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Brain-wide associations between white matter and age
highlight the role of fornix microstructure in brain ageing
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o ) Unveiling the details of white matter (WM) maturation throughout ageing is a funda-
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data across midlife and older age (N = 35,749, 44.6-82.8 years of age). Conventional
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associations indicate a steady microstructure degeneration with increasing age from

approaches, showing different aspects of WM contributing to brain age. Fornix was
found as the central region for brain age predictions across diffusion approaches in
complement to forceps minor as another important region. These regions exhibited a
general pattern of positive associations with age for intra axonal water fractions, axial,
radial diffusivities, and negative relationships with age for mean diffusivities, frac-
tional anisotropy, kurtosis. We encourage the application of multiple dMRI
approaches for detailed insights into WM, and the further investigation of fornix and

forceps as potential biomarkers of brain age and ageing.
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1 | INTRODUCTION

Along the past decades, neuroscientific research, and particularly mag-
netic resonance imaging (MRI) have increased our understanding of
the biological mechanisms associated with brain tissue maturation and
ageing effects (Grady, 2012; Symms et al, 2004; Wrigglesworth
et al, 2021). A fundamental basis for that are large-scale MRI data-
bases, such as UK Biobank (UKB; Sudlow et al., 2015) or the Human
Connectome Project (Van Essen et al., 2012), allowing one to provide
larger generalizability for revealed effects (Marek et al., 2022). Simulta-
neously, large-scale data provide sufficient power for the application
of advanced multivariate statistical models, and machine learning
(ML) techniques. Brain age prediction is an example of such technique,
translating large amounts of complex multidimensional data into practi-
cally interpretable outputs. Brain age prediction involves training a ML
model to determine trajectories of brain ageing from a series of brain
MRI features. Once the model is trained, it can predict the age of
brains not included in the training data. The disparity between chrono-
logical age and predicted age, the so-called brain age gap (BAG), can be
used as an indicator of various disorders and potentially general health
status (Beck et al., 2022; Cole et al., 2017; Franke & Ten Gaser, 2019;
Kaufmann et al., 2019; Leonardsen et al., 2021). For example, BAG has
been associated with stroke history, diabetes, smoking, alcohol intake,
several cognitive measures (Cole, 2020; Leonardsen et al., 2021), car-
diovascular risk factors (Beck et al., 2022), stroke risk (de Lange
et al,, 2020), and loneliness (de Lange et al., 2021), mortality risk, differ-
ent brain and psychiatric disorders, particularly Alzheimer's disease and
schizophrenia (Cole & Franke, 2017; Franke & Ten Gaser, 2019;
Kaufmann et al., 2019; Rokicki et al., 2021). Yet, the effect of brain age
on brain maturation remains unclear (Vidal-Pineiro et al., 2021), indi-
cating the need for further investigation.

BAG and age trajectories offer paths toward a better understand-
ing of the ageing brain. There are various detectable age-related brain
changes, such as GM and white matter (WM) atrophy (Lawrence
et al., 2021), WM de-differentiation (Cox et al., 2016a), and functional
connectivity changes (Wrigglesworth et al., 2021) which have hence
informed the choice of brain-age modeling-parameters (Beck
et al,, 2021; Beck et al., 2022; Cole, 2020; de Lange et al., 2020; Le
Chen et al., 2020; Richard et al., 2018; Salih et al., 2021). In that con-
text, many ML approaches have been used to make robust and clini-
cally relevant brain age predictions from different MRI modalities
(Baecker et al., 2021; Dosenbach et al., 2010; Franke et al., 2010;
Kaufmann et al., 2019); yet, particularly the eXtreme Gradient Boost-
ing (Chen & Guestrin, 2016) regressor model, using a decision tree
approach, is increasingly used for brain age predictions from large-
scale data due to its precision and speed (Beck et al., 2021; de Lange
et al,, 2019; Kaufmann et al., 2019). Especially diffusion magnetic res-
onance imaging (dMRI) and structural MRI have been shown useful
for brain age predictions (Beck et al, 2021; Beck et al., 2022;

Cole, 2020; de Lange et al, 2020; Le Chen et al., 2020; Richard
et al., 2018; Salih et al., 2021). However, further systematic, suffi-
ciently powered assessments of dMRI-derived brain age and how dif-
fusion metrics map onto age are needed. To this end, there are only a
few publications about the influence of diffusion derived metrics on
brain age predictions. Moreover, studies on the relationships between
age and diffusion metrics usually focus on diffusion tensor imaging
(DTI; Basser et al., 1994). In turn, advanced dMRI approaches
(Fieremans et al., 2011; Jensen et al., 2005; Kaden et al., 2016a;
Kaden et al., 2016b; Novikov et al., 2019; Reisert et al., 2017; Westlye
et al., 2010) which offer additional details on WM microstructure and,
hence, brain maturation processes require further research. In order
to address this shortcoming, this study focusses in dMRI-derived mea-
sures from a large midlife-to-older adult sample and the measures'
associations with age.

DMRI-derived measures consist of unique parameters allowing
both to reveal WM changes at micrometer scale and to provide the
basis for a prediction of macroscopic outcomes, such as age. Conven-
tionally, WM brain architecture is described using DTl (Basser
et al, 1994). However, recent advances offer more biophysically
meaningful approaches (Novikov et al., 2019), and sensible foundation
for cross-validation and better comparability (Beck et al., 2021). DTI-
derived measures, namely fractional anisotropy (FA), and axial (AD),
mean (MD), and radial (RD) diffusivity have all been shown to be
highly age sensitive (Beck et al., 2021; Cox et al., 2016a; Westlye
et al., 2010). Nevertheless, the DTI approach is limited by the Gauss-
ian diffusion assumption and is unable to take into account entangled
WM microstructure features (Beck et al., 2021). In the present work,
we consider (1) the Bayesian rotationally invariant approach (BRIA;
Reisert et al., 2017), (2) diffusion kurtosis imaging (DKI; Jensen
et al., 2005), (3) kurtosis derived supplement, known as white matter
tract integrity (WMTI; Fieremans et al., 2011) (4) spherical mean tech-
nique (SMT; Kaden et al., 2016a), and (5) multi-compartment spherical
mean technique (mcSMT; Kaden et al., 2016b) in addition to DTI. Only
a few studies have compared dMRI models directly as original brain
age predictors (Beck et al., 2021; Maximov et al., 2021; Raghavan
et al., 2021). Yet, brain age and age curve assessments of DTI, BRIA,
DKI, WMTI, SMT, mcSMT (Table S10) in a representative sample pre-
sent a great interest, as well as most influential WM regions for brain
ageing. Our assessments focus on the process of ageing (from midlife
to late adulthood), starting by associating BAG across diffusion
approaches and compare-predicted versus chronological-age correla-
tions in order to assess predictors' consistency. As fornix was identi-
fied as most contributing feature in these predictions, and forceps
minor as another influential region, post-hoc analyses focused on both
fornix, forceps minor, and whole-brain relationships with age. Fornix
was the strongest correlate of age, and fornix and forceps minor fea-
tures were highly correlated across approaches. Finally, we created
fornix, forceps minor, and whole-brain-age curves expecting
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curvilinear relationships reflecting brain-tissue-composition at differ-
ent ageing stages (Beck et al., 2021; Davis et al., 2009; Westlye
et al., 2010).

2 | METHODS

21 | Sample characteristics

The original UKB (Sudlow et al., 2015) diffusion MRI data consisted of
N = 42,208 participants. After exclusions, based on later withdrawn
consent and an ICD-10 diagnosis from categories F, G, |, and stroke
(excluded: N = 3521), and data sets not meeting quality control stan-
dards (N = 2938) using the YTTRIUM method (Maximov et al., 2021),
we obtained a final sample consisting of 35,749 healthy adults (age
range 44.57-82.75, Mage = 64.46, SDage = 7.62, Mdage = 64.97;
52.96% females, 47.04% males). In brief, YTTRIUM converts diffusion
scalar metric into 2D format using a structural similarity extension
(Wang et al., 2004) of each scalar map to their mean image in order to
create a 2D distribution of image and diffusion parameters. The qual-
ity check is based on a two-step clustering algorithm applied to iden-
tify subjects located out of the main distribution. We define healthy
here as the absence of mental and behavioral disorder (ICD-10 cate-
gory F), disease of the nervous system (ICD-10 category G), and dis-
ease of the circulatory system (ICD-10 category I). Included
participants showed generally higher cognitive test performance and
took less medication than excluded subjects (Table 1). Participants
were recruited and scanned at four different sites: 57.62% in Cheadle,
26.30% in Newcastle, 15.96% in Reading, and 0.12% in Bristol
(Figure 1). Imbalances in age distributions in the Bristol sample can be
attributed to the small number of participants sampled (N = 43).

2.2 | MRIacquisition, diffusion pipeline, and tract-
based spatial statistic analysis

UKB MRI data acquisition procedures are described elsewhere (Miller
et al, 2016; Sudlow et al., 2015). The brain scan protocol (https://

TABLE 1 Included and excluded sample characteristics.
Variable Excluded (N = 6459)
Number of medications 2.812(2.782)
Self-rated health 2.204 (0.764)
Number of correctly solved matrix puzzles 7.671(2.191)
Number of correctly solved tower puzzles 9.650 (3.318)
Number of correct symbol digit matches 17.808 (5.414)

Number of incorrectly matched pairs 2.239 (1.282)

Matrix puzzle response time in seconds 81.116 (16.605)
Maximum number of remembered digits 6.497 (1.642)
Fluid intelligence 6.429 (2.096)
Prospective memory score 1.069 (0.433)

biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=2367) was applied at each
scanner site (see also documentation: https://biobank.ctsu.ox.ac.uk/
crystal/refer.cgi?id=1977). Shortly, the diffusion protocol consists of
two b-values (1000 and 2000 s/mm?) with 50 noncoplanar diffusion
weighting gradients per each shell. For a susceptibility artefact correc-
tion, nondiffusion weighted images with an opposite gradient encod-
ing direction were acquitted as well.

