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ing (ML) performance by allowing high-magnitude 
features to dominate distance-based calculations and 
model optimization. Following recent practices (X. Li 
et al., 2023; Sangchooli et al., 2025), logarithmic transfor-
mation was applied to FBC values before ML analyses 
with NBS-Predict.

2.8.  NBS-Predict pipeline

Whole-brain (log)FBC matrices were analyzed using 
NBS-Predict (www​.nitrc​.org​/projects​/nbspredict), a mul-
tivariate ML pipeline integrating network-based feature 
selection with predictive modeling under a cross-
validation framework. Repeated 10-fold nested cross-
validation (10 repetitions; 100 train–test partitions) 
ensured robust generalizability. The outer loop assessed 
model performance on held-out data; the inner loop per-
formed grid search (5 steps) to optimize hyperparame-
ters. Within each training fold, a general linear model 
(GLM) was fitted to each edge, with FBC as the depen-
dent variable and F3, age, biological sex, and estimated 
intracranial volume (eITV) as predictors, using a threshold 
of p  <  0.01 (Serin et  al., 2021). A breadth-first search 
(BFS) algorithm (Hopcroft & Tarjan, 1973) identified the 
largest connected (graph) component among suprath-
reshold edges, constraining model input to biologically 
plausible subnetworks rather than isolated edges. Given 
the high feature-to-sample ratio (13,312 edges for 
N  =  225), this network-based constraint is critical for 
dimensionality reduction.

On average, 320.3 edges were selected per fold 
(2.41% selection rate). Features were min–max scaled 
within each fold using MinMaxScaler, to prevent informa-
tion leakage. Two regression algorithms were evaluated: 
L2-regularized linear regression (lambda = 1–1,000) and 
linear support vector regression (svmR; lambda = 0–1,000). 
Hyperparameters were tuned in the inner loop, and the 
best-performing model (svmR) was retained for final 
evaluation.

Predictive performance was quantified using Pear-
son’s correlation coefficient (r) between predicted and 
observed F3 scores; explained variance (R²) served as a 
secondary metric. Statistical significance was assessed 
via 1,000 permutation tests, in which F3 scores were ran-
domly shuffled to generate a null distribution (p < 0.05, 
family-wise error corrected). The final weighted matrix 
(predictive network) was constructed by averaging edge 
weights across all folds, capturing both selection fre-
quency (range: 0 = never selected, 1 = always selected) 
and contribution to model performance. Model stability 
was quantified as the consistency of feature selection 
across folds via the Jaccard similarity coefficient. For 
svmR, mean stability was 0.493 (range: 0.36–0.593); for 

linear regression, 0.387 (range: 0.271–0.585). Analyses 
were implemented in MATLAB using a fixed random seed 
(42) for reproducibility.

2.9.  Network-level inference

For network-level inference, each region in the predictive 
network was assigned to one of eight canonical brain net-
works (Yeo et al., 2011)—subcortical, limbic, visual, sen-
sorimotor, ventral and dorsal attention, frontoparietal, and 
default mode—based on a precomputed mapping from 
Genc et  al. (2024). To account for differences in edge 
count across network pairs, the mean absolute predictive 
weight per pair was computed and tested against a spa-
tial null distribution by permuting node-to-network assign-
ments (N  =  5,000). P-values reflect the probability that 
permutation weights exceed or equal the observed value; 
q-values control the false discovery rate (FDR) across the 
36 network pairs. Permutation-based confidence inter-
vals were estimated from the alpha/2 and 1−alpha/2 
quantiles of the null distribution. Standardized effect sizes 
are reported as z-scores: (observed prediction strength − 
mu permutation)/sigma permutation, where mu and  
sigma refer to the mean and standard deviation of the 
permutation-derived null distribution, respectively.

