses were conducted in MATLAB 23.2 (R2023b; The MathWorks, Inc., 2023). SANDI models the diffusion signal as arising from three tissue compartments: the intra-neurite compartment, representing axonal and dendritic processes; the intra-soma compartment, representing neuronal cell bodies; and the extra-cellular compartment, representing the surrounding tissue space. The present analyses focused on the neurite signal fraction (f_neurite) and soma signal fraction (f_soma), which quantify the relative contribution of the neurite and soma compartments to the measured diffusion signal, respectively (Palombo et al., 2020). Because these parameters are model-derived estimates, they should be interpreted as indirect markers of tissue microstructure rather than direct measures of specific cellular populations. Moreover, the SANDI compartments are estimated jointly and are therefore not statistically independent. Consequently, changes in one estimated compartment may affect the estimation of the others.

Hippocampal ROI registration and parameter extraction
Hippocampal regions of interest (ROIs) were obtained from the FreeSurfer subfield segmentation and transformed into each participant's native diffusion space. To achieve this, the diffusion b0 image was rigidly coregistered to the denoised MP2RAGE UNI image using Advanced Normalization Tools (ANTs). The resulting transformation was inverted and applied to the hippocampal labels using nearest-neighbour interpolation to preserve ROI boundaries. The transformed ROIs were visually inspected in native diffusion space to verify their anatomical correspondence before parameter extraction. Median fneurite and fsoma values were extracted from each ROI. Median rather than mean values were used to reduce the influence of potential outlier voxels, particularly at ROI boundaries, given the relatively small size of the hippocampal ROIs. Because the spatial resolution of the diffusion acquisition was substantially lower than that of the anatomical MP2RAGE images, reliable individual hippocampal subfield segmentation was not considered feasible in diffusion space. Therefore, microstructural analyses were conducted using the longitudinal-axis subdivision: an anterior portion corresponding to the hippocampal head and a posterior portion comprising the body and tail.

Structural MRI preprocessing
The MP2RAGE UNI1 image was denoised using the INV2 image as a pseudo-mask with MPRAGEise v2.0 and subsequently corrected for bias-field inhomogeneities using N4BiasFieldCorrection implemented in ANTs (Tustison et al., 2021). Skull stripping was performed using HD-BET. Vascular white matter lesions were segmented from the denoised UNI and FLAIR images using LST-AI (Wiltgen et al., 2024). The resulting lesion masks were used to fill lesions in the T1-weighted image using FSL lesion_filling (Battaglini et al., 2012). The lesion-filled, skull-stripped images were subsequently segmented into white matter, grey matter, and cerebrospinal fluid using FSL FAST (Zhang et al., 2001).

Object-Position Combination task sensitivity index correction
Hit corrected = (Hits + 0.5) / (N signal + 1)
FA corrected = (FA + 0.5) / (N noise + 1)
d′ = z(Hit corrected) − z(FA corrected)
where z represents the inverse transformation of the standard normal distribution. Higher d′ values indicate greater discriminative ability between signal and noise items, independent of response bias.

LOOCV and permutation test procedure
LOOCV was applied to neural models that showed a significant neural predictor in the corresponding primary regression analysis. For each iteration, one participant was held out and an ordinary least squares (OLS) regression model was fitted to the remaining N−1 participants using the same predictor set as in the original model: TBV, Education, and the neural predictor for macrostructural models, and Education and the neural predictor for SANDI models, which did not include TBV. The fitted model was then used to predict the held-out participant's MaxLevel score. This procedure was repeated once for each participant, such that every participant received one out-of-sample prediction.
Predictive performance was quantified using the cross-validated coefficient of determination (R²CV = 1 − SSres/SStot), root mean squared error (RMSECV), mean absolute error (MAECV), and the Pearson correlation between observed and LOOCV-predicted MaxLevel scores.
To assess whether the observed R²CV exceeded chance levels, a permutation test with 5,000 iterations was performed. In each iteration, MaxLevel values were randomly shuffled while predictor values were kept fixed, and the complete LOOCV procedure was repeated to generate a null distribution of R²CV. Empirical one-tailed p-values were calculated as the proportion of permuted R²CV values equal to or greater than the observed value, using a continuity correction: p = (count + 1)/(5,000 + 1). A single fixed random seed was used across all permutation tests to ensure reproducibility.