Diffusion data preprocessing was conducted as described in
Maximov et al. (2019), using an optimized pipeline which includes
corrections for noise (Veraart et al., 2016), Gibbs ringing (Kellner
et al., 2016), susceptibility-induced and motion distortions, and
eddy current artefacts (Andersson & Sotiropoulos, 2016). Isotropic
Gaussian smoothing was carried out with the FSL (Jenkinson
et al., 2012) function fslmaths with a Gaussian kernel of 1 mm?®.
After that DTI, DKI, and WMTI metrics were estimated using Matlab
2017b (Mathworks, 2017). Employing the multishell data, DKI and
WMTI metrics were estimated using Matlab code (https://github.
com/NYU-DiffusionMRI/DESIGNER; Fieremans et al., 2011). SMT,
and mcSMT metrics were estimated using original code (https://
github.com/ekaden/smt; Kaden et al, 2016a), as well as
Bayesian estimates/BRIA were estimated by the original Matlab
code (https://bitbucket.org/reisert/baydiff/src/master/; Reisert
etal., 2017).

In total, we obtained 28 metrics from 6 diffusion approaches
(DTI, DKI, WMTI, SMT, mcSMT, BRIA; Beck et al., 2021; Kaden
et al., 2016b; Maximov et al., 2019; Benitez et al., 2018; Hope
et al., 2019; Pines et al., 2020). In order to normalize all metrics, we
used TBSS (Smith et al., 2006), as part of FSL (Smith et al., 2004). In
brief, initially all BET-extracted (Smith, 2002) FA images were aligned
to MNI space using nonlinear transformation (FNIRT; Jenkinson
et al,, 2012). Afterward, the mean FA image and related mean FA
skeleton were derived. Each diffusion scalar map was projected onto
the mean FA skeleton using the TBSS procedure. In order to provide
a quantitative description of diffusion metrics we evaluated aver-
aged values over the skeleton and two white matter atlases, namely
the JHU atlas (Mori & Wakana, 2005) and the JHU tractographic
atlas (Hua et al., 2008). Finally, we obtained 20 WM tracts and

48 regions of interest (ROIls) based on a probabilistic white matter

Included (N = 35,749) P-value Cohens d
1.784 (2.034) <.001 0.474
1.965 (0.644) <.001 0.360
8.012 (2.126) <.001 —-0.159
9.917 (3.224) <.001 —0.083

18.998 (5.246) <.001 -0.226
2.215 (1.274) 0.250 0.019

83.011 (15.873) <.001 -0.119
6.678 (1.538) <.001 -0.117
6.634 (2.054) <.001 —0.099
1.068 (0.397) 0.783 0.004

Note: Mean (SD) for each sample's variables. p-values are indicated for Welch two sample t-tests.
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FIGURE 1 Density plots for the sample's age by sex and scanner site. The y-axis indicates the probability of age scaled to 1.

atlas (JHU; Hua et al., 2008) for each of the 28 metrics, including the
mean skeleton values. Altogether, 1932 features per individual were
derived (28 metrics * [48 ROIs +1 skeleton mean + 20 tracts]; see
number of dMRI features in Table 2)). We included both whole-brain
average metrics in addition to tracts and regional averages, as these
provide spatially differential information (Figure $S16), also expressed
the metrics' relationships with age (Barrick et al., 2010; Beck
et al.,, 2021; Eikenes et al., 2023; Kochunov et al., 2007; Westlye
et al,, 2010).

2.3 | Brain age predictions

First, brain age predictions were performed using XGBoost (Chen &
Guestrin, 2016) in Python (v3.7.1). To evaluate how much data was
needed for hyper-parameter tuning while accurately predicting brain
age from all 1932 brain features, we divided the full dataset
(N = 35,749) into two equal parts: one validation set and one hyper-
parameter tuning set for independent parameter-tuning. From the

hyper-parameter tuning set, data was randomly sampled into
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Performance of brain age prediction models.

TABLE 2

Corrected prediction-age correlation* [95% ClI]

0.892° [0.889, 0.894]
0.903 [0.901, 0.905]

Prediction-age correlation* [95% Cl]

0.742[0.737, 0.747]

MAE (SD)

RMSE (SD)

R? (SD)

Number of MRI features

690
207
276
276
276
207
28

Approach?

BRIA
DKI
DTI
SMT

4.002 (0.042)
3.975 (0.068)
3.984 (0.062)
4.183 (0.036)
4.153 (0.036)
3.928 (0.050)
4.812 (0.046)
3.624 (0.037)

5.007 (0.057)
4.958 (0.077)
4.983 (0.072)
5.214 (0.053)
5.175(0.045)
4.903 (0.065)
5.932(0.051)
4.534 (0.041)

0.550 (0.012)
0.576 (0.015)
0.571(0.014)
0.531 (0.010)
0.519 (0.011)
0.585 (0.012)
0.393(0.012)
0.645 (0.011)

0.754 [0.755, 0.764]

0.900 [0.897, 0.902]

0.756 [0.751, 0.761]

0.899 [0.897, 0.901]

0.729 [0.724, 0.734]
0.721[0.716, 0.726]
0.765 [0.761, 0.770]

0.892"[0.889, 0.894]
0.902 [0.900, 0.904]
0.905 [0.903, 0.907]
0.907 [0.905, 0.909]

mcSMT
WMTI

0.627 [0.621, 0.634]

Mean multimodal

0.804 [0.800, 0.808]

1932

Full multimodal

Note: R?, RMSE, MAE are displayed in the format Mean (Standard Deviation), Pearson's correlations are displayed in the format Correlation Score 95% Confidence Interval (Lower Bound, Upper Bound). Mean
multimodal refers to diffusion metrics averaged over the skeleton for all six diffusion approaches. Full multimodal refers to all diffusion data from the six diffusion approaches, that is, mean multimodal data in

addition to metrics averaged over the JHU atlas regions.

Abbreviations: BRIA, Bayesian rotationally invariant approach; MAE = mean absolute error; R? = variance explained; RMSE = root mean squared error.

2For an overview of the metrics contained in each of the diffusion approaches see Table S10.

bDetails on the smallest correlation: BRIA Corrected Prediction-Age Correlation r = 0.89173, mcSMT Corrected Prediction-Age Correlation r = 0.89176.

*All correlation were significant at p < .001.

subsamples consisting of 358, 715, 1073, 1430, 1788, 2145, 2503,
2860, 3218, 3575, 7150, 10,725, 14,300, or 17,875 participants, cor-
responding to 1%, 2%, 3%, 4%, 5%, 6%, 7%, 8%, 9%, 10%, 20%, 30%,
40%, and 50% of the total subjects, respectively (Figure 2). Hyper-
parameters were tuned on these sub-samples and then tested on the
remaining half, that is, the validation sample, using 10-fold cross vali-
dation showing model performance to not further improve past the
10% (tuning) data mark, informing our tuning-validation-split
(Figure 2, Table S1, trained models in S2).

Second, in order to compare the different diffusion approaches,
based on the previous steps, the training-test split was fixed at previ-
ously used 10% training data (N =3575) and 90% test data
(N = 32,174) which indicated a best fit at a learning rate = 0.05, max
layers/depth = 3, and number of trees = 750. These tuned parame-
ters were used for 10-fold cross-validations brain age predictions on
the test data of all six individual models, one multimodal model com-
bining all metrics from all diffusion models, and one multimodal model
using only mean values from all diffusion models (Table 2).

Third, uncorrected BAG was calculated as the difference between

chronological age Q and predicted age P:

BAG,=P—Q (1)

We calculated BAG as it is the commonly used metric indicative
of general health when using brain age predictions (Beck et al., 2022;
Cole, 2020; Cole et al, 2017; Cole & Franke, 2017; de Lange
et al, 2020; de Lange et al, 2021; Franke & Ten Gaser, 2019;
Kaufmann et al., 2019; Leonardsen et al., 2021; Rokicki et al., 2021;
Vidal-Pineiro et al., 2021). BAG is, however, sensitive to the age distri-
bution of the sample (de Lange et al., 2019; de Lange & Cole, 2020).
Hence as a supplement, age-bias-corrected predicted age was calcu-
lated from the intercept and slope of age predictions as previously
described (de Lange et al., 2019; de Lange & Cole, 2020):

P=axQ+p (2)
081 A AL . . . .
0.7
i Metric
A N + + + 1
Q6 ¥ ¥y MAE/10
3 ! - T
> ~ R2
0.5 RMSE/10
0.4
0 10 20 30 40 50
Tuning Data Percentage
FIGURE 2 Model performance for different train-test splits.

Model metrics R2, root mean squared error (RMSE), mean absolute
error (MAE) and their standard deviations, as well as the Pearson's
correlations between predicted and chronological age and its 95%
confidence interval are displayed for different training data
percentages of the total data (x-axis). For visualization purposes,
RMSE and MAE were divided by 10. For exact values see Table S1.
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BAGC = (P+[2— (ax 2+p)]) -2 3)

P represents predicted age modelled from chronological age £,
with intercept # and slope a. This age-bias correction allowed for a
bias-corrected BAG estimate (BAGc). See Figure 3 for both uncor-
rected and age-bias-corrected brain ages over age.

2.4 | Statistical analyses

All statistical analyses were carried out using R (v3.6.0; www.r-
project.org/). p-values were adjusted for multiple comparison using
Holm correction (Holm, 1979). Model performance for brain ages esti-
mations across different diffusion approaches are presented in addi-
tion to top five features for each brain age model ranked based on
their model contributions (variance explained, as determined by per-
mutation feature importance testing). Then, the correlation structure
of age, brain age, BAG, and brain features (identified as main contribu-
tors in the model and whole-brain-average scores) were examined
across diffusion approaches. In detail: first, brain ages were correlated
across diffusion-approach-specific brain ages. Then, the correlations
between true and estimated age across diffusion approaches were
compared. Second, BAGs were correlated across diffusion
approaches. Third, we present the correlation structure of fornix and
age, and present brain-age crude and adjusted age-relationships for all
included metrics (M).