2.10.  Mediation and moderation models

Subcortical connectivity (SubC), which exhibited the 
strongest predictive contribution for decoding musical 
training, was entered into separate structural equation 
modeling (SEM) and regression-based moderation analy-
ses. To avoid circularity, the subcortical connectivity 
index (SubC) was computed from the original, pre-NBS-
Predict log(FBC) matrices rather than from NBS-Predict-
selected features. SubC was defined as the mean 
log(FBC) across all edges linking the 16 subcortical to the 
148 cortical regions, yielding a single global subcortical–
cortical connectivity measure per participant. Of the 225 
participants, 3 lacked WAIS-IV data; the remaining sub-
sample (N = 222) was used for mediation and moderation 
analyses. SEM was conducted using the lavaan R pack-
age with full information maximum likelihood (FIML); 
exogenous predictors were treated as fixed. Moderation 
used ordinary least squares (OLS) regression. Age, bio-
logical sex, and IQ were included as covariates in 
both models, given their documented associations with 
musical training (Corrigall & Schellenberg, 2015; 
Criscuolo  et  al., 2019; Swaminathan & Schellenberg, 
2018; Theorell et al., 2015). All continuous variables were 
z-standardized prior to modeling.

For mediation, the model specified F3 → SubC (a-path) 
and SubC → MET (b-path), plus the direct path F3 → 

http://www.nitrc.org/projects/nbspredict
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MET (c′-path), adjusting for covariates. The indirect effect 
(a × b) was quantified using bias-corrected and acceler-
ated (BCa) bootstrapped 95% confidence intervals (5,000 
resamples). Mediation was tested via a likelihood-ratio 
comparison of the full model to a nested model with the 
b-path removed (delta-df = 1). The moderation analysis 
tested the F3 x SubC interaction term in the OLS model: 
MET ~ F3 + SubC + F3 × SubC + age + biological sex +  
IQ. Heteroskedasticity-consistent (HC3) robust standard 
errors assessed the interaction term. Simple slopes of F3 
predicting MET were evaluated at -1 SD, mean, and +1 
SD of SubC. Model comparison used the change in 
explained variance (delta-R²) between models with and 
without the interaction.

To separate SubC variance associated with training 
versus aptitude, edge-wise partial correlations were 
computed between each subcortical–cortical connection 
(log(FBC)) and F3 (controlling for MET, age, biological 
sex, and IQ). Edges were categorized based on the 
significance of positive partial associations (p  <  0.05, 
uncorrected): training-associated (p_F3  <  0.05 and  
p_MET ≥ 0.05), aptitude-associated (p_MET < 0.05 and 
p_F3 ≥ 0.05), and shared (p_F3 < 0.05 and p_MET < 0.05). 
Negative partial associations were excluded to maintain 
directional consistency with the aggregate SubC index. 
For each participant, log(FBC) was averaged across 
edges within each category to derive three participant-
level indices: SubC-training, SubC-aptitude, and SubC-
shared. Mediation and moderation were then repeated 
substituting SubC with each index. Because this proce-
dure constructs composite indices rather than making 
edge-level inferential claims, p-values served as feature-

selection heuristic; robustness was evaluated via sensi-
tivity analyses.

3.  RESULTS

3.1.  Sample characteristics and analytical approach

Participants (N = 225) completed the Goldsmiths Musical 
Sophistication Index (Gold-MSI) (Müllensiefen et  al., 
2013) and the Musical Ear Test (MET) (Wallentin et  al., 
2010)—a standardized assessment of musical percep-
tual discrimination in rhythm and melody—alongside 
cognitive tests from the Wechsler Adult Intelligence Scale 
(WAIS-IV) (Lichtenberger & Kaufman, 2009). Most of our 
participants were non-specialists, reporting little or no 
formal musical training (Gold-MSI F3 scores: median = 11, 
interquartile range = 8–15, min–max range = 2–42). That 
corresponds to the 11th, 5th–21st, and <1st–90th per-
centiles (lower bounds) of the normative Gold-MSI Musi-
cal Training F3 distribution in the general population 
(N = 147,633) (Müllensiefen et al., 2014) (Fig. 1; Supple-
mentary Fig​. S2; Supplementary Table S2).

