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The role of age in the relationship between brain structure and
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Understanding how differences in brain structure relate to differences in cognition across the lifespan is essential for addressing age-
related cognitive decline. Since age is strongly associated with both brain structure and cognition, predictive models often risk simply
capturing age effects. To mitigate this risk, deconfounding is typically applied to remove the effects of age. Here, beyond treating age
as a confound, we treat it as a moderator by estimating brain-cognition associations separately across age groups. This captures age-
stratified changes in how brain structure and cognitive performance are statistically connected. For this view to hold, variations in brain
structure linked to differences in cognitive performance in older subjects (eg related to disease) would differ from those in younger
subjects. Using structural brain imaging data from the UK Biobank we found an asymmetry in generalisability: models trained on younger
subjects successfully predicted cognition in older subjects, but models trained on older subjects failed to generalize to younger individuals.
These findings reveal a trade-off between model specificity and generalisability, suggesting the optimal approach—whether age-specific

or pooled—depends on the research or clinical goal for the target population.
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Introduction

Identifying robust associations between brain structure and cogni-
tion is critical for both basic neuroscience and clinical applications.
Predictive models that reveal relationships between brain data (eg
structural magnetic resonance imaging (MRI)) and cognitive abilities
(eg fluid intelligence) are important for uncovering these associations,
improving our understanding of cognitive decline and neurological
disorders such as Alzheimer’s disease (Solé-Padullés et al. 2009) and
other dementias (Suzuki et al. 2019).

Capturing these brain-cognition relationships is complicated by the
fact that aging affects both brain structure and cognition in complex
ways that vary across individuals. For instance, different cognitive
abilities show different relationships with age (Horn and Cattell 1967);
crystallized abilities generally improve until 60 before plateauing,
whereas fluid abilities begin to decline from age 20 (Salthouse 2010;
Murman 2015). Similarly, different brain regions show distinct pat-
terns of age-related atrophy (Fjell and Walhovd 2010; Bethlehem
et al. 2022). The complexity increases when considering structure and
cognition together. For example, dividing adults aged 18 to 88 into

younger and older groups revealed a weaker relationship between
white matter and certain cognitive functions in older adults, suggest-
ing that some brain-cognition associations become less stable with age
(de Mooij et al. 2018).

These complexities make robust predictive modeling challenging,
particularly when accounting for age. Although age is a key variable
in certain studies of age-related conditions (Davis et al. 2018; Jack et al.
2019), itis often treated as a confound, and typically linearly regressed
out from both the brain data and cognitive variables (Bracher-Smith
et al. 2022; Azevedo et al. 2023). This approach ensures that identified
relationships are truly reflective of brain-cognition associations inde-
pendent of age, at least under assumptions of linearity. Nonetheless,
models can still show age-related bias. While such biases are well
documented for sex, ethnicity, and socio-economic status (Martin et al.
2019; Obermeyer et al. 2019; Li et al. 2022), they also arise for age
(Greene et al. 2022; Wu et al. 2023). This is consistent with evidence
that predictive models can also show limited generalisability across
behavioral domains (eg cognition vs. personality; (Chen et al. 2022).
These complexities highlight the importance of developing predictive
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approaches that perform robustly across age groups and call into
question whether age should be treated merely as a nuisance variable
to be removed.

Taken together, these considerations raise a central question: do
the brain features linked to better cognition differ between younger
and older adults, potentially shifting toward aging trajectories and
atrophy in later life, and does this limit cross-age generalisability?
To address this, we move beyond treating age solely as a linear
confound and also consider its role as a moderator of brain-cognition
relationships. Here, we use “moderation” in a broader sense to refer to
age-dependent differences in brain-cognition associations, rather than
the more orthodox estimation of a single continuous age x imaging-
derived phenotype (IDP) interaction term (Burzynska et al. 2012; de
Chastelaine et al. 2019; de Chastelaine et al. 2023). While modera-
tion is traditionally tested using continuous interaction terms, such
approaches can fail to distinguish between true interaction effects and
underlying nonlinear age relationships (Rimpler et al. 2024).

We characterize age-dependent differences using age-stratified uni-
variate analyses of structural IDPs, which allow associations to vary
flexibly across age groups. We then use cross-validated multivariate
prediction to test how well brain-cognition mappings learned in one
age group generalize to others. Given that aging involves different
underlying mechanisms (eg neurodegeneration), we hypothesize that
the structural brain features associated with cognitive performance in
older adults may differ from those in younger populations.