M =0+ B1Age + p2Age? + 53 x Site" Sex + f4Sex* Age + f55ex + f6Site
“4)

Fourth, we plot absolute/crude whole-brain and fornix diffusion
metrics by age, and contrast these with diffusion metrics (M) adjusted
for age, sex, and site. To test the age-sensitivity of the metrics, we
removed age from the model and compared the models using Likeli-
hood Ratio tests.

M = p0+ p1Site”Sex + f2Sex + 3Site (5)

We also assess to which extent the regression lines can be called
linear by comparing model fit of generalized additive models with
simple linear regression models for fornix and whole brain features.
Finally, we associate the first two principal components of all WM
features with the different brain ages to assess the relationship
between BAG and WM. For an overview of the analyses see

Figure 4.

3 | RESULTS

3.1 | Brain age predictions

Table 2 presents a comparison between different diffusion
approaches in predicting brain age for each diffusion approach. The
strongest correlation between uncorrected age predictions and

Full Multimodal

% ) 70 80 % )
Predicted Age Corrected Predicted Age

Mean Multimodal

60 0 70
Predicted Age Corrected Predicted Age

BRIA

70 60 70 80
Predicted Age Corrected Predicted Age

60 70 60 70
Predicted Age Corrected Predicted Age

6 70 60 70
Predicted Age Corrected Predicted Age

20 ) 70 &0 ) % )
Predicted Age Corrected Predicted Age

70 60 70
Predicted Age Corrected Predicted Age

60 70 60 70
Predicted Age Corrected Predicted Age

FIGURE 3 Corrected and uncorrected brain age by age for each
of the utilized brain age models.

chronological age was observed for WMTI Pearson's r = 0.765, 95%
Cl [0.761, 0.770], p <.001, and the smallest for mcSMT Pearson's
r=0.721, 95% CI [0.716, 0.726], p < .001.
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Feature Importance Ranking (Table 3) |

Differences in Correlations between Predicted Correlations of Brain Age Gaps Across Brain
and Chronological Ages Across Brain Age Age Models 4
Models 5
(Fig.4) (Fig.5) ;
$
§

Correlations of All White Matter Features and
Age

(Fig.7)

Correlations of Regions Contributing most to
Brain Age Prediction Models

(Fornix: Fig.6, Forceps Minor: SF13)

Absolute Relationships between White Matter
Metrics and Age

(Fig.8, SF14)

Standardized Relationships between White
Matter Metrics and Age

(Fig.9, SF15)

Additional Analyses explore the Relationship between White Matter and Brain Age (SF10-11, ST14).

FIGURE 4 Overview of the analysis steps.

Hotelling's (Hotelling, 1936) t-tests were used to compare corre-
lations between uncorrected predicted age and chronological age
across diffusion models. Zou's (Zou, 2007) method was used to esti-
mate the confidence intervals around the correlation differences
(Figure 5 and Table S3; Figure S8 and Table S2 for corrected predic-
tion correlation comparisons). These differences were not signifi-
cantly different from each other for model pairs DKl and DTl (p 1).

All other correlations were different from each other, Pearson's
rsdiff <0.15, p < .001, with the biggest difference observed between
mean and full multimodal scores’ correlations (Table S2 for exact
values).

Permutation feature importance estimates across diffusion
models showed that fornix contributed strongest to variance

explained (Table 3), which was in correspondence with feature
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FIGURE 5 Differences between Pearson's correlations of
chronological and uncorrected predicted ages across diffusion
approaches with 95% confidence interval. Differences between
Pearson's correlation coefficients of chronological and uncorrected
predicted age by diffusion approach. See Figure S8 for correlational
differences between approaches for corrected brain age predictions.

approaches DTI

rankings by gain score (XBGoost Developers, 2021; Table S15).
Follow-up models which had fornix features removed had lower
model fit, explained less variance in age, and predicted-chronological-
age correlations were smaller than for models containing fornix
(rsqifr < —0.003, ps < .001; Table S16). Another potentially important
region was the forceps minor, also contributing significantly to age
predictions (Table 3).

BAG across diffusion approaches and age

TABLE 3 Top five diffusion metrics ranked by their contribution to variance explained (R?) in age.

BRIA DKI DTI SMT

Micro FA fornix AK right anterior MD fornix MD fornix
0.1954 limb of internal 0.0712 0.0795 + 0.0018
+ 0.0027 capsule +0.0013

0.0984 + 0.0014

Vextra forceps RK fornix 0.0884 FA forceps minor  FA right superior
minor +0.0016 0.0533 + 0.0011 longitudinal

0.0278 + 0.0007 fasciculus

0.0267 + 0.0007

Vextra body of MK left external RD fornix to Longitudinal
the corpus capsule right fornix
callosum 0.0259 + 0.0006 Striaterminalis 0.0251 + 0.0006

0.0261 + 0.0007

0.0462 + 0.0009

Trans fornix to

Micro FA fornix MK right superior FA right superior
to right longitudinal cerebellar right
Striaterminalis fasciculus peduncle

0.02083 + 0.0006

0.0214 + 0.0006

0.0221 + 0.0006

striaterminalis
0.0204 + 0.0006

0.0192 + 0.0006

Vintra right RK forceps minor FA body of the FA fornix
superior 0.0208 + 0.0005 corpus
cerebellar callosum
peduncle 0.0218 + 0.0006

0.0194 + 0.0006

mcSMT

Extratrans fornix
0.0498 + 0.0013

Intra forceps
minor
0.0444 + 0.0009

Intra fornix
0.0289 + 0.0009

Extratrans fornix
to right
Striaterminalis

0.0201 + 0.0006

Extratrans right
external capsule
0.0163 + 0.0007

WMTI

AWEF fornix
0.1699 + 0.0023

radEAD fornix to
right
striaterminalis

0.0283 + 0.0007

AWEF forceps minor

0.0194 + 0.0005

axEAD forceps
minor
0.0193 + 0.0007

axEAD left posterior

limb of internal
capsule
0.0173 + 0.0006

In order to compare uncorrected BAG (BAGu) calculations across the
used diffusion approaches, BAGu was correlated from different diffu-
sion approaches and with age. Correlations between the six diffusion
approaches ranged between r = 0.857 and r = 0.966 (Figures 6 and
S1 for corrected BAG correlations). Overall, BAGu scores from the dif-
ferent approaches were strongest related to WMTI BAGc (range:
r=0.873-0.952), and weakest to mean multimodal BAGu (range:
r=0.779-0.828), and could be observed in one cluster containing
DKI, DTI, WMTI, and multimodal BAGu and a second cluster contain-
ing BRIA, SMT, and SMTmc. However, DKI, BAGu was more strongly
correlated with full multimodal BAGc than with other well-performing
(Pearson's rdiff =0.03, p <.001) and WMTI
(rdiff = 0.03, p <.001). Vice versa, DTl BAGc correlated strongest
with WMTI BAGc (r = 0.905, p < .001).

Multimodal

Micro FA fornix
0.0914
+0.0011

AK anterior limb
of internal
capsule

0.0055
+0.0011

FA forceps
minor
0.0219
+ 0.0006

RD right fornix
stria
terminalis

0.0214
+ 0.0006

AK Genu corpus
callosum

0.0095
+0.0003

Note: Variance explained (R?) by a single feature refers here to the part of the total variance explained by the respective feature in each of the brain age
models presented in Table 2. Multimodal refers to an approach using the diffusion metrics from all diffusion approaches. Cells containing fornix are marked
in green. Cells containing forceps minor are marked in blue. See Table S19 for an overview of all the features and their variance explained.

Abbreviations: BRIA, Bayesian rotationally invariant approach; DKI, diffusion kurtosis imaging; DTI, diffusion tensor imaging; mcSMT, multicompartment
spherical mean technique; SMT, spherical mean technique; WMTI, white matter tract integrity.
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and age

Associations between diffusion metrics

A correlational analysis was used to demonstrate associations among
fornix diffusion metrics and age (Figure 7, including QC outliers:
Figure S4). Association strengths ranged from to r = —0.997 (smtTrans
and smtMCintra) to r = 0.999 (smtTrans and smtMD). Correlations
between fornix metrics and age ranged from r = —0.558 (smtMCintra)
to r = 0.570 (microRD), and between forceps minor metrics and age
fromr = —0.519 (FA) to r = 0.493 (RD, see Figure S13).

Correlations across all diffusion metrics and age (1933 x 1933 corre-
lations), age-fornix associations were the strongest (Figure 8, Figure S12).
Overall, the significant N = 1823 correlations (at pyom < .001) ranged
from |r| = 0.024 to |r| = 0.578 with |r|mean = 0.245, |r|sp = 0.122.

3.4 | Age trajectories of diffusion features

In Figure 9 we present absolute diffusion metrics for the whole brain
(Figure 9a) and fornix (Figure 9b) across ages for the examined six dif-
fusion approaches (for forceps see Figure S14; overview of metrics:

Table S10). Age-metric relationships for fornix were approximating lin-

earity closer than more curvilinear global age-curves.

FIGURE 6 Correlations of
uncorrected BAG and age across
used diffusion approaches. Age-
BAG correlations were significant
at pHolm < .001. For the
corrected BAG correlations
across models see Figure S1.
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Several fornix-age relationships for BRIA extra-axonal and
intra-axonal radial and axonal diffusivity opposed age relation-
ships of whole-brain-averages, whereas forceps-age relationships
closely resembled these whole-brain-average metrics' age
relationships.

Whole-brain (Figure 10),

(Figure S15) diffusion metrics M were predicted from age, sex and

fornix (Figure S9), and forceps
scanner site to create age curves (Figure 10a,b) which can be com-
pared to crude curves (Figure 10c,d). Highest SE, R?adj, and variability
across metrics was observed when predicting BRIA metrics
(R?adj = 0.21), as well as lowest R%adj~ 0 in BRIA Vextra, respec-
tively. While DTI metrics could also be predicted well from the model,
lowest variability in R%adj was found in WMTI and DKI. For fornix
metrics, SE and RZadj was generally higher across diffusion
approaches (Figure S9).