Comparison of dependent associations
Differences between correlations sharing a common variable were assessed using Williams's (1959) test for dependent correlations. Partial correlations were calculated after adjusting for the covariates specified in the corresponding regression models. The difference between correlations was expressed as Δr. Confidence intervals for Δr were obtained from 5,000 bootstrap resamples, and permutation-based p-values were obtained from 5,000 permutations. Joint regression models were not used to directly enter highly collinear neural predictors into the same model (e.g., left and right hippocampal volume). Microstructural analyses were primarily focused on the left hippocampus because the volumetric analyses identified a significant left-hemisphere association with MaxLevel. Right-hemisphere microstructural analyses were nevertheless retained for transparency. Subregional analyses were exploratory and were not corrected for multiple comparisons or formally compared. The two pre-specified confirmatory contrasts were (i) the difference between left- and right-hemisphere whole-hippocampal volume associations with MaxLevel and (ii) the difference between left-hippocampal f_neurite and f_soma associations. Family-wise error across these two contrasts was controlled using the Holm procedure.

Table S1. Descriptive statistics. 
	Table S1 Descriptive statistics for the sociodemographic, neuropsychological and training metrics of the sample.

	Variable
	Mean (SD)

	Age
	68.67 (3.01)

	Education
	16.20 (5.97)

	Maximum level achieved (MaxLevel)
	17.57 (6.39)

	Digit span forward
	6.60 (1.65)

	Digit span backward
	5.40 (1.50)

	Corsi block forward
	6.63 (1.81)

	Corsi block backward
	6.30 (2.00)

	RAVLT average
	9.29 (1.72)

	RAVLT delayed recall
	10.13 (2.65)

	Letter comparison accuracy
	0.95 (0.04)

	Pattern comparison accuracy
	0.96 (0.06)

	Digit symbol coding accuracy
	47.47 (12.46)

	Dot matrix accuracy
	7.77 (3.92)

	GAS. Somatic scale
	2.33 (1.44)

	GAS. Affective scale
	1.33 (1.40)

	GAS. Cognitive scale
	0.97 (1.50)

	GAS. Total
	4.63 (3.64)

	Depression scale (GDS)
	4.53 (4.80)

	SF-36. Physical functioning
	84.67 (12.66)

	SF-36. Role limitations due to physical health
	70.00 (34.99)

	SF-36. Role limitations due to emotional problems
	75.56 (36.02)

	SF-36. Energy/fatigue
	64.64 (13.05)

	SF-36. Emotional well-being
	75.17 (13.50)

	SF-36. Social functioning
	70.00 (20.40)

	SF-36. Pain
	66.41 (21.99)

	SF-36. General health
	61.08 (14.79)

	Binding combination d'
	1.61 (0.84)

	Binding object d'
	1.86 (1.15)

	Binding location d'
	2.15 (0.47)

	Formal education was capped at 22 years. Four participants were medical doctors with training in more than one specialty, resulting in a wider range of education years.



Table S2. Bivariate correlations with MaxLevel.  
	Table S2 Bivariate correlations between MaxLevel and sociodemographic, neuropsychological, and pre-training Object-Position Combination task measures. Bold indicates p < .05, uncorrected.