Using data from UK Biobank (UKB) (Sudlow et al. 2015), we show
age-dependent differences in how predictive models generalize across
age. While certain brain-cognition associations appear stable across
the lifespan, we reveal an asymmetry: models trained on younger
subjects generalize well to older subjects, but models trained on older
subjects fail to capture the relationships relevant to a younger popula-
tion. This suggests that while certain brain-cognition associations are
stable across the lifespan, there may be increased noise, variability, or
complexity in the relationships for older subjects that impact model
generalisability. These results highlight a trade-off between specificity
and generalisability, with important implications for both research
and clinical applications.

Materials and methods
UK Biobank neuroimaging and non-imaging data

We analyzed data from UKB, a large-scale neuroimaging dataset that
includes subjects aged 47 to 83 years. Our study explored the rela-
tionship between a composite cognitive measure (described below)
and 1439 structural IDPs. These IDPs comprised 1436 T1-weighted
MRI measures, including Regional and Tissue Volume, Cortical Area,
Cortical Thickness, Regional and Tissue Intensity, Cortical Gray-White
Contrast, and White Matter Hyperintensity Volumes, along with three
T2-weighted MRI measures.

Our analysis included 25,170 UKB subjects, after excluding those
with missing values for age or any of the cognitive traits used to
construct the composite measure. Structural IDPs were obtained from
the UKB imaging pipeline, which applies standard preprocessing and
quality control procedures prior to data release (Alfaro-Almagro et al.
2018). No additional study-specific exclusions based on MRI quality
or health-related criteria were applied. Missing values in structural
IDPs were imputed using the mean to maintain a larger sample
size. Overall missingness was low (2.17% of IDP entries across 1439

IDPs), with no strong age-related differences; detailed diagnostics,
including missingness by IDP category and age group, are reported
in Fig. S1.

Age was used to define analysis-specific groupings. For analyses
examining finer age-dependent variation, subjects were stratified into
quartiles, as used in the univariate modeling (Fig. S2 shows the age
distribution and quartile cut-points). For the multivariate analyses, we
split the cohort into younger and older halves at the median age to
maximize sample size per group and reduce overfitting risk in high-
dimensional models. Figure S3 shows this split and the corresponding
sex distribution, confirming similar male-female proportions within
each age group.

All participants provided informed consent, and UK Biobank
obtained ethical approval from the National Health Service National
Research Ethics Service (Ref 11/NW/0382). This study was conducted
under UK Biobank application number 8107.

Confound removal

Large-scale neuroimaging datasets such as UKB have significantly
increased the statistical power for detecting small brain-behavior rela-
tionships but have also increased the risk of confounding biases (eg
age, head motion), which may bias findings and complicate interpre-
tation (Smith and Nichols 2018). To control for confounding effects, we
linearly regressed out the confounds from both imaging and cognitive
variables.

We created a reduced set of confounds from a comprehensive
set of 562 UKB imaging confounds as described in (Alfaro-Almagro
et al. 2021; Table S1). First, we selected 17 essential confounds includ-
ing age, sex, age x sex, scanning site, head size, and head motion
(Table S2). These essential confounds were treated as explicit con-
found regressors and were excluded from dimensionality reduction.

We then summarized the remaining 545 confounds (including
additional age-related terms such as age?) using Principal Component
Analysis (PCA). PCA captured shared variance across correlated con-
founds in a smaller set of orthogonal components, avoiding redun-
dancy and multicollinearity. We retained the principal components
that together explained >85% of the total variance, consistent with
previous work using UKB confounds (Farahibozorg et al. 2021).

When PCA was fit once on the full dataset (as in the univariate
analyses), retaining components explaining >85% of variance corre-
sponded to 211 components. In the multivariate cross-validation anal-
yses, PCAwas fit within each training fold and applied to held-out data;
the number of retained components was highly stable across folds
(median 197, range 196 to 197). This captured most of the variability
of the full confound set in a lower-dimensional form while avoiding
instability from including hundreds of highly correlated variables
directly. Deconfounding was performed prior to modeling and, for
cross-validation analyses, within training folds with transformations
applied to held-out data to prevent leakage. The same confound spec-
ification (17 essential confounds plus PCA-reduced nuisance compo-
nents) was used across analyses; only the fitting procedure differed
(full-dataset fit for univariate analyses versus within-fold fitting for
cross-validated analyses).

Age-related terms were included as confounds to prevent models
from exploiting shared age dependence (ie IDPs acting as proxies
for chronological age). This deconfounding removes direct age effects
but still allows the residual IDP-cognition association to vary across
age groups, which we assess using age-stratified analyses and cross-
age generalization tests. As a diagnostic, we quantified the additional
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variance explained by age-related terms beyond non-age confounds
(Fig. S4 and Table S3).

Composite cognitive measure

Prediction accuracy for individual cognitive traits is often limited
(Pervaiz et al. 2020), and dividing the sample into age groups fur-
ther reduces statistical power. To obtain a stable and interpretable
cognitive target, we therefore constructed a composite measure from
multiple UKB cognitive traits.