Likelihood Ratio tests indicated age dependence across global
metrics (pHolm < .001), with the exception of WMTI axEAD
(? = 6.66, pHolm = .084; Table S11), whereas all fornix (Table $4)
and forceps (Table S17) features were age sensitive. While the regres-
sion lines show a slight curvature, model fit did not differ between lin-
ear and nonlinear models for whole-brain (Table S12), fornix metrics
(Table S9), and forceps minor metrics (Table $18), indicating steady
WM degeneration in mid-life to older ages.

OWINS
Ma
N4
11d

ILAM

85U8017 SUOWILIOD BRI 3|qeo!jdde au Aq pausenob aJe ssole O ‘88N JO S3|ni Joj ARIgIT8UIIUO 8|1 UO (SUORIPUOD-PUe-SWLSHALIOD A8 | WA eIq 1 [eu UO//SaNY) SUORIPUOD Pue SR | 3U} 835 *[£202/50/€2] U0 Ariqiauliuo /|1 ‘epuenss A Bd UsnysBOH Ag EE£92"WAU/200T OT/I0p/W00" A3 1M Ateiq 1 put|uo//Sdiy Wwo.y papeojumod ‘0 ‘€6T0L60T



© | WILEY

KORBMACHER ET AL.

smtMCdiff
microAx
RD

MD
radEAD
smtTrans
smtMD
microRD

il
microADC . [ 1 ]
smtMCextraMD 7 ; [ ]
smtMCextratrans . [ 1]
AD 1 1
axEAD

[ [T T

[~ DONEEEEEEEEN l TR EES

smtLong
microFA
vextra

AK

AWF

RK

vintra

MK
smtMCintra
FA |

smtFA
DAXintra
DRADextra
DAXextra - . |

SEREE CON O 8t

FEFF S ©
FFEF %@\‘&\ NEN

4+ &
0%?9 v@@q‘°$0?900¢§ OQ‘O \@2@&'{(}9&“0 Qg\o?‘ 06‘\\
& XL TESEP PR
0"} @00 & & & S
NN
BN

FIGURE 7 Correlation matrix for fornix diffusion metrics and chronological age. All correlations were significant at Holm-corrected

pHolm < .05.

3.5 | Associations between BAG and WM

Finally, principal components of regional and whole-brain WM metrics
for each of the eight models (Table 2) were only weakly correlated
with uncorrected BAGu, and similarly related to corrected BAGc,
chronological and predicted ages (Figure S10). Furthermore, when
predicting either WM components which explain most variability
(Figure S10, Table S14) or single regional or whole-brain metrics
(Figure S11) from BAGc and BAGu and covariates, models predicted
relatively small proportions of variance, with small contributions of
BAG to the model (Figures S10, S11).

4 | DISCUSSION

We revealed that both conventional DTl and advanced diffusion
approaches (WMTI, DKI, BRIA, SMT, mcSMT) perform consistently on
brain age predictions, as indicated previously (Beck et al., 2021). As a

novel finding, our results show strong contributions of fornix and

forceps minor microstructures to brain age prediction models. Addi-
tionally, among WM features, fornix shows strongest correlations
with age. This suggest that the fornix and forceps minor are key WM
region of cross-sectional brain age, with fornix and whole-brain dMRI
metrics' age trajectories following similar patterns such as steepening
slopes at later ages. Furthermore, WM microstructure is expected to
steadily degenerate in midlife to older ages, in particular, in extra axo-
nal space.

4.1 | Limitations

There are multiple challenges related to fornix and forceps minor as
drivers of brain age estimates, particularly multicollinearity, which
might bias estimates of the importance of fornix and forceps minor
(gain and permutation feature importance) for brain age predictions,
and second, data processing artefacts. UKB offers diffusion data
acquired with the most typical two-shell-diffusion protocol. Neverthe-

less, the standard diffusion model (Novikov et al., 2018) based on

85U8017 SUOWILLIOD 8A11E81D) 3|qeo![dde 8Ly Aq peusenob afe sejoie VO ‘88N JO Sa|nI 0} Akeid18UI|UO /8|1 UO (SUONIPUOD-PUR-SLLIB) IO AB 1M AsRIq Ul [UO//:SdNL) SUORIPUOD Ppue SWie | 8U18es *[£202/50/62] Uo ARiqiauljuo o] ‘Bpuefise A ed Us|nysBoH AQ £££92°WqY/Z00T 0T/10p/wod"As | Akeqjeul|uoy/sdny wo.j pepeojumod ‘0 ‘€6T0Z60T



KORBMACHER ET AL.

WILEY_L

%4 = t 63
+he “ #
a3 H
L ¥ X
+H +
+ T 4 t <
03 ot
B
Fam % )
" X
S +
8 3
£ + H t
8 i
c
K]
F YT N S S SRR SPRRRRRPOS
9 v X
= X %
<] W % X
o #
c
s %
7] 4
2 +
@©
o) +
a
+ x
. ; A ) + " I
0.3 : 3 i H ty
" / . H v, 4
+ . .
+ ™+
4
p, S
¢
- T
.................................................................... | 2.V TV O SO L L=t N S
) =+
| FA_Fornix
0.6
BRIA DKI DTI mcSMT SMT WMTI

Diffusion Metric

FIGURE 8 Correlations between diffusion metrics and age. Each point indicates one correlation between a diffusion metric and chronological
age. Names of diffusion metrics are displayed when correlations between the metric and age reached a Pearson correlation of |r| > 0.5. Holm
correction (Holm, 1979) was used for Holm-correction, and all displayed values were significant at p < .001. For the distribution of the

correlations see Figure S12.

differentiation of intra- and extra-axonal water pools could not be
solved using this measurement strategy (Novikov et al., 2018). As a
result, the derived diffusion metrics have both numerical uncertainties
and the variability introduced from nonbiological parameters (Novikov
et al., 2018). Quantitative metrics derived from the different diffusion
approaches allow to investigate such nonbiological variability and to
grade the subject variability in terms of used covariances. Yet, the
aforementioned technical limitation might play a decisive role in a clin-
ical context (Novikov et al., 2018; Thomas et al., 2011).

Besides obstacles resulting from modelling assumptions, our sam-
ple is cross-sectional in design and limited to adults older than
40, which, in turn, influences predictions (de Lange et al., 2022). Addi-
tionally, the UKB imaging subsample shows better health than the
non-imaging UKB subjects (Lyall et al., 2022). Another open question
is the exact interpretation of BAG and its relationship with WM

metrics. This BAG-WM relationship was found to be small for princi-
pal WM components (Figure S10) and single diffusion metrics
(Figure S11). Previous research indicates no relationship between the
rate of change in longitudinal regional and global T1-weighted-fea-
ture-retrieved BAG (Vidal-Pineiro et al., 2021). Yet, further investiga-
tion of longitudinal, in particular voxel-wise WM-derived BAG
provides additional avenues to increase the interpretability of BAG.
Diffusion metrics were highly correlated within fornix (Figure 7)
and forceps (Figure S13) across diffusion approaches, and show simi-
lar age trajectories (fornix: Figure S9, forceps: Figure S15). This pro-
vokes the question of redundancy of some of the metrics. The
identification of redundant metrics and the combination of metrics
across diffusion approaches is a matter of future research comparing
diffusion approaches by probing them in practical settings such as in

clinical samples (Kantarci, 2014).
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FIGURE 9 Whole-brain and fornix diffusion metrics across age. The presented plots represent diffusion metrics for each of the six diffusion
models from the full sample N = 35,749 for (a) whole-brain diffusion metrics, (b) fornix diffusion metrics. Brighter colors indicate higher density
and red lines are fitted lines to the relationship between age and diffusion metric. Plots for forceps can be found in Figure S14.

Only few studies (Chen et al., 2015; Christiansen et al., 2016) cerebrospinal-fluid, while being a small tubular region. Recent pro-
address the fornix across ages. A possible reason is fornix’ cessing pipelines such as TBSS minimize such artefacts (Smith
artefact-susceptibility induced from its proximity to the et al., 2006). Yet, the influence of cerebrospinal-fluid artefacts in
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FIGURE 10 Raw and predicted whole-brain WM diffusion metrics by chronological age. Figure 10a-d shows age curves for each
standardized (z-score) diffusion metric's mean skeleton value (y-axis) plotted as a function of age (x-axis). Shaded areas represent 95% CI. Curves
fitted to raw values (Figure 10c,d) serve as a comparison to the Im-derived predicted values from Equation (4) (Figure a,b). Figure 10e indicates
the model fit for the linear models from Figure 10a,b, showing R?adj values on top and standard error (SE) on the bottom of the bars which each
represent a Fornix skeleton value for one of the seven models. Lines crossing at age 65 are marked with ovals. Model summaries of all 28 mean
models can be found in Table S5. The same visualization of fornix diffusion values can be found in Figure S9, and for the forceps minor in

Figure S15.

small tubular structures like the fornix remains unclear (Bach
et al., 2014). Fornix is a relatively small anatomical structure, and,
for example, fornix BRIA cerebrospinal-fluid fraction is higher
(vCSF > 0.5) than global measures (vCSF > 0.075), suggesting a
presence of strong partial volume effect. In order to overcome

such distorting effects, voxel-wise techniques are recommended,
demanding the development of novel approaches incorporating
techniques such as deep learning showing better performance than
traditional ML, especially on large population samples (Popescu
et al,, 2021).
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4.2 | Consistency across diffusion approaches
Overall, the results of brain age predictions are similar across diffusion
approaches, with WMTI, DTI, and DKI predicting age better than
SMT, mcSMT, and BRIA considering model fit and prediction-outcome
correlations (Table 2). This finding could be explained in terms of dif-
fusion approaches, that is, the attempt to introduce more biophysi-
cally accurate parameters into the model might simultaneously reduce
the general sensitivity of the used approaches to tissue changes. Inte-
grative approaches such as DTl or DKI are able to localize brain
changes, however, without providing information about the underly-
ing mechanisms. Our study supports a previous study with a smaller
but more age-differentiated sample (n = 702) of DTl and WMTI being
superior to mcSMT at brain age predictions in terms of model perfor-
mance (Beck et al., 2021). When examining additional diffusion
models on a larger sample, and also including JHU ROlIs in addition to
tract and whole-brain average scores, we find DKI metrics to have
higher predictive power than in Beck and colleagues (Beck
et al., 2021). This effect might be partly due to added spatial detail
from the added RIOs and their relationships to the tracts. Simulta-
neously, differences between diffusion approaches, and both variance
explained and prediction error (root mean squared error, mean abso-
lute error) were smaller in this study. These differences are likely due
to the narrower age range in our study (de Lange et al., 2022),
whereas our significantly larger sample emphasizes the reliability of
our findings.