	Variable
	rho
	p

	Age
	-.04
	.84

	Sex
	.08
	.66

	Education
	.61
	.0004***

	Digit forward
	.26
	.16

	Digit backward
	-.06
	.75

	Corsi forward
	.33
	.07

	Corsi backward
	.003
	.98

	RAVLT avg
	.35
	.06

	Rey delay
	.25
	.18

	Letter completion hits
	-.01
	.95

	Pattern completion hits
	.03
	.86

	Digit Symbol Coding task hits
	.22
	.24

	Raven matrix
	.26
	.17

	Dot-matrix hits
	.39
	.03*

	Object binding task d’
	.24
	.20

	Location binding task d’
	-.06
	.78

	Combination Binding task d’
	.17
	.36

	GAS. Somatic scale
	-.13
	.46

	GAS. Affective scale
	-.27
	.14

	GAS. Cognitive scale
	-.20
	.27

	GAS. Total
	-.25
	.17

	GDS
	-.18
	.34

	SF-36. Physical functioning
	.30
	.11

	SF-36. Role limitations due to physical health
	.09
	.62

	SF-36. Role limitations due to emotional problems
	.19
	.32

	SF-36. Energy/fatigue
	.18
	.36

	SF-36. Emotional well-being
	.30
	.11

	SF-36. Social functioning
	.06
	.77

	SF-36. Pain
	.12
	.53

	SF-36. General health
	.34
	.06

	*p < .05; **p < .01; ***p < .001.  
	
	



Table S3. Full model outputs for the left hippocampal volumetric regressions predicting MaxLevel. 
	Table S3 Full model outputs for left hippocampal volumetric regressions predicting MaxLevel, adjusted for education and total brain volume (TBV).

	Predictor
	β
	t
	p

	Whole left hippocampus.  F(3, 26) = 9.27, p < .001, R² = 0.52, adjusted R² = 0.46

	TBV
	−.21
	−1.11
	.28

	Education
	.30
	1.96
	.06

	Left HC volume
	.66
	3.31
	.003**

	Subiculum.  F(3, 26) = 5.29, p = .006, R² = 0.38, adjusted R² = 0.31

	TBV
	.7
	.37
	.71

	Education
	.45
	2.86
	.008**

	Subiculum volume
	.30
	1.65
	.11

	Presubiculum.  F(3, 26) = 4.99, p = .007, R² = 0.37, adjusted R² = 0.29

	TBV
	.09
	.50
	.62

	Education
	.46
	2.91
	.007**

	Presubiculum volume
	.26
	1.45
	.16

	Fimbria. F(3, 26) = 4.97, p = .007, R² = 0.36, adjusted R² = 0.29 

	TBV
	.27
	1.68
	.11

	Education
	.49
	3.12
	.004**

	Fimbria volume
	-.23
	-1.44
	.16

	CA1.  F(3, 26) = 5.81, p = .004, R² = 0.40, adjusted R² = 0.33

	TBV
	−.06
	−.29
	.77

	Education
	.38
	2.33
	.03*

	CA1 volume
	.43
	1.95
	.06

	CA2/3.  F(3, 26) = 6.60, p = .002, R² = 0.43, adjusted R² = 0.37

	TBV
	−.03
	−.15
	.88

	Education
	.35
	2.18
	.04*

	CA2/3 volume
	.45
	2.33
	.03*

	CA4-DG.  F(3, 26) = 6.19, p = .003, R² = 0.42, adjusted R² = 0.35

	TBV
	−.05
	−.27
	.79

	Education
	.38
	2.38
	.03*

	CA4-DG volume
	.44
	2.14
	.04*

	Head.  F(3, 26) = 5.76, p = .004, R² = 0.40, adjusted R² = 0.33

	TBV
	−.06
	−.29
	.77

	Education
	.41
	2.56
	.02*

	Head volume
	.42
	1.92
	.07

	Body.  F(3, 26) = 6.55, p = .002, R² = 0.43, adjusted R² = 0.36

	TBV
	−.02
	−.11
	.91

	Education
	.37
	2.28
	.03*

	Body volume
	.44
	2.31
	.03*

	Tail.  F(3, 26) = 9.39, p = < .001, R² = 0.52, adjusted R² = 0.47

	TBV
	.11
	.75
	.46

	Education
	.36
	2.51
	.02*

	Tail volume
	.49
	3.34
	.003**

	Each model included TBV, education, and the corresponding hippocampal volume (N = 30). β = standardized regression coefficient; t = t-statistic (26 df); R² and adjusted R² refer to the full model. p-values are uncorrected.  *p < .05; **p < .01.  



	Table S4 Full model outputs for hippocampal neurite fraction (fneurite; SANDI) regressions predicting MaxLevel, adjusted for education.