For each participant, an anatomical image underwent 
parcellation using the Destrieux cortical atlas (Destrieux 
et  al., 2010) (74 homologous regions) and subcortical 
segmentation (8 homologous structures) (Fischl, 2012), 
from which fiber bundle capacity (FBC)-weighted struc-
tural connectivity matrices were constructed (Fig.  2). 
These matrices were log-transformed and entered into 
the NBS-Predict pipeline (Fig. 3), with Gold-MSI F3 as the 
outcome variable, controlling for age, biological sex, and 
estimated intracranial volume (eITV). Prediction models 

Fig. 1.  Distribution comparison of the Gold-MSI F3 scores between the current study and normative Gold-MSI data 
(Müllensiefen et al., 2014). Left panel: Overlaid histograms showing F3 score distributions for the current study (blue, 
N = 225) and normative sample (gray, N = 147,633). Dotted vertical lines mark the study median (11, red) and normative 
median (27, gray). Right panel: Comparison of sample percentiles (blue bars: actual F3 scores at each percentile within 
the study) against their normative percentile ranks (orange bars: where those scores fall in the general population). This 
comparison confirms that the sample predominantly comprises individuals with little or no formal musical training, with 
minimal representation of highly trained individuals.

https://doi.org/10.1162/IMAG.a.1325#supplementary-data
https://doi.org/10.1162/IMAG.a.1325#supplementary-data
https://doi.org/10.1162/IMAG.a.1325#supplementary-data
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(L2-regularized linear regression and linear support 
vector regression) were evaluated using repeated nested 
10-fold cross-validation, with statistical significance 
assessed via nonparametric permutation testing. To 
examine which networks mainly carry predictive informa-
tion, weights were aggregated within and between 
canonical brain networks (Yeo et al., 2011), with signifi-
cance assessed through network-level permutation test-
ing. Full analytical details, including structural equation 
modeling (SEM) and ordinary least squares (OLS) 
moderation specifications, are provided in Materials and 
Methods.

3.2.  Whole-brain structural connectivity predicts 
musical training levels

Whole-brain structural connectivity, quantified by FBC, 
significantly predicted individual differences in musical 
training (Gold-MSI F3) (Table  1). Linear support vector 
regression (svmR) achieved the highest predictive perfor-
mance, with a mean cross-validated Pearson’s coeffi-
cient of r  =  0.261 between predicted and observed 
scores, explaining approximately 7% of the variance. 
This result was statistically significant after 1,000 non-
parametric permutations (95% CI [0.253, 0.269]; 

R2  =  0.068; pperm  =  0.003). The linear regression model 
(LinReg) yielded numerically lower performance, though 
still significant (r  =  0.227, 95% CI [0.211, 0.244], 
R2 = 0.051; pperm = 0.003). Figure 4 displays the output of 
the best-performing model (svmR). Between-network 
connections constituted 86% of non-zero predictive 
edges, indicating that the signal was dominated by long-
range white-matter tracts.

3.3.  Subcortical–sensorimotor circuits carry the 
strongest predictive signal

To localize this predictive signal, we aggregated edge 
weights within and between eight canonical brain net-
works (Yeo et al., 2011). Permutation testing across 36 
network pairs, with false discovery rate (FDR) correction 
(q  =  0.01), revealed three significant pairs (Fig.  5A): 
subcortical–sensorimotor (N = 190 edges with non-zero 
weights; 95% CI [0.001, 0.0101]; q < 0.001; permutation-
based effect size z = 8.075; Fig. 5C), subcortical–ventral 
attention (N = 211 edges with non-zero weights; 95% CI 
[0.001, 0.009]; q  =  0.009; z  =  4.04), and subcortical–
frontoparietal (N = 65 edges with non-zero weights; 95% 
CI [0.0003, 0.013]; q = 0.009; z = 4.834). The subcortical 
network emerged as the single strongest contributor 