While brain age predictions from single diffusion approaches
were grossly similar, predictions from combined approaches were
most accurate (Table 2). Correlations between predicted and chrono-
logical age were consistent across diffusion approaches, as differences
between correlations were small (Figure 5, Figure S8). This shows that
addressing a wider range of WM characteristics improves predictive
models compared to models with single diffusion approach metrics
(e.g., only DTI), which would be intuitive when considering BAG as a
general indicator of health (Beck et al., 2022; Cole et al., 2017;
Kaufmann et al., 2019; Leonardsen et al., 2021).Vice versa, reducing
spatial specificity by averaging diffusion metrics across all WM
reduced prediction accuracy. Conventionally used DTI on its own is
limited in its ability to present biophysically meaningful measures of
the underlying microstructure. As a result, the advanced modelling is
recalled including intra- and extra-axonal spaces and tissue peculiari-
ties being influenced by individual differences in myelin and fiber
architecture (crossing/bending fibers, and axonal characteristics; Beck
et al., 2021). Hence, adding additional information to DTI better allow
to infer the underlying neurobiology of tissue, for example, expressed
in differential WM-age-dependences (Figures 9, 10, Figures S14, 15)
or brain age predictions (Table 2; Beck et al., 2021).

We observed that BAG exhibits strong correlations across all dif-
fusion approaches (Figure 6, Figure S1). Congruently with the correla-
tional differences (Figure 5, Figure S8), BAG based on averaged
skeleton values was least correlated to all other diffusion approaches
(Figure 6), indicating inferiority of global compared to region-wide
approaches. BAG obtained from WMTI, DTI, and DKI were closest

related to BAG from the multimodal approach (which predicted age
best), both for age-bias corrected and uncorrected BAG (Figure 6,
Figure S1). This is in agreement with the observed age-prediction
model performance (Table 2). BAG correlations were observed in
three clusters: (1) WMTI and DTI, (2) mcSMT, SMT, BRIA, and (3) DKI,
indicative of similar measurements within these clusters (Figure 6,
Figure S1). To a certain extent, these clusters reflect similarities in the
underlying mathematics of the clustering diffusion approaches. For
example, mcSMT and SMT are closely related models (Kaden
et al., 2016a), whereas DKI's non-Gaussianity might reveal another
quality of age-sensitive WM microstructures not captured by the
other approaches (De Santis et al., 2011). Additionally, the cluster dif-
ferences indicate that the observed diffusion approaches measure dif-
ferent age(ing)-sensitive characteristics, supporting the argument for a

combination of diffusion approaches when assessing the ageing brain.

4.3 | Age trajectories and fornix and forceps minor
as a brain age feature

Based on the presented findings on fornix, we further investigate
details of fornix, keeping discussed limitations to the generalizability
of the findings in mind. Diffusion metrics describing fornix microstruc-
ture were consistently related to each other and age across all diffu-
sion approaches in two clusters. Values were positively correlated
within each cluster and negatively between clusters (see Figure 7). In
the first cluster, different approaches' FA, kurtosis metrics (MK, RK,
AK), water fractions (vintra and vextra from BRIA and AWF from
WMTI), and BRIA intra-axonal and extra-axonal radial and AD were
positively correlated. The second cluster, which was negatively related
to the first cluster but positive to age, contained metrics of MD, AD,
and RD, and cerebrospinal-fluid fraction of the different diffusion
approaches, which were positively related to each other. Interestingly,
both clusters consisted of unit-less values, for example, water frac-
tions, and diffusivities, which might have the same meaning as extra-
axonal ADs from different diffusion approaches, for example, BRIA
versus SMTmc. Such consistencies of similar metrics across diffusion
approaches were more apparent for the fornix when QC-identified
outliers were removed (compare Figure 7 and Figure S4), which sup-
ports the reliability of our findings of fornix-age-dependencies. Fur-
thermore, fornix metrics were most strongly related to age across
diffusion approaches (Figure 8, Figure S11), supporting the impor-
tance of fornix in reducing error of brain age predictions (Table 3).
Correlations of diffusion metrics within the forceps minor were not as
strong and consistent as in the fornix, and partly in the opposite direc-
tion as for the fornix (Figure S13). Not surprisingly, all fornix and for-
ceps minor features were age-sensitive (Tables S4, S17), and more age
sensitive than whole-brain metrics (compare: Table S11). Whole-brain
trajectories are in agreement with previous results, showing-age sen-
sitivity of various mean diffusion metrics (Beck et al., 2021), and the
same directionality of age trajectories of metrics for DTl (Cox
et al, 2016a; Westlye et al., 2010), mcSMT, DKI, WMTI (Beck
etal, 2021).
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We displayed differential behaviors of fornix microstructure mea-
sures across diffusion approaches (Figures 9, 10). Focusing on abso-
lute diffusion values (Figure 9), diffusion measures which are
correlated (Figures 6, 7, Figure S13) exhibit similar age dependences.
Additionally, slopes of fornix compared to whole-brain diffusion met-
rics were generally steeper and closer approximating linearity, indicat-
ing stronger changes, such as quicker WM degeneration in the fornix
compared to the whole-brain average (see Figure 9). Particularly BRIA
metrics show visually detectable differences between the fornix and
the whole brain (Figure 9, DAXextra, DAXintra, DRADextra, Vextra);
as opposed to global age trends which are also strongly resembled by
forceps minor (Figure S14), fornix intra and extra-axonal diffusion
decreased, indicating fornix shrinkage with increasing age. Periventri-
cular shrinkage is linked to enlarging ventricles (Kwon et al., 2014),
which has been related to ageing and neurodegenerative disorder pro-
gression (Pinaya et al., 2021). This effect was observed by a positive
relationship between age and cerebrospinal fluid (CSF) fraction in
BRIA. Another metric which revealed larger differences in the fornix
than for the whole-brain average was intra-axonal water fractions,
which can be treated as a proxy for the axonal density, decreased with
increasing age (see Figure 9, BRIA:Vintra; SMTmc:intra; WMTI:AWF)
while the CSF fraction (BRIA) increases. Such WM microstructure
changes are not only directly linked to different neurobiological fea-
tures but can be markers of clinical outcomes, such as dementia
(Meeter et al., 2017; Thomas et al., 2011).

A selection of metrics is comparable across diffusion approaches
when taking DTI as reference point and focusing on similar age trends.
DTI metrics AD, RD, and MD tend to increase over the lifespan and
FA tends to decrease across brain regions (Figures 9, 10; Beck
et al., 2021; Cox et al., 2016b; Davis et al., 2009; Westlye et al., 2010)
as well as in fornix (Figure 9b, Figure S9), implying processes such as
de-myelination, changes in axonal and general WM integrity. Such
DTl-age-dependencies are reflected by according BRIA, SMT, and
WMTI metrics, whereas DKI shows opposite age-relationships, as pre-
sented previously (Beck et al., 2021). Deterioration effects, measured
by the age-dependency of axonal water fractions, were generally
stronger in fornix compared to whole-brain metrics (Figure 9). Inter-
estingly, opposed to global metrics, radial diffusivity measures from
DKI and BRIA (DRADextra) decreased in fornix (Figure 9), suggesting
higher fornix than global plasticity, potentially being an antecedent of
age-related hippocampal changes (Metzler-Baddeley et al., 2019).

Additional, unique information about age dynamics was pre-
sented by standardized scores corrected for age, sex, and scanner site
and crude standardized scores across ages (Figure 10, Figure S9).
After corrections, most fornix metrics follow a tightly resembling
near-linear trend either increasing or decreasing by age (Figure S9a,b),
as opposed to forceps minor (Figure S15) and whole-brain metrics
which follow a rather curvilinear line, as previously shown (Beck
et al., 2021; Davis et al., 2009; Westlye et al., 2010). Diffusion metrics'
variance explained across models indicates fornix metrics to be more
sensitive to a combination of covariates age, sex, and scanner site
than whole-brain metrics (Figure 10, Figure S9). In the fornix, only
BRIA extra-axonal AD (DAX extra) and the SMT longitudinal diffusion

coefficient (SMT long) showed non-linear trajectories, however, both
measures are weakly correlated to other diffusion parameters
(Figure 10). Yet, when comparing model metrics such as variance
explained of linear and nonlinear models predicting fornix, forceps
minor, and whole-brain diffusion metrics from age, sex, and scanner
site and their interactions, there were no apparent differences
between models (Tables S9, S12, S15). This implies that contrary to
previous research observing the entire lifespan presenting curvilinear
DTI age trajectories (Beck et al., 2021; Westlye et al., 2010), or trends
toward curvilinearity (with yet better linear fit for selected regions;
Davis et al., 2009), we found that fornix and whole-brain age trajecto-
ries from age 40 can be described as linear when accounting for cov-
ariates sex, age, and scanner site. While the crossing of the x-axis at
age 65 (Figure 10, Figures S9, S15) is a reflection of the sample's age
distribution (Figure 1), in addition to the shapes of the different age-
trajectories, it reveals that the different diffusion approaches are simi-
larly age-sensitive or measure similar underlying ageing-related
changes. For whole-brain metrics, changes become exacerbated from
65 onward (Figure 1), with reasons potentially laying in an accelerated
neurodegeneration also reflected in the exponentially increasing risk
to develop neurodegenerative disorders from age 65 onward (Nichols
et al.,, 2022). For example, in the USA, 3% of 65-74 year olds, 17% of
the 75-84 year olds, and 32% of those aged 85+ developed Alzhei-
mer's dementia (Alzheimer's Association, 2020). Subclinical or preclini-
cal states are, however, not captured by these approximations, and
WM changes usually precede clinical detections. This makes WM
monitoring a promising tool for early neurodegenerative disease
detection.