Briefly, cognitive traits were first screened for sufficient data
coverage and ranked by their brain-cognition predictability using
preliminary elastic net models fitted across all subjects. Based on
this screening, the top 30 traits were selected and combined using
PCA, with the first principal component used as the final cognitive
target. Trait screening was performed once to define a consistent
outcome variable and was independent of age stratification analyses.
Full methodological details and diagnostic analyses motivating these
choices are provided in Methods S1 and Fig. S5. The robustness of
the cognitive composite to alternative construction strategies was
assessed using sensitivity analyses reported in Fig. S6.

Univariate modeling: age-moderated effects

To investigate whether associations between brain structure and cog-
nitive performance vary across the lifespan, we applied univariate
linear models to estimate age-dependent effects of individual IDPs.
This section outlines the modeling approach and describes the per-
mutation testing framework used to assess the statistical significance
of the effects.

Linear modeling of age-dependent brain-cognition
relationships

All IDPs and cognitive measures were first deconfounded to remove
confounding variance, including direct age-related effects. Impor-
tantly, this procedure removes variance explained by age itself, but
does not constrain how the residual IDP-cognition association may
differ across age-defined subgroups. As the univariate analyses did
not involve a trait-test split, deconfounding was applied once across
all subjects prior to age stratification.

To estimate age-specific brain-cognition associations, subjects were
stratified into four age quartiles (Q1-Q4). Age quartiles were used to
provide a simple, interpretable, and robust characterization of age-
dependent effects that does not rely on strong parametric assump-
tions about the functional form of age dependence. For each IDP, we
constructed four quartile-specific regressors by multiplying the IDP
by binary indicators of age quartile membership. This yielded four
coefficients per IDP, each representing the association between that
IDP and cognition within a specific age quartile.

IDPs were standardized (z-scored) within each age quartile after
deconfounding, ensuring comparability of coefficient magnitudes
across quartiles. No additional confound regressors were included
in the univariate models, as confounding effects had already
been removed from both imaging and cognitive variables prior
to analysis. Each model therefore consisted of quartile-specific
intercepts (implemented as age-quartile indicator variables) and
four quartile-specific IDP regressors. This allows baseline cognition
to differ across quartiles, ensuring slope differences reflect within-
quartile associations rather than between-quartile mean shifts.
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Under this formulation, quartile-specific coefficients quantify brain-
cognition associations after removing direct age-related variance,
and differences across quartiles reflect age-dependent differences in
association rather than residual age confounding (Rao et al. 2015).

Permutation testing of age-moderated effects

To test whether IDP-cognition associations differed across age quar-
tiles, we used permutation testing on the age-stratified regression
coefficients. Specifically, the regression model yielded four IDP coef-
ficients (one for each age quartile). For each quartile, we computed
the difference between the coefficient for each quartile and the mean
of the other three (test statistic and procedure in Methods S2).

We generated null distributions by randomly permuting subjects’
age-quartile assignments 10,000 times and recomputing these
coefficient-difference statistics (ie the quartile-versus-others con-
trasts). Permutation P-values were computed using a+ 1 correction,
yielding four P-values per IDP (one per quartile). Statistical signifi-
cance was assessed using Benjamini-Hochberg false discovery rate
(FDR) correction across all IDP x quartile tests.

In addition to testing individual IDPs, we assessed population-level
evidence for age-dependent effects using global enrichment analyses
of the permutation P-values. Specifically, we tested for non-uniformity
using a Kolmogorov-Smirnov test, estimated the proportion of
null associations using Storey’s =g, and combined evidence across
IDPs using a permutation-based Fisher test (Methods S3). These
complementary analyses provide sensitivity to weak, distributed
effects that may not survive stringent multiple-comparison correction
at the single-IDP level (Fisher 1970; Nichols and Holmes 2002; Storey
2002).

Multivariate modeling: elastic net prediction

This section describes the multivariate prediction framework used
to assess model generalization across different age groups (Fig. 1a).
To prevent information leakage and ensure comparability across age
groups and training regimes, all data preparation steps in the multi-
variate analyses were performed within cross-validation folds. This
included deconfounding of imaging and cognitive variables, feature
standardization, and construction of the composite cognitive target
via PCA, with all transformations estimated on the training data and
applied unchanged to the held-out test data, irrespective of whether
models were trained or tested on younger, older, or pooled subjects
(Snoek et al. 2019).

We used elastic net regression to predict cognition from all 1439
structural IDPs simultaneously. Unlike the univariate analyses, which
examined IDPs one at a time, this approach incorporates all structural
features together, allowing the model to capture brain-wide patterns
associated with cognition and improving predictive performance in a
way that aligns more closely with real-world or clinical applications.