Fig. 2.  Flowchart of white-matter network construction. (A) Diffusion-weighted imaging (DWI) and synthetic T1-weighted 
anatomical images were used to construct whole-brain probabilistic anatomically constrained tractograms (ACT) of 
10 million streamlines. The structural connectivity matrices were generated from these tractograms by integration with 
Destrieux cortical parcellation (74 cortical homologs) and FSL-based subcortical segmentation (8 subcortical homologs, 
excluding brainstem). Each edge of the structural connectivity matrix (164 x 164) represents fiber bundle capacity (FBC). 
(B) Visual depiction of the FBC metric. The FBC is defined as the sum of the cross-sectional areas of axons in the fiber 
bundle. This figure takes inspiration from Smith et al. (2022).
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Fig. 3.  Schematic of the network-based statistics prediction (NBS-Predict) pipeline. Structural connectivity matrices, 
alongside demographic variables (age, biological sex), estimated intracranial volume (eITV), and Gold-MSI’s Musical 
Training Factor 3 (Gold-MSI F3) served as input data (N = 225). This algorithm implements a repeated (r = 10), nested  
10-fold cross-validation structure with feature selection, scaling, and hyperparameter tuning occurring inside training 
folds of the inner loop. Specifically, steps include (i) an outer loop that performs suprathreshold edge selection (p < 0.01), 
selection of connected components through a breadth-first-search algorithm (BFS) (feature selection), algorithm selection, 
and model evaluation on the held-out test fold; (ii) an inner loop allowing for hyperparameter optimization. Across outer 
folds, connected components selected during feature selection are weighted by the model’s out-of-sample cross-
validation (CV) scores. The output is a weighted adjacency matrix computed as the average of the adjacency matrices of 
the selected components across all outer folds. The weight assigned to each edge reflects both its frequency of inclusion 
across outer folds and the corresponding prediction performance. Statistical significance is assessed via 1,000 label-
shuffled permutations.

Table 1.  Prediction performance of regression-based machine learning algorithms used to predict musical training 
scores (Gold-MSI F3) from structural connectivity.

Rank  
(by performance) Algorithm

Repeated  
CV (r) μr

Repeated  
CV (r) σr Stability

Permutation 
score

Permutation 
p-value

1 svmR 0.261 0.013 0.493 0.261 0.003
2 LinReg 0.227 0.026 0.387 0.240 0.003

Note: Pearson’s correlation coefficient (r) was used as a performance metric. Repeated CV (r) μ represents the mean correlation 
coefficient across 10 repetitions of 10-fold cross-validation (100 train–test partitions). Repeated CV (r) σ is the standard deviation of the 
cross-validation performance scores across the 10 repetitions. Model stability was quantified as the consistency of feature selection 
across folds, computed via the Jaccard similarity coefficient between selected edge sets. The permutation score denotes the observed 
test statistic against which the null (permuted) scores were compared.
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(Fig. 5B). At the nodal level, subcortical structures (right 
thalamus, right putamen, and right pallidum) showed the 
highest number of predictive connections (Fig. 6).

3.4.  Musical training is positively associated with 
perceptual ability

Having localized the predictive signal to subcortical–
sensorimotor circuits, we next examined the behavioral 
association between training and perceptual ability used 
in the mediation and moderation models. A partial cor-
relation controlling for age and biological sex (N = 225) 
showed a small but significant positive association 
between Gold-MSI F3 scores and total MET scores 
(r = 0.15; p = 0.02) (Supplementary Fig​. S5). This associ-
ation was further supported by significant partial correla-

tions between MET scores and objective training items 
from the F3 subscale (all p < 0.001, FDR corrected) (Sup-
plementary Table S3; Supplementary Fig​. S6). In partici-
pants with 0 years of formal training (N = 88), these items 
reflect untutored musical learning and practice.

3.5.  Subcortical connectivity moderates the 
training–perception relationship

We next tested whether subcortical connectivity (SubC) 
mediated the association between musical training and 
perceptual skill, while controlling for age, biological sex, 
and IQ (N = 222; 3 participants lacked WAIS-IV data). The 
bootstrapped indirect effect was small but statistically 
detectable (F3 → SubC → MET: a × b: β = 0.032, bias-
corrected and accelerated 95% CI [0.004, 0.080]), indi-

Fig. 4.  Main results of NBS-Predict using the support vector regression (svmR) algorithm. The weighted network is 
plotted on a circular connectogram, with nodes grouped by network (referenced in the accompanying glass brain). Edge 
color reflects predictive weight, with warmer hues indicating the connections with stronger predictive contribution (range: 
0.0–0.25). The figure shows two prominent network pairs with less sparse bundles (i.e., highest predictive contributions): 
subcortical–sensorimotor and subcortical–ventral attention circuits.