Beyond WM, fornix changes seem to play an important role for
GM changes, particularly in the hippocampus: for example, fornix glia
damages lead to hippocampal GM atrophy (Metzler-Baddeley
et al., 2019). This might be reflected by dis-connectivity of fornix with
other brain regions as described by decreasing extra axonal space
coefficients (Figure 8b), and following changes in fornix function.
Potentially, the consequences of age-related fornix changes thereby
affect functionality of a selection of brain regions, such as the hippo-
campus. While several studies have presented ageing-related fornix
microstructure changes in humans (Chen et al., 2015; Christiansen
et al., 2016) and monkeys (Peters et al., 2010) in small samples, only
one large-scale study revealed findings connected to the fornix,
namely strongest default mode network GM volume covariation with
fornix WM microstructure (Kernbach et al., 2018). This suggests that
fornix, a key connector of the limbic system with the cortex, might
also be critical for default mode network functioning. Moreover,
memory and episodic recall have been related to fornix (Senova
et al,, 2020). Hence, fornix changes might play an important role in
known ageing-dependent temporal lobe changes, and specifically hip-
pocampal changes for ageing-related pathological developments
(Cabeza et al., 2018; Burke & Barnes, 2006; Hedden & Gabrieli, 2004;
Pluvinage & Wyss-Coray, 2020). Previous studies presented age-
related fornix DTI metric changes (Chen et al., 2015; Christiansen
et al., 2016; Metzler-Baddeley et al., 2019) which potentially appear
prior to hippocampal volume changes (Chen et al., 2015; Metzler-
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Baddeley et al., 2019), and are related to declining episodic memory
performance (Metzler-Baddeley et al., 2019). Hence, fornix changes
potentially serve to predict future pathological development, suggest-
ing fornix WM microstructure and changes in such as ageing bio-
markers. This supports previous findings showing network re-
activations, metabolic, and GM changes after fornix deep-brain-stimu-
lation, antagonizing the progression of neurodegenerative disorders
(Jakobs et al., 2020).

Different studies showed age-related deterioration effects in the
forceps minor (Bastin et al., 2008; Fan et al., 2019), a subregion of the
corpus callosum. Loss in WM integrity have also been associated with
various phenotypes, for example, behavioral impacts, such as mental
slowing (Jokinen et al., 2007), and various disorders, such as major
depressive disorder (Won et al, 2016), schizophrenia (Kelly
et al., 2018), dependencies on cocaine (Moeller et al., 2005) and alco-
hol (Pfefferbaum & Sullivan, 2005), with WM degeneracy explaining
higher impulsivity in cocaine addiction (Moeller et al., 2005). Overall,
the forceps are assumed to have an important role of connecting both
hemispheres, which might be crucial for interhemispheric signal prop-
agation (Voineskos et al., 2010). Previous research shows also that
WM changes in FA and MD relate to GM thinning with the forceps
being particularly vulnerable to such changes (Storsve et al., 2016).
Moreover, cognitive test scores were related to forceps minor AD and
MD scores in Alzheimer's Disease patients (Tu et al, 2017), and
already at mild cognitive impaired forceps minor FA and MD scores
were different from age-matched participants with subjective cogni-
tive decline (Luo et al., 2020). FA was also shown in this study as
important brain age feature for both multimodal and DTI models
(Table 3). This suggests forceps as an important region for brain age
and ageing.

The current study gives for the first time a detailed account on
region-wise-to-global WM-age relationships for multiple diffusion
approaches in a representative sample, and highlights fornix and for-
ceps minor as an important structures for age predictions across diffu-
sion approaches. Brain age was estimated best when combining
diffusion approaches, showing different aspects of WM to contribute
to brain age with fornix and forceps minor being the central regions
for these predictions. Trained models are made available for further
research to extend the reported brain age predictions to other sam-
ples (e.g., to clinical samples with a similar age structure), in addition

to examining the discussed metrics in fornix and forceps.

AUTHOR CONTRIBUTIONS

Max Korbmacher: Study design, Software, Formal analysis, Visualiza-
tions, Project administration, Writing—original draft, Writing—review &
editing. Ann Marie de Lange: Software, Writing—review & editing.
Dennis van der Meer: Software, Writing - review & editing. Arvid
Lundervold: Writing—review & editing, Funding acquisition. Eli Eikef-
jord: Writing—review & editing. Dani Beck: Writing—review & editing.
Ole A. Andreassen: Writing—review & editing, Funding acquisition.
Lars T. Westlye: Writing—review & editing, Funding acquisition. Ivan
I. Maximov: Supervision, Study design, Data preprocessing and quality

control, Writing—review & editing, Funding acquisition.

ACKNOWLEDGMENTS

This research was funded by the Research Council of Norway
(#223273); South-Eastern Norway Regional Health Authority
(#2022080); European Union's Horizon2020 Research and Innovation
Programme (CoMorMent project; Grant #847776). This study has
been conducted using UKB data under Application 27412. UKB has
received ethics approval from the National Health Service National
Research Ethics Service (Franke & Ten Gaser, 2019)11/
11NW/0382). The work was performed on the Service for Sensitive
Data (TSD) platform, owned by the University of Oslo, operated and
developed by the TSD service group at the University of Oslo IT-
Department (USIT). Computations were performed using resources
provided by UNINETT Sigma2—the National Infrastructure for High
Performance Computing and Data Storage in Norway. Finally, we
want to thank all UKB participants and facilitators who made this

research possible.

CONFLICT OF INTEREST STATEMENT
OOA has received a speaker's honorarium from Lundbeck and is a
cosultant to Coretechs.ai.

DATA AVAILABILITY STATEMENT

All raw data are available from the UKB5 (www.ukbiobank.ac.uk). Syn-
thetic datasets with the synthpop 2016 R package based on the origi-
nal data for all six diffusion approaches (resulting in six datasets) to
run the code and code needed to run brain age predictions in Python
are openly available at the Open Science Framework: (https://osf.io/
nv8ea/). Synthetic datasets are simulated datasets closely mimicking
the statistical characteristics of the original data while protecting data
privacy and anonymity. Finally, also the trained XG Boost models are
made available in the same depository.

ORCID
Max Korbmacher
Lars T. Westlye

https://orcid.org/0000-0002-8113-2560
https://orcid.org/0000-0001-8644-956X

REFERENCES

Alzheimer's Association. (2020). Alzheimer's disease facts and figures. Alz-
heimer's & Dementia, 16, 391-460.

Andersson, J. L. R., & Sotiropoulos, S. N. (2016). An integrated approach to
correction for off-resonance effects and subject movement in diffu-
sion MR imaging. Neurolmage, 125, 1063-1078.

Bach, M., Laun, F. B., Leemans, A. Tax, C. M. W.,, Biessels, G. J.,
Stieltjes, B., & Maier-Hein, K. H. (2014). Methodological consider-
ations on tract-based spatial statistics (TBSS). Neurolmage, 100,
358-369.

Baecker, L., Garcia-Dias, R., Vieira, S., Scarpazza, C., & Mechelli, A. (2021).
Machine learning for brain age prediction: Introduction to methods
and clinical applications. eBioMedicine, 72, 103600.

Barrick, T. R., Charlton, R. A., Clark, C. A., & Markus, H. S. (2010). White
matter structural decline in normal ageing: A prospective longitudinal
study using tract-based spatial statistics. Neurolmage, 51, 565-577.

Basser, P. J., Mattiello, J., & LeBihan, D. (1994). MR diffusion tensor spec-
troscopy and imaging. Biophysical Journal, 66, 259-267.

Bastin, M. E. Piatkowski, J. P., Storkey, A. J, Brown, L. J,
MacLullich, A. M. J., & Clayden, J. D. (2008). Tract shape modelling

85U8017 SUOWILLIOD 8A11E81D) 3|qeo![dde 8Ly Aq peusenob afe sejoie VO ‘88N JO Sa|nI 0} Akeid18UI|UO /8|1 UO (SUONIPUOD-PUR-SLLIB) IO AB 1M AsRIq Ul [UO//:SdNL) SUORIPUOD Ppue SWie | 8U18es *[£202/50/62] Uo ARiqiauljuo o] ‘Bpuefise A ed Us|nysBoH AQ £££92°WqY/Z00T 0T/10p/wod"As | Akeqjeul|uoy/sdny wo.j pepeojumod ‘0 ‘€6T0Z60T


http://www.ukbiobank.ac.uk/
https://osf.io/nv8ea/
https://osf.io/nv8ea/
https://orcid.org/0000-0002-8113-2560
https://orcid.org/0000-0002-8113-2560
https://orcid.org/0000-0001-8644-956X
https://orcid.org/0000-0001-8644-956X

KORBMACHER ET AL.

WILEY_L ¥

provides evidence of topological change in corpus callosum genu dur-
ing normal ageing. Neurolmage, 43, 20-28.

Beck, D., de Lange, A. M. G., Maximov, . I., Richard, G., Andreassen, O. A.,
Nordvik, J. E., & Westlye, L. T. (2021). White matter microstructure
across the adult lifespan: A mixed longitudinal and cross-sectional
study using advanced diffusion models and brain-age prediction. Neu-
rolmage, 224, 117441.