Multivariate prediction using elastic net regression

Elastic net is a common approach for handling multicollinearity in
large imaging datasets while avoiding overfitting. Elastic net com-
bines the L penalty of lasso (Tibshirani 1996) and the L, penalty of
ridge regression (Hoerl and Kennard 1970), enabling both coefficient
shrinkage and sparsity in the model (Zou and Hastie 2005; Vidaurre
etal. 2013).

Let X € R™P be the design matrix with n subjects and p features, and
let y € R" be the target vector, representing the composite cognitive
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Figure 1 Multivariate prediction framework and age-based generalization schemes. a) Multivariate prediction framework. Schematic of the nested
cross-validation framework used for multivariate prediction of cognition from structural IDPs. Within each training fold, all data preparation steps,
including standardization, confound removal, and construction of the composite cognitive target via principal component analysis (PCA), were
performed using training data only to avoid information leakage. The learned PCA loadings and elastic net model coefficients were then applied to
held-out test data to generate out-of-sample predictions. b) Age-based generalization schemes. Training and testing strategies used to assess model
generalization across age groups: (i) within-age-group models, trained and tested within the same age group; (ii) across-age-group models, trained
on one age group and tested on the other; and (iii) pooled models, trained on subjects spanning the full age range (subsampled to match training set
sizes) and tested within a specific age group. The schematic illustrates a single fold of the cross-validation procedure. Across all approaches, models

were trained and evaluated on equal numbers of subjects per fold.
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measure. Following the implementation in scikit-learn, the elastic net
regression coefficients, B, are determined by:

p = argmin {5 |ly - X8|[} +« [o11811 + S21813] |

Here, o is the overall regularization strength, and p (equiva-
lent to 11_ratio in scikit-learn) controls the mix between L1 and
L2 penalties. Both hyperparameters were selected via nested
cross-validation, and all IDPs were z-scored within each training
fold (scaling applied to test folds) to ensure comparability across
predictors.

Age-split training and generalization performance

Using a fully cross-validated framework, we applied elastic net
regression with 1439 IDPs to predict cognition, dividing the population
into two equally sized age groups (younger and older halves).
We opted for two groups, rather than four as in the univariate
analyses, to simplify the analysis and ensure larger sample sizes
per group. This grouping improved model stability and statistical
power during cross-validation, while still capturing meaningful
age differences. Prior to modeling, all confounds (including age
and age-related terms such as age?) were regressed out from both
predictors and the cognitive target, ensuring that predictions reflected
brain-cognition associations independent of known confound
effects, consistent with recommended best practice in large-scale
neuroimaging analyses. Model performance was evaluated using
10-fold cross-validation, repeated 10 times with different random
partitions of the data, resulting in 100 out-of-sample performance
estimates.

The population was divided into two equally sized age groups, a
younger half and an older half. We examined six distinct training and
testing approaches, as shown in Fig. 1D:

1) Within-age-group models: Training and testing within the
same age group
a) Train: Young; Test: Young
b) Train: Old; Test: Old
2) Across-age-group models: Training in one age group and
testing in the other
a) Train: Young; Test: Old
b) Train: Old; Test: Young
3) Pooled models: Training on the entire dataset and testing
within each specific age group
a) Train: ALL; Test: Young
b) Train: ALL; Test: Old

To ensure comparability across models, we matched the sample size
of the Train: ALL dataset to each age-specific training set by randomly
subsampling subjects. This provided a standardized framework for
evaluating out-of-sample predictions across all approaches.

Differences in prediction performance between training regimes
were assessed using two-sided paired Wilcoxon signed-rank tests
across matched cross-validation repetitions, with Benjamini-Hochberg
false discovery rate correction applied across planned pairwise
contrasts. Planned contrasts included comparisons between within-
age-group, pooled, and across-age-group models, as well as direct
comparisons of young-trained versus old-trained models within each
test group to assess asymmetries in age generalization.
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Evaluation metrics

We report Pearson correlation (r), widely used in neuroimaging pre-
diction studies (Vieira et al. 2022) as the primary accuracy metric,
because it is invariant to differences in mean and variance and
therefore suitable for assessing generalisability across age groups.
In contrast, root mean squared error (RMSE) is sensitive to abso-
lute group differences, and while expressing performance as percent
improvement over a null predictor (% ARMSE) adjusts for variance, it
remains affected by mean shifts between groups. % ARMSE is there-
fore best viewed as a complementary measure, not a replacement for
correlation:

%ARMSE = 100 x (1 - ot ).