	Predictor
	β
	t
	p

	Whole left hippocampus.  F(2, 27) = 9.49, p = < .001, R² = 0.41, adjusted R² = 0.37

	Education
	.50
	3.37
	.002**

	Left HC fneurite
	.38
	2.58
	.02*

	Anterior (head).  F(2, 27) = 7.12, p = .003, R² = 0.35, adjusted R² = 0.30

	Education
	.51
	3.25
	.003*

	Anterior fneurite
	.28
	1.78
	.09

	Posterior (body + tail).  F(2, 27) = 8.44, p = .001, R² = 0.38, adjusted R² = 0.34

	Education
	.49
	3.24
	.003*

	Posterior fneurite
	.34
	2.26
	.03*

	Whole right hippocampus.  F(2, 27) = 5.11, p = .01, R² = 0.27, adjusted R² = 0.22

	Education
	.51
	3.08
	.005*

	Right HC fneurite
	.08
	0.48
	.63

	Each model included education and the corresponding (f_{\text{neurite}}) measure (N = 30). Anterior and posterior (f_{\text{neurite}}) were tested as hierarchical follow-ups to the significant whole-left-hippocampus model; the whole right hippocampus is included to document the absence of a right-hemisphere association. β = standardized regression coefficient; t = t-statistic (27 df); R² and adjusted R² refer to the full model. p-values are uncorrected. *p < .05; **p < .01.  



Figure S1. Partial regression plots for the anatomical subregions of the left hippocampus.
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	Fig. S1 Hippocampal subfield volumes and their association with training performance. (A) Automated segmentation of the left hippocampal subfields on representative T1-weighted slices. (B) Partial regression plots showing associations between left hippocampal subfield volumes and MaxLevel, controlling for TBV and education. CA2/3 ((\beta = .45), p = .028) and CA4-DG ((\beta = .44), p = .042), but not CA1 ((\beta = .43), p = .062), were significantly associated with MaxLevel. Analyses were exploratory and uncorrected.



Figure S2. Partial regression plots for the anterior-posterior axis subdivisions of the left hippocampus. 
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	Fig. S2 Hippocampal head, body, and tail volumes and their association with training performance. (A) Segmentation of the left hippocampus along its anteroposterior axis. (B) Partial regression plots showing associations between left hippocampal head, body, and tail volumes and MaxLevel, controlling for TBV and education. Tail (β = .49), p = .002) and body (β = .44), p = .03), but not head (β = .42), p = .07), were significantly associated with MaxLevel. Analyses were exploratory and uncorrected.



Figure S3. Partial regression plots for the fneurite anterior-posterior axis subdivisions of the left hippocampus. 
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	Fig. S3 Associations between baseline left hippocampal fneurite and training performance. Partial regression plots show associations for the anterior and posterior hippocampus, controlling for education. Posterior fneurite was significantly associated with MaxLevel (β = .34, p = .03) whereas anterior fneurite (β = .28, p = .09) was not. Analyses were exploratory and uncorrected.




Figure S4. Leave-one-out cross-validation plots for the regression models of the anatomical subregions of the left hippocampus.
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	Fig. S4 LOOCV results for left hippocampal subfield models predicting MaxLevel. (A) CA2/3 model. (B) CA4-DG model. Points show observed versus LOOCV-predicted MaxLevel; solid lines indicate linear fits and shaded areas 95% CIs. R²CV = cross-validated R²; p-values were obtained using 5,000 one-tailed, continuity-corrected permutations.



Figure S5. Leave-one-out cross-validation plots for the volumetric regression models of the antero-posterior axis subregions of the left hippocampus.
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	Fig. S5 LOOCV results for left hippocampal longitudinal-axis models predicting MaxLevel. (A) Body model. (B) Tail model. Points show observed versus LOOCV-predicted MaxLevel; solid lines indicate linear fits and shaded areas 95% CIs. R²CV = cross-validated R²; p-values were obtained using 5,000 one-tailed, continuity-corrected permutations.



Figure S6. Leave-one-out cross-validation plots for the fneurite regression model of the posterior axis subregion of the left hippocampus. 
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	Fig. S6 LOOCV results for the posterior left hippocampal fneurite model predicting MaxLevel. Points show observed versus LOOCV-predicted MaxLevel; the solid line indicates the linear fit and the shaded area the 95% CI. R²CV = cross-validated R²; p-values were obtained using 5,000 one-tailed, continuity-corrected permutations.
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