https://doi.org/10.1162/IMAG.a.1325#supplementary-data
https://doi.org/10.1162/IMAG.a.1325#supplementary-data
https://doi.org/10.1162/IMAG.a.1325#supplementary-data
https://doi.org/10.1162/IMAG.a.1325#supplementary-data
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Fig. 7.  Cross-sectional mediation and moderation analyses (N = 222). These models characterize conditional 
associations among Gold-MSI Musical Training (F3), subcortical–cortical connectivity (SubC), and MET performance. Links 
in the diagrams do not establish temporal or causal pathways. (A) Mediation analysis: top, path diagram with standardized 
coefficients (β); bottom, standardized direct (c′), indirect (a×b), and total effects with 95% bootstrap confidence intervals 
(n = 5,000). (B) Moderation analysis: top, path diagram with standardized coefficients (β), including the interaction term 
(F3 × SubC); bottom, moderation plot showing predicted F3–MET slopes at three SubC levels (−1 SD, mean, +1 SD) 
derived from the continuous interaction model. Observed data points are binned into SubC tertiles for visualization only. 
Covariates (age, biological sex, and IQ) were not included in the figure. Abbreviations: F3, musical training scores; SubC, 
subcortical connectivity; MET, Musical Ear Test (total score).

Table 2.  Standardized coefficients (β), 95% confidence intervals, and p-values for mediation model paths linking musical 
training (Gold-MSI F3), subcortical connectivity (SubC), and perceptual ability (MET), controlling for age, biological sex, 
and IQ (N = 222).

Path Nodes connected β (std.) SE 95% CI p-value

a F3 -→ SubC 0.246 0.077 [0.09, 0.397] 0.001 **
b SubC → MET 0.131 0.062 [0.008, 0.255] 0.036*
c’ F3 → MET (direct) 0.11 0.059 [-0.009, 0.227] 0.065
ab Indirect effect 0.032 0.018 [0.003, 0.08] Bootstrap CI used for inference
c Total effect 0.142 0.060 [0.0217, 0.259] 0.01 *

Significance thresholds: *p ≤ 0.05, **p ≤ 0.01.

association between training and music-perceptual 
skills. This finding complements prior cortico-centric and 
expert–novice frameworks of musical expertise by show-
ing that subcortical–sensorimotor connectivity carries the 

strongest predictive information regarding graded varia-
tion in musical training among non-specialists.

Our regression-based framework differs in two 
respects from previous machine learning (ML) approaches 
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to musical expertise, which have predominantly relied on 
task-based (Ribeiro & Thomaz, 2019; Saari et al., 2018) 
and resting-state functional neurophysiology (EEG/MEG) 
(C. Klein et al., 2016) to classify musicians versus non-
musicians. First, functional measures are optimized to 
capture transient, state-dependent activity rather than 
neuroanatomical features that reflect experience-
dependent adaptations, which are better captured by 
structural data (Hyde et al., 2009a; Scholz et al., 2009; 
Zatorre et al., 2012). Trait prediction from structural con-
nectomes exhibits substantially higher replicability than 
prediction of transient states (Kotikalapudi et al., 2025). 
Second, binary classification neglects the continuous 
distribution of musical experience across individuals. 
Formal training and untutored learning represent end 
points on a spectrum that varies in context, style, and 
goals (Folkestad, 2006; Veblen, 2018)—nuances that 
binary classification inherently neglects, precluding 
subject-level predictions along a graded continuum 
(Kanai & Rees, 2011). Also, categorizing musicians and 
non-musicians relies on arbitrary definitions, such as the 
number of years of formal music instruction (Ilari & Habibi, 
2023), which is inconsistent across studies (Daly & Hall, 
2018; J. D. Zhang et al., 2020), and in its essence does 
not capture the complexity of the musical experiences of 

individuals (Zentner & Gingras, 2019). By modeling train-
ing as a continuous variable, we capture the multifaceted 
nature of musical engagement (Folkestad, 2006; Putkinen 
et al., 2013). This approach extends the focus from fea-
tures that distinguish experts from novices (Penhune, 
2019) to those predicting individual training history and 
engagement, moving closer to understanding how brain 
architecture relates to learning potential in non-specialist 
adults within the general population (Cogo-Moreira & 
Lamont, 2018; Müllensiefen et al., 2014).