Here, RMSE,,; equals the standard deviation of the test target, ie the
variability in cognition that a naive mean predictor cannot reduce.
Given the modest effect sizes typical in brain-cognition prediction
(Rasero et al. 2021; Schulz et al. 2024), absolute improvements in
%ARMSE are expected to be small. Note that absolute accuracies
are further reduced in our design because splitting the cohort into
younger and older halves reduces the training sample size by half, but
this is necessary to evaluate age-dependent generalisability. For these
reasons, we present correlation as the headline metric in the main
text, while RMSE-based metrics are provided in the Supplementary
Information for completeness.

Results

We assessed age-dependent differences in the relationship between
brain structure and cognition by (i) testing associations between indi-
vidual IDPs and cognition across age quartiles, and (ii) evaluating the
generalisability of multivariate predictive models between age groups.

Age moderates brain-cognition associations

Using the quartile-stratified regression framework, we compared IDP-
cognition associations across age groups. This analysis revealed clear
age-dependent patterns in the regression coefficients linking brain
structure to cognition. As shown in Fig. 2a, certain IDPs exhibited dis-
tinct age-related patterns: for example, cortical thickness IDPs tend to
show stronger negative coefficients in the youngest quartile (indicated
in blue) and stronger positive coefficients in the oldest quartile (indi-
cated by red). Figure 2b presents scatterplots comparing coefficients
between quartiles, highlighting the particularly low Pearson corre-
lation between the youngest (Q1) and oldest (Q4) quartiles (r=0.16).
The variance of the cognitive outcome was similar across quartiles
(SD~2.1-2.3; Table S4, Fig. S7), and IDPs were standardized within
each quartile, confirming that coefficient differences are not driven
by unequal scaling.

As a control analysis, we repeated the quartile-stratified regres-
sion without deconfounding for age (Fig. S8). In the absence of age
deconfounding, regression coefficients were dominated by shared
age-related variance, yielding coefficient patterns that were more
consistent in sign and overall structure across quartiles than in the
deconfounded analysis (Fig. 2a). Without age deconfounding, struc-
tural IDPs can act as proxies for chronological age, such that apparent
associations primarily reflect shared age dependence rather than dif-
ferences in residual brain-cognition relationship. This control analysis
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both the IDPs and the cognitive outcome. Structural IDPs are grouped by category (regional and tissue volume, cortical area, cortical thickness, regional
and tissue intensity, and cortical Gray-white contrast). Three T2-weighted MRI measures are included at the bottom of the heatmap but are not labeled
separately due to their small number. b) Scatterplots comparing quartile-specific IDP coefficients across age quartiles. Each scatterplot compares
coefficients between two quartiles: (i) Q1 vs. Q2. (ii) Q1 vs. Q3. (iii) Q1 vs. Q4. (iv) Q2 vs. Q3. (v) Q2 vs. Q4. (vi) Q3 vs. Q4. ¢) Heatmap of Spearman’s
correlations between the absolute values of all IDP coefficients across age quartiles. Darker shades indicate stronger positive correlations, highlighting
the particularly low correlation between the youngest quartile (Q1) and the others. d) Histograms of uncorrected P-values from permutation testing
of the quartile-specific IDP-cognition regression coefficients, with one histogram per age quartile (each based on 1439 IDPs, ie one P-value per IDP
in that quartile). The red dashed lines mark the P=0.05 threshold. Under the null hypothesis of no coefficient differences across age quartiles, each
distribution would be uniform, and approximately 72 P-values (5% of 1439) would fall below this threshold by chance.

supports using explicit age deconfounding to isolate age-dependent
differences in residual brain-cognition associations.

These patterns are further summarized in Fig. S9. Fig. S9a sum-
marizes the full coefficient distributions across quartiles, illustrating
both the systematic shift in medians and the increased variability in
Q4. Figure S9b shows Bland—Altman plots of Fisher-transformed IDP-
cognition correlations across quartile pairs, revealing larger between-
quartile divergence for comparisons involving Q1 and Q4.

We next asked whether the relative importance of different brain
features changed across age groups. To investigate this, we used the
absolute value of the coefficients as a proxy for feature importance
and computed Spearman’s correlation between quartiles. Figure 2c
shows the resulting heatmap, indicating that the most predictive IDPs
in Q1 (ie the youngest subjects) differ from those in older subjects.
Specifically, the correlations between Q1 and the other quartiles were
particularly low (Q1 vs. Q2: rs=0.15; Q1 vs. Q3: r5=0.11; Q1 vs. Q4:
rs =0.11), further emphasizing the weak resemblance between Q1 and
the older age groups. The corresponding Pearson analysis is shown in
Fig. S9c, showing the same pattern.