Beck, D., Lange, A. M. G., Pedersen, M. L., Alnes, D., Maximov, . I,
Voldsbekk, 1., Richard, G., Sanders, A. M., Ulrichsen, K. M,
Dgrum, E. S., Kolskar, K. K., Hggestgl, E. A., Steen, N. E., Djurovic, S.,
Andreassen, O. A., Nordvik, J. E.,, Kaufmann, T., & Westlye, L. T.
(2022). Cardiometabolic risk factors associated with brain age and
accelerate brain ageing. Human Brain Mapping, 43, 700-720.

Benitez, A., Jensen, J. H.,, Falangola, M. F., Nietert, P. J., & Helpern, J. A.
(2018). Modeling white matter tract integrity in aging with diffusional
kurtosis imaging. Neurobiology of Aging, 70, 265-275.

Burke, S. N., & Barnes, C. A. (2006). Neural plasticity in the ageing brain.
Nature Reviews. Neuroscience, 71(7), 30-40.

Cabeza, R, Albert, M., Belleville, S., Craik, F. I. M., Duarte, A., Grady, C. L.,
Lindenberger, U., Nyberg, L., Park, D. C., Reuter-Lorenz, P. A,
Rugg, M. D., Steffener, J., & Rajah, M. N. (2018). Maintenance, reserve
and compensation: The cognitive neuroscience of healthy ageing.
Nature Reviews. Neuroscience, 19, 701-710. https://doi.org/10.1038/
s41583-018-0068-2

Chen, C. L, Hsu, Y.-C, Yang, L.-Y., Tung, Y.-H., Luo, W.-B,, Liu, C.-M,,
Hwang, T.-J., Hwu, H.-G., & Tseng, W.-Y. I. (2020). Generalization of
diffusion magnetic resonance imaging-based brain age prediction
model through transfer learning. Neurolmage, 217, 116831.

Chen, D. Q., Strauss, I., Hayes, D. J., Davis, K. D., & Hodaie, M. (2015).
Age-related changes in diffusion tensor imaging metrics of fornix sub-
regions in healthy humans. Stereotactic and Functional Neurosurgery,
93,151-159.

Chen, T., & Guestrin, C. (2016). XGBoost: A Scalable Tree Boosting Sys-
tem. Proc. ACM SIGKDD Int. Conf. Knowl. Discov. Data Min., August
14,2017, 14, 785-794.

Christiansen, K., Aggleton, J. P., Parker, G. D., O'Sullivan, M. J,
Vann, S. D., & Metzler-Baddeley, C. (2016). The status of the precom-
missural and postcommissural fornix in normal ageing and mild cogni-
tive impairment: An MRI tractography study. Neurolmage, 130, 35-47.

Cole, J. H. (2020). Multimodality neuroimaging brain-age in UK biobank:
Relationship to biomedical, lifestyle, and cognitive factors. Neurobiol-
ogy of Aging, 92, 34-42.

Cole, J. H., & Franke, K. (2017). Predicting age using neuroimaging: Innova-
tive brain ageing biomarkers. Trends in Neurosciences, 40, 681-690.
https://doi.org/10.1016/j.tins.2017.10.001

Cole, J. H., Poudel, R. P. K., Tsagkrasoulis, D., Caan, M. W. A, Steves, C.,
Spector, T. D., & Montana, G. (2017). Predicting brain age with deep
learning from raw imaging data results in a reliable and heritable bio-
marker. Neurolmage, 163, 115-124.

Cox, S. R, Ritchie, S. J, Tucker-Drob, E. M. Liewald, D. C,
Hagenaars, S. P., Davies, G., Wardlaw, J. M., Gale, C. R,
Bastin, M. E., & Deary, I. J. (2016b). Ageing and brain white matter
structure in 3,513 UK Biobank participants. Nature Communications,
7,1-13.

Davis, S. W., Dennis, N. A., Buchler, N. G., White, L. E., Madden, D. J., &
Cabeza, R. (2009). Assessing the effects of age on long white matter
tracts using diffusion tensor tractography. Neurolmage, 46, 530-541.

de Lange, A. M. G., Anatuirk, M., Rokicki, J., Han, L. K. M., Franke, K.,
Alnas, D., Ebmeier, K. P., Draganski, B., Kaufmann, T., Westlye, L. T.,
Hahn, T., & Cole, J. H. (2022). Mind the gap: Performance metric eval-
uation in brain-age prediction. Human Brain Mapping, 43, 3113-3129.

de Lange, A. M. G., Anatiirk, M., Suri, S., Kaufmann, T., Cole, J. H.,
Griffanti, L., Zsoldos, E., Jensen, D. E. A., Filippini, N., Singh-
Manoux, A., Kivimaki, M., Westlye, L. T., & Ebmeier, K. P. (2020). Mul-
timodal brain-age prediction and cardiovascular risk: The Whitehall Il
MRI sub-study. Neurolmage, 222, 117292.

de Lange, A. M. G., & Cole, J. H. (2020). Commentary: Correction proce-
dures in brain-age prediction. Neurolmage Clin., 26, 102229.

de Lange, A. M. G., Kaufmann, T., Quintana, D. S., Winterton, A,
Andreassen, O. A., Westlye, L. T., & Ebmeier, K. P. (2021). Prominent
health problems, socioeconomic deprivation, and higher brain age in
lonely and isolated individuals: A population-based study. Behavioural
Brain Research, 414, 113510.

de Lange, A. M. G., Kaufmann, T., van der Meer, D., Maglanoc, L. A,
Alnes, D., Moberget, T., Douaud, G. Andreassen, O. A, &
Westlye, L. T. (2019). Population-based neuroimaging reveals traces of
childbirth in the maternal brain. Proceedings of the National Academy of
Sciences of the United States of America, 116, 22341-22346.

De Santis, S., Gabrielli, A., Palombo, M., Maraviglia, B., & Capuani, S.
(2011). Non-Gaussian diffusion imaging: A brief practical review. Mag-
netic Resonance Imaging, 29, 1410-1416.

Dosenbach, N. U. F., Nardos, B., Cohen, A. L., Fair, D. A., Power, J. D.,
Church, J. A, Nelson, S. M., Wig, G. S., Vogel, A. C., Lessov-
Schlaggar, C. N., Barnes, K. A, Dubis, J. W., Feczko, E., Coalson, R. S.,
Pruett, J. R., Jr,, Barch, D. M., Petersen, S. E., & Schlaggar, B. L. (2010).
Prediction of individual brain maturity using fMRI. Science, 329, 1358-
1361.

Eikenes, L., Visser, E., Vangberg, T., & Haberg, A. K. (2023). Both brain size
and biological sex contribute to variation in white matter microstruc-
ture in middle-aged healthy adults. Human Brain Mapping, 44,
691-709.

Fan, Q., Tian, Q., Ohringer, N. A, Nummenmaa, A. W.itzel, T,
Tobyne, S. M., Klawiter, E. C., Mekkaoui, C., Rosen, B. R., Wald, L. L.,
Salat, D. H., & Huang, S. Y. (2019). Age-related alterations in axonal
microstructure in the corpus callosum measured by high-gradient dif-
fusion MRI. Neurolmage, 191, 325-336.

Fieremans, E., Jensen, J. H., & Helpern, J. A. (2011). White matter charac-
terization with diffusional kurtosis imaging. Neurolmage, 58, 177-188.

Franke, K., & Gaser, C. T. (2019). Ten years of BrainAGE as a neuroimaging
biomarker of brain aging: What insights have we gained? Frontiers in
Neurology, 10, 789.

Franke, K., Ziegler, G., Kloppel, S., & Gaser, C. (2010). Estimating the age
of healthy subjects from T1-weighted MRI scans using kernel
methods: Exploring the influence of various parameters. Neurolmage,
50, 883-892.

Grady, C. L. (2012). The cognitive neuroscience of ageing. Nature Reviews.
Neuroscience, 13, 491-505.

Hedden, T., & Gabrieli, J. D. E. (2004). Insights into the ageing mind: A
view from cognitive neuroscience. Nature Reviews. Neuroscience, 52(5),
87-96.

Holm, S. (1979). A simple sequentially rejective multiple test procedure.
Scandinavian Journal of Statistics, 6, 65-70.

Hope, T. R., Selnes, P., Rektorova, I, Anderkova, L., Nemcova-
Elfmarkova, N., Balazova, Z., Dale, A. Bjgrnerud, A., & Fladby, T.
(2019). Diffusion tensor and restriction spectrum imaging reflect dif-
ferent aspects of neurodegeneration in Parkinson's disease. PLoS One,
14,e0217922.

Hotelling, H. (1936). Relations between two sets of variates. Biometrika,
28, 321-377.

Hua, K., Zhang, J., Wakana, S., Jiang, H., Li, X., Reich, D. S., Calabresi, P. A,,
Pekar, J. J., van Zijl, P. C. M., & Mori, S. (2008). Tract probability maps
in stereotaxic spaces: Analyses of white matter anatomy and tract-
specific quantification. Neurolmage, 39, 336-347.

Jakobs, M., Lee, D. J., & Lozano, A. M. (2020). Modifying the progression
of Alzheimer's and Parkinson's disease with deep brain stimulation.
Neuropharmacology, 171, 107860.

Jenkinson, M., Beckmann, C. F., Behrens, T. E. J.,, Woolrich, M. W., &
Smith, S. M. (2012). FSL. Neurolmage, 62, 782-790.

Jensen, J. H., Helpern, J. A,, Ramani, A,, Lu, H., & Kaczynski, K. (2005). Dif-
fusional kurtosis imaging: The quantification of non-gaussian water
diffusion by means of magnetic resonance imaging. Magnetic Reso-
nance in Medicine, 53, 1432-1440.