The observed effect size for the significant association 
between structural connectivity and musical training 
(R² = 0.068, r = 0.26) is modest but expected given the 
multifactorial nature of musical expertise, shaped by neu-
rogenetic, cognitive, environmental, and experiential fac-
tors (Mosing et al., 2014; Ullén et al., 2016). It is consistent 
with other well-powered, cross-validated studies predict-
ing individual differences in behavioral and cognitive 
measures from brain connectivity (Dubois et  al., 2018; 
Serin et al., 2021; Shafiei et al., 2024). In-sample variance 
is virtually always an overly optimistic estimate of true 
predictive accuracy because model parameters are opti-
mized to the training data, thus fitting sample-specific 
noise (Yarkoni & Westfall, 2017). When the ratio of predic-
tors to sample size is high, this inflation is substantial, 

Table 3.  Standardized regression coefficients (β), standard errors (SE), test statistics (t or F), and p-values (two-tailed) 
for the moderation analysis testing the interaction between F3 and subcortical connectivity (SubC), controlling for age, 
biological sex, and IQ (N = 222).

Component Estimate SE T-value F-value p-value

Interaction model
F3 0.063 0.067 0.942 0.346
SubC 0.125 0.063 1.96 0.05
Interaction term 
(F3 × SubC)

0.128 0.054 2.354 0.019

Conditional effects (simple slopes)
Low SubC (–1 SD) -0.06 0.095 -0.69 0.488
Mean SubC (0) 0.063 0.065 0.97 0.331
High SubC (+1 SD) 0.192 0.066 2.9 0.004**

Model comparison
R² (Base Model) 0.167
R² (Interaction Model) 0.188
ΔR² 0.021 F(1, 215) = 5.545 0.019*

The table includes the base model, the interaction model, conditional effects (simple slopes) at three levels of SC–SM, and nested model 
comparison statistics. Significance thresholds: *p ≤ 0.05, **p ≤ 0.01.

Table 4.  Exploratory decomposition of SubC in training-related (SubC-training), aptitude-related (SubC-aptitude), and 
shared-related connectivity (SubC-shared), with mediation and moderation results (N = 222).

Edge class (index)

Number of 
edges  

(% of 1,696)

Mediation:  
indirect effect (BCa 

95% CI) p

Moderation: 
interaction β 

(HC3 SE) p

Competing  
model: interaction 

β (HC3 SE) p

SubC-training 123 (7.25%) 0.024 (-0.023, 0.080) 0.354 0.196 (0.050) 0.00011 0.13 (0.048) 0.0079
SubC-aptitude 68 (4.01%) 0.042 (-0.034, 0.120) 0.276 -0.053 (0.055) 0.337 -0.096 (0.066) 0.149
SubC-shared 19 (1.12%) 0.078 (0.039, 0134) 0.00096 0.133 (0.059) 0.0258 - -
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with simulations showing that 50 subjects and 20 weak 
predictors yield an in-sample variance explained of 0.45 
but an out-of-sample variance of only 0.02 (Yarkoni & 
Westfall, 2017). This is why the small- and within-sample 
correlation studies that dominate the musical-expertise 
literature (Abdul-Kareem et  al., 2011; Bengtsson et  al., 
2005; Chaddock-Heyman et al., 2021; Foster & Zatorre, 
2010; Groussard et al., 2014; Seither-Preisler et al., 2014; 
Sluming et al., 2002; Steele et al., 2013) tend to inflate 
effect sizes and often fail to generalize to new samples of 
individuals (Poldrack et al., 2017). Such studies of musi-
cal expertise have offered an initial, exploratory view of 
potential brain–behavior associations (Gabrieli et  al., 
2015; Poldrack et al., 2017), but their effects would be 
expected to shrink substantially when tested in indepen-
dent samples (Button et al., 2013). Cross-validation com-
bined with a large sample yields more realistic estimates 
of generalizability, and our pipeline was built to this end: 
NBS-Predict reduces dimensionality through network-
based feature selection (retaining only the largest con-
nected component) and nested cross-validation, with 
regularization further constraining overfitting (Serin et al., 
2021). The resulting estimate falls within the range that 
large-scale benchmarking associates with reliable repli-
cation: structural connectome predictions replicate well 
at moderate sample sizes (N  <  300) once variance 
explained exceeds approximately 5%, whereas associa-
tions below 2% generally require much larger samples 
(N > 400) and have limited practical utility (Kotikalapudi 
et  al., 2025). In these studies, replicable effects across 
phenotypes have been demonstrated with discovery 
samples averaging N  =  171–228 (N  =  150 for trait-like 
measures) (Kotikalapudi et  al., 2025). Our effect (≈7%) 
and sample (N = 225) fall within this replicable range.