Permutation testing of the IDP-cognition regression coefficients (see
Methods) produced 5756 P-values (1439 IDPs x 4 quartiles). After
Benjamini-Hochberg FDR correction across all IDP-quartile tests, no

individual IDP exhibited a statistically significant difference in associ-
ation across age quartiles. This pattern is consistent with the presence
of weak and distributed associations rather than a small number of
dominant features. Nevertheless, the largest age-moderation effects
were concentrated in comparisons between the youngest and oldest
quartiles. Figure S10 summarizes IDP-level effect sizes for fos — Bo1
against permutation evidence (Fig. S10a), suggesting that these effects
are most consistently expressed in cortical thickness measures at the
category level (Fig. S10b).

We therefore next assessed whether age-dependent differences
across quartiles were present at the population level, rather than at
the level of individual IDPs, by testing for systematic deviations in the
distribution of permutation P-values.

Figure 2d shows the distributions of uncorrected permutation
P-values across IDPs for each age quartile. These deviated from unifor-
mity at the distributional level for the youngest and oldest quartiles
(Q1: pks <0.001; Q4: pxs <0.001), but not for the middle quartiles
(Q2: prs=0.66; Q3: pgs=0.09). This indicates that age-dependent
differences are concentrated at the extremes of the age distribution.

To quantify this effect at the distributional level, we applied two
complementary global enrichment analyses (Methods S3). First,
Storey’s g estimates indicated a substantial excess of non-null effects
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in Q1 (7p=0.81) and Q4 (g = 0.62), but not in Q2 (79 = 0.97) or Q3 (o=
0.99). Second, a permutation-based Fisher’s combined test confirmed
strong global enrichment in Q1 and Q4 (both P <1 x 10~%), with no
evidence of enrichment in Q2 or Q3. Together, these results indicate
that age-dependent differences across quartiles are concentrated at
the extremes of the age distribution and are detectable at the level
of the IDP ensemble, even though individual IDPs do not survive
multiple-comparison correction.

In summary, beyond general age effects, the overall pattern of
structural IDP-cognition associations differed across age groups, with
evidence concentrated at the extremes of the age distribution and
apparent at the distributional level despite no single IDP surviving
multiple-comparison correction. This supports our hypothesis that
between-subject variations in brain structure associated with vari-
ations in cognition in older adults may be different from those in
younger adults.

Age-specific models outperform pooled and cross-age
generalization

Using the multivariate elastic net framework, we systematically com-
pared the out-of-sample prediction accuracy of the three training
strategies: within-age-group, across-age-group, and pooled models.
This analysis revealed a clear and consistent performance hierarchy,
as shownin Fig. 3a. Age-specific models achieved the highest accuracy
(rwirHIN-AGE-GROUP = 0.095), significantly outperforming both pooled
models (rpoorep =0.090; P=0.003) and, most strongly, models trained
on a different age group (racross-ace-Group = 0.085; P =0.003). Although
these effect sizes are modest, they were consistent and statistically
reliable. Pooled models, trained on a mix of ages, offered a robust inter-
mediate performance, in turn proving more accurate than the across-
age-group models (P=0.04). This consistent ordering (within-age-
group > pooled > across-age-group) highlights the clear advantage
of training models on data that is most representative of the test
population.

Consistent patterns were observed when accuracy was expressed
as improvement over a null RMSE (%ARMSE; Fig. S11b; raw RMSE
shown for completeness in Fig. S11a). Within-age-group models
achieved the highest gains, followed closely by pooled models, while
across-age-group models performed substantially worse. Absolute
improvements were small (<1%) as expected given the modest effect
sizes typical in this domain.

Younger-trained models generalize across age groups

We next examined whether the observed effects were symmetrical
across age groups. Figure 3b shows that models trained on younger
subjects consistently outperformed those trained on older subjects,
regardless of the testing group. Although the gap was modest when
predicting older subjects (rrg.y.TE:0=0.099 VS. I1r.0;TE: 0 =0.090;
P=0.002; mean Ar=0.008, 95% CI [0.007, 0.010]), the gap was more
pronounced for younger subjects, where older-trained models were
notably less accurate (rrg. v; Te: v = 0.100 VS. I'1R: 0; TE: v = 0.070; P =0.002;
mean Ar=0.029, 95% CI [0.026, 0.033]; Fig. S12). This suggests that
models trained on older subjects struggle to capture brain-cognition
relationships relevant to younger individuals, whereas those trained
on younger subjects remain predictive even for older individuals.
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Figure 3b further shows that the effect of training strategy
depended on the test group. For younger subjects, within-age-
group models achieved the highest accuracy, outperforming both
pooled (rrr:.y:TE:y=0.100 VSs. IR arL; TE:Y=0.089) and across-age-
group models (rTR: Y;TE: Y = 0.100 vs. IR O;TE:Y = 0.070; P=0.002).
For older subjects, performance was more similar across condi-
tions: within-age-group and pooled models performed comparably
(rTR: 0;TE:0 = 0.090 vs. rrg: ALL; TE: O = 0.091; P=1.00), while younger-
trained models outperformed pooled models (rrg.y:TE: 0 =0.099
VS. It aLL; TE: 0 = 0.091). Importantly, the correlation-based pattern
was robust to alternative, more conservative cognitive composite
construction strategies, including independent trait selection and a
composite built from all traits with high coverage (Fig. S6).