85U8017 SUOWILLIOD 8A11E81D) 3|qeo![dde 8Ly Aq peusenob afe sejoie VO ‘88N JO Sa|nI 0} Akeid18UI|UO /8|1 UO (SUONIPUOD-PUR-SLLIB) IO AB 1M AsRIq Ul [UO//:SdNL) SUORIPUOD Ppue SWie | 8U18es *[£202/50/62] Uo ARiqiauljuo o] ‘Bpuefise A ed Us|nysBoH AQ £££92°WqY/Z00T 0T/10p/wod"As | Akeqjeul|uoy/sdny wo.j pepeojumod ‘0 ‘€6T0Z60T


https://doi.org/10.1038/s41583-018-0068-2
https://doi.org/10.1038/s41583-018-0068-2
https://doi.org/10.1016/j.tins.2017.10.001

5 | WILEY

KORBMACHER ET AL.

Jokinen, H., Ryberg, C. Kalska, H., Ylikoski, R., Rostrup, E.,
Stegmann, M. B., Waldemar, G., Madureira, S., Ferro, J. M., van
Straaten, E. C. W., Scheltens, P., Barkhof, F., Fazekas, F., Schmidt, R.,
Carlucci, G., Pantoni, L., Inzitari, D., Erkinjuntti, T., & LADIS group.
(2007). Corpus callosum atrophy is associated with mental slowing
and executive deficits in subjects with age-related white matter hyper-
intensities: The LADIS study. Journal of Neurology, Neurosurgery, and
Psychiatry, 78, 491-496.

Kaden, E., Kelm, N. D., Carson, R. P., Does, M. D., & Alexander, D. C.
(2016b). Multi-compartment microscopic diffusion imaging. Neuro-
Image, 139, 346-359.

Kaden, E., Kruggel, F., & Alexander, D. C. (2016a). Quantitative mapping of
the per-axon diffusion coefficients in brain white matter. Magnetic
Resonance in Medicine, 75, 1752-1763.

Kantarci, K. (2014). Fractional anisotropy of the fornix and hippocampal
atrophy in Alzheimer's disease. Frontiers in Aging Neuroscience, 6, 316.

Kaufmann, T., van der Meer, D., Doan, N. T., Schwarz, E., Lund, M. J.,
Agartz, |, Alnes, D., Barch, D. M., Baur-Streubel, R., Bertolino, A,
Bettella, F., Beyer, M. K., Bgen, E., Borgwardt, S., Brandt, C. L,
Buitelaar, J., Celius, E. G., Cervenka, S., Conzelmann, A.,
Westlye, L. T. (2019). Common brain disorders are associated with
heritable patterns of apparent aging of the brain. Nature Neuroscience,
22,1617-1623.

Kellner, E., Dhital, B., Kiselev, V. G., & Reisert, M. (2016). Resonance in &
2016, undefined. Gibbs-ringing artifact removal based on local
subvoxel-shifts. Wiley Online Library, 76, 1574-1581.

Kelly, S., Jahanshad, N., Zalesky, A., Kochunov, P., Agartz, I., Alloza, C.,
Andreassen, O. A., Arango, C., Banaj, N., Bouix, S., Bousman, C. A,
Brouwer, R. M., Bruggemann, J., Bustillo, J., Cahn, W., Calhoun, V.,
Cannon, D., Carr, V., Catts, S., ... Donohoe, G. (2018). Widespread
white matter microstructural differences in schizophrenia across 4322
individuals: Results from the ENIGMA schizophrenia DTl working
group. Molecular Psychiatry, 23, 1261-1269.

Kernbach, J. M,, Yeo, B. T. T., Smallwood, J., Margulies, D. S., Thiebaut de
Schotten, M., Walter, H., Sabuncu, M. R,, Holmes, A. J., Gramfort, A.,
Varoquaux, G., Thirion, B., & Bzdok, D. (2018). Subspecialization within
default mode nodes characterized in 10,000 UK Biobank participants.
Proceedings of the National Academy of Sciences of the United States of
America, 115, 12295-12300.

Kochunov, P., Thompson, P. M., Lancaster, J. L., Bartzokis, G., Smith, S.,
Coyle, T., Royall, D. R, Laird, A.,, & Fox, P. T. (2007). Relationship
between white matter fractional anisotropy and other indices of cere-
bral health in normal aging: Tract-based spatial statistics study of
aging. Neurolmage, 35, 478-487.

Kwon, Y. H., Jang, S. H., & Yeo, S. S. (2014). Age-related changes of lateral
ventricular width and periventricular white matter in the human brain:
A diffusion tensor imaging study. Neural Regeneration Research, 9, 986.

Lawrence, K. E., Nabulsi, L., Santhalingam, V., Abaryan, Z., Villalon-
Reina, J. E., Nir, T. M., Ba Gari, |, Zhu, A. H., Haddad, E., Muir, A. M,,
Laltoo, E., Jahanshad, N., & Thompson, P. M. (2021). Age and sex effects
on advanced white matter microstructure measures in 15,628 older
adults: A UK biobank study. Brain Imaging and Behavior, 15, 2813-2823.

Leonardsen, E. H., Peng, H., Kaufmann, T., Agartz, I, Andreassen, O. A,,
Celius, E. G., Espeseth, T. Harbo, H. F., Hggestgl, E. A, de
Lange, A.-M., Marquand, A. F., Vidal-Pifeiro, D., Roe, J. M, Selbzk, G.,
Sgrensen, @., Smith, S. M., Westlye, L. T., Wolfers, T., & Wang, Y.
(2021). Deep neural networks learn general and clinically relevant rep-
resentations of the ageing brain. Neurolmage, 256, 119210.

Luo, C, Li, M., Qin, R, Chen, H.,, Yang, D., Huang, L., Liu, R, Xu, Y.,
Bai, F., & Zhao, H. (2020). White matter microstructural damage as an
early sign of subjective cognitive decline. Frontiers in Aging Neurosci-
ence, 11, 378.

Lyall, D. M., Quinn, T., Lyall, L. M., Ward, J., Anderson, J. J., Smith, D. J.,
Stewart, W., Strawbridge, R. J., Bailey, M. E. S., & Cullen, B. (2022).
Quantifying bias in psychological and physical health in the UK bio-
bank imaging sub-sample. Brain Communications, 4, fcacl.

Marek, S., et al. (2022). Reproducible brain-wide association studies
require thousands of individuals. Nat., 6037902(603), 654-660.

Mathworks. (2017). Matlab version 9.3.0.713579 (R2017b). IBM.

Maximov, . I, Alnas, D., & Westlye, L. T. (2019). Towards an optimised
processing pipeline for diffusion magnetic resonance imaging data:
Effects of artefact corrections on diffusion metrics and their age asso-
ciations in UK biobank. Human Brain Mapping, 40, 4146-4162.

Maximov, . I, Meer, D., Lange, A. M. G., Kaufmann, T., Shadrin, A., Frei, O.,
Wolfers, T., & Westlye, L. T. (2021). Fast qualitY conTrol meThod foR
derlved diffUsion metrics (YTTRIUM) in big data analysis: U.K. biobank
18,608 example. Human Brain Mapping, 42, 3141-3155.

Meeter, L. H., Kaat, L. D., Rohrer, J. D., & Van Swieten, J. C. (2017). Imag-
ing and fluid biomarkers in frontotemporal dementia. Nature Reviews.
Neurology, 13, 406-419.

Metzler-Baddeley, C., Mole, J. P., Sims, R., Fasano, F., Evans, J,
Jones, D. K., Aggleton, J. P., & Baddeley, R. J. (2019). Fornix white mat-
ter glia damage causes hippocampal gray matter damage during age-
dependent limbic decline. Scientific Reports, 91(9), 1-14.

Miller, K. L., Alfaro-Almagro, F., Bangerter, N. K., Thomas, D. L., Yacoub, E.,
Xu, J., Bartsch, A. J., Jbabdi, S., Sotiropoulos, S. N., Andersson, J. L. R,,
Griffanti, L., Douaud, G., Okell, T. W. Weale, P., Dragonu, I.,
Garratt, S., Hudson, S., Collins, R., Jenkinson, M., ... Smith, S. M.
(2016). Multimodal population brain imaging in the UK biobank pro-
spective epidemiological study. Nature Neuroscience, 19, 1523-1536.

Moeller, F. G, Hasan, K. M., Steinberg, J. L, Kramer, L A,
Dougherty, D. M. Santos, R. M., Valdes, I, Swann, A. C,
Barratt, E. S., & Narayana, P. A. (2005). Reduced anterior corpus callo-
sum white matter integrity is related to increased impulsivity and
reduced discriminability in cocaine-dependent subjects: Diffusion ten-
sor imaging. Neuropsychopharmacology, 30, 610-617.

Mori, S., & Wakana, S. (2005). Zijl, P. Van & Nagae-Poetscher.

Nichols, E., Steinmetz, J. D., Vollset, S. E., Fukutaki, K., Chalek, J., Abd-
Allah, F., Abdoli, A., Abualhasan, A., Abu-Gharbieh, E., Akram, T. T., al
Hamad, H., Alahdab, F., Alanezi, F. M., Alipour, V., Almustanyir, S.,
Amu, H., Ansari, ., Arabloo, J., Ashraf, T., ... Vos, T. (2022). Estimation
of the global prevalence of dementia in 2019 and forecasted preva-
lence in 2050: An analysis for the global burden of disease study
2019. The Lancet Public Health, 7, e105-e125.

Novikov, D. S., Fieremans, E., Jespersen, S. N., & Kiselev, V. G. (2019).
Quantifying brain microstructure with diffusion MRI: Theory and
parameter estimation. NMR in Biomedicine, 32, e3998.

Novikov, D. S., Kiselev, V. G., & Jespersen, S. N. (2018). On modeling. Mag-
netic Resonance in Medicine, 79, 3172-3193.

Nowok, B., Raab, G. M., & Dibben, C. (2016). Synthpop: Bespoke creation
of synthetic data in R. Journal of Statistical Software, 74, 1-26.

Peters, A., Sethares, C., & Moss, M. B. (2010). How the primate fornix is
affected by age. The Journal of Comparative Neurology, 518, 3962-
3980.

Pfefferbaum, A., & Sullivan, E. V. (2005). Disruption of