Subcortical–sensorimotor connectivity emerged as 
the strongest predictor of musical training scores, sug-
gesting that subcortical pathways may play a more prom-
inent role in music-related plasticity than previously 
recognized. Structural connectivity studies comparing 
musicians and non-musicians remain scarce in the litera-
ture, and heterogeneous in their findings (Moore et  al., 
2014). Most report training-related differences in cortical 
regions, notably the arcuate fasciculus (Brown et  al., 
2015; Herholz et  al., 2016; Herholz & Zatorre, 2012; 
Pando-Naude et  al., 2021) and corpus callosum 
(Bengtsson et al., 2005; Schlaug et al., 1995; Schmithorst 
& Wilke, 2002), particularly for early trained individuals 
(Bengtsson et al., 2005; Schlaug et al., 1995). Evidence 
for subcortical–cortical sensorimotor pathways is limited, 
with descending motor pathways examined as primary 
tracts of interest in only a few studies (Engel et al., 2014; 
Imfeld et al., 2009; Rüber et al., 2015) and inconsistent FA 
directions reported: lower in some (Imfeld et  al., 2009; 

Schmithorst & Wilke, 2002) and higher in others 
(Bengtsson et  al., 2005; Han et  al., 2009; Rüber et  al., 
2015). Andrews et  al. (2021) is the only study to have 
reported an effect in the striatal pathway (the sagittal stri-
atum). Thalamo-cortical and cortico-striatal pathways—
the white-matter projections through which the thalamus 
projects to sensorimotor cortices and through which sen-
sorimotor cortices project to the striatum, respectively 
(Behrens et al., 2003; Verstynen et al., 2012)—have not 
been examined as primary targets in any prior diffusion 
MRI study on musical expertise. Our findings suggest 
that, in adults with predominantly little or no formal musi-
cal training, accumulated musical experience is most 
strongly associated with these subcortical–cortical pro-
jections. These pathways form components of cortico-
basal ganglia–thalamo–cortical loops implicated in 
musical processes, including millisecond-precision tim-
ing in rhythm perception, beat tracking, and synchroniza-
tion (Cannon & Patel, 2021; Patel & Iversen, 2014; 
Schwartze et al., 2011; Toiviainen et al., 2020): core abili-
ties underpinning musical listening expertise across the 
general (non-specialist) population. Importantly, these 
circuits are not music specific; they also support proce-
dural learning and temporal processing across domains, 
including motor sequence learning and predictive timing 
(Colder, 2015; Wolff et al., 2022). These circuits are phy-
logenetically conserved and strongly heritable (Milardi 
et  al., 2019), potentially providing a stable anatomical 
scaffold that may be shaped by training for music skill 
acquisition in humans (Dehaene & Cohen, 2007).

Our results show that subcortical–cortical pathways of 
the predictive network have a right-dominant profile, with 
subcortical hubs (right thalamus, putamen, and pallidum) 
exhibiting the highest degree. Existing evidence on the 
lateralization of descending motor and internal-capsule 
pathways comes almost exclusively from studies of 
expert musicians (Criscuolo et al., 2022), leaving it unclear 
whether similar patterns hold in individuals with moder-
ate, little, or no formal training. Some diffusion studies of 
expert musicians have described right-sided or right-
weighted effects. Bengtsson et  al. (2005) found that 
childhood practice correlated with FA in the bilateral pos-
terior internal capsule, whereas the difference between 
musicians and controls was significant only in the right 
posterior internal capsule. Han et  al. (2009) similarly 
reported higher FA in the right posterior limb of the inter-
nal capsule in pianists. Rüber et al. (2015) further showed 
that FA in right-hemispheric pyramidal and alternate 
motor fiber tracts was higher in both keyboard and string 
players, whereas left-hemisphere effects were present 
only in keyboard players, suggesting that left-sided 
adaptations may depend more strongly on instrument-
specific bimanual demands. Giacosa et  al. (2019) also 