RMSE-based accuracy metrics are provided in Fig. S11c and S11d.
These broadly supported the correlation-based findings, while also
illustrating how between-group variance differences can affect RMSE-
based measures.

Overall, these results demonstrate a key asymmetry in generaliza-
tion, where brain-cognition patterns from a younger population serve
as a more generalisable model, while patterns unique to an older
population do not. These analyses highlight a trade-off between model
generalisability and age-group specificity.

Older-trained models favor stronger regularization

To better understand these performance differences, we examined
the models’ hyperparameters. As shown in Fig. 4a, models trained on
older subjects consistently selected higher levels of regularization («)
than those trained on the full population, both when tested on younger
subjects (eetRr: 0: TE: Y = 7.87 VS. a1R: ALL: TE: Y = 4.97) and on older subjects
((XTR: 0;TE:0 = 8.40 vs. OTR: ALL; TE: O = 5.17). By contrast, models trained
on younger subjects used lower levels of regularization, closer to
pooled models (aTr: Y; TE:O = 5.00; aTR: Y;TE: Y = 6.20).

These results suggest that models trained on older subjects tend
to select stronger regularization to avoid overfitting, consistent with
higher noise levels or greater inter-subject variability in this group.
Models trained on younger subjects, or on pooled samples that include
younger individuals, require less regularization, which may explain
why pooled models perform comparably to those trained only on
older subjects. Although including younger subjects in pooled models
may introduce distributional bias when testing on older subjects,
their lower noise levels reduce the need for regularization and help
preserve predictive signal.

An analogous analysis of the elastic-net mixing parameter (p; equiv-
alent to the L1 ratio in scikit-learn) is provided in Fig. S13. Age-specific
models (Train: Young and Train: Old) consistently selected ridge-like
solutions (L1 ratio ~ 0, ie favoring shrinkage of all coefficients rather
than sparsity), whereas pooled models showed small but non-zero L1
ratios (0 to 0.25). This indicates that the principal difference across
training strategies lies in the strength of regularization (), rather than
in the balance between L1 and L2 penalties.

Figure 4b shows that models trained on older subjects had con-
sistently smaller mean absolute regression coefficients across IDP
categories, relative to younger-trained models. The largest relative
reductions were observed in Regional and Tissue Volume (31.7%
across 646 IDPs), Cortical Area (26.5% across 372 IDPs), and Cortical
Thickness (22.9% across 306 IDPs). Smaller but consistent reductions
appeared in Regional and Tissue Intensity (19.8% across 41 IDPs) and
Cortical Gray-White Contrast (16.9% across 70 IDPs). Given the larger
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distribution across cross-validation repetitions.

number of IDPs in the first three categories, these reductions are likely
to have the greatest impact on model performance. Pooled training
produced intermediate values across all categories, consistent with the
idea that including a broader age range stabilizes coefficient estimates
by averaging over age-specific variability.

Discussion

Accounting for the influence of age is essential when studying brain-
cognition relationships. While the standard approach is to remove age
as a confound, we suggest it is more appropriate to treat age as a
moderator, finding that the statistical links between brain structure
and cognition vary significantly across the lifespan. Importantly, we
use “moderation” broadly to refer to age-dependent reorganization of
brain-cognition relationships, which is not necessarily well captured
by the orthodox approach of fitting a single linear age x IDP interac-
tion term.

Although absolute prediction accuracies were modest (r~0.07-
0.10), they are consistent with prior large-sample neuroimaging stud-
ies after accounting for sample size and deconfounding (Rasero et al.
2021; Schulz et al. 2024). Our focus was not maximizing absolute
accuracy, but assessing whether the brain-cognition relationships gen-
eralize across age groups. This question revealed clear age-dependent
differences in generalisability.

A key design choice was to treat age as a confound and regress
out direct age effects to avoid results being driven by shared age
dependence in IDPs and cognition. We then test whether the residual
brain-cognition mapping differs across age groups using stratified

and cross-age generalization analyses. In control analyses without age
deconfounding, associations largely track chronological age (ie IDPs
act as proxies for age), making age-group differences harder to detect.

Age-dependent reorganization of brain-cognition
associations

The quartile-based univariate analyses indicate that brain-cognition
relationships differ across the adult lifespan. Coefficients and feature-
importance rankings showed only modest agreement across quartiles,
with the weakest consistency at the extremes of the age distribution.
The overall signal was weak and distributed rather than driven by
a small set of dominant IDPs, and sign reversals in some feature
classes (eg cortical thickness) suggest that the structural correlates of
cognition shift with age, potentially reflecting greater heterogeneity in
aging-related processes later in life. Together, these findings provide a
univariate perspective on why cross-age prediction may not transfer
uniformly between age groups.

Generalization asymmetry and its link to age-related
variability

Previous studies have reported age-related differences in prediction
generalisability (Yu and Fischer 2022); we extend this in UKB using an
age-stratified generalization framework. We observed an asymmetry
in how predictive models generalize across age. Models trained on
younger subjects generalized well to older subjects, likely capturing
foundational brain-cognition relationships that remain stable with
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age. In contrast, models trained on older subjects generalized poorly
to younger individuals.

Our analysis of the model’s hyperparameters suggests one pos-
sible reason for this asymmetry. Older-trained models consistently
selected stronger regularization to prevent overfitting, which is con-
sistent with higher noise levels (Nomi et al. 2024) or greater inter-
subject variability in this group. Including younger subjects, as in
the pooled models, appears to stabilize coefficients by reducing this
need for high regularization. This suggests that the brain-cognition
relationship in older age is complicated by additional sources of
variance—such as differential neurodegeneration or comorbidities—
making it harder to learn a pattern that generalizes back to the more
homogeneous younger population. Consistent with this, within-age-
group models performed better than across-age-group models. This
highlights the benefit of training on data matched to the test set
distribution.

Practically, this suggests a trade-off between specialization and
robustness: age-specific models can maximize within-group accuracy
but may be unstable out-of-distribution, especially when trained on
older participants. By contrast, pooled training provides more con-
sistent generalization across age groups, and may be preferable for
heterogeneous cohorts or when the target age range is uncertain.

Limitations and next steps

We concentrated on structural IDPs for their robust age trends, high
test-retest reliability, larger UKB sample coverage than fMRI, and
reduced sensitivity to age-related motion. However, functional con-
nectivity can yield higher prediction accuracy (Ooi et al. 2022; Soch
et al. 2022).

In this work, we focused on the first principal component derived
from cognitive traits. However, cognition comprises multiple subdo-
mains, and age may influence structure-cognition associations differ-
ently across domains (Van Petten 2004; Yuan and Raz 2014; Cacciaglia
et al. 2018). An important next step is to repeat these analyses using
domain-specific composites to test the generality of the age-stratified
patterns.

Poorer generalization in older-trained models may partly reflect
the higher prevalence of age-related comorbidities (eg hypertension,
diabetes, cardiac disease), which can affect brain structure (Cox et al.
2019). Robustness could be assessed by restricting analyses to health-
ier participants and/or adjusting for these conditions. In addition,
future work could account for global or regional atrophy (eg total gray
matter volume or regional volume measures) and explicitly quantify
how much of the age-dependent association is mediated by atrophy
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versus residual variance beyond atrophy, helping distinguish decline-
related from non-decline-related effects.

Finally, UKB spans mid-life to older adulthood, so we cannot test
whether the same age-stratified patterns emerge in younger adults or
other typically developing cohorts. With the increasing availability of
datasets that include younger age ranges (eg the Human Connectome
Project—Young Adult (HCP-YA)), future studies could apply the same
framework to earlier stages of the lifespan to test whether similar
cross-age generalization patterns are observed. Alongside broader age
coverage, continuous age-varying coefficient models could capture
nonlinear effects more precisely and help identify specific ages at
which brain-cognition relationships change, and could be combined
with stronger confound control (eg propensity score matching;
Rosenbaum and Rubin 1983) to improve robustness (Power et al.
2012).

Conclusion

This work demonstrates that the link between brain structure and
cognition is not fixed but changes across the adult lifespan. A central
finding was an asymmetry in generalisability: models trained on
younger subjects predicted cognition in older individuals, whereas
models trained on older subjects did not generalize to younger indi-
viduals. This reveals an important trade-off for researchers and clini-
cians building predictive models, and the optimal approach depends
directly on the intended goal.

For example, in situations requiring high accuracy within a specific
target group (eg clinical diagnostics), an age-specific model may be
preferable. However, in situations requiring a model to generalize reli-
ably across a diverse, mixed-age population, a pooled model trained
on all ages provides more stable and broadly applicable predictions.
Recognizing this trade-off is essential for improving prediction models
in both research and clinical settings, ensuring that predictions are
optimal for the intended population.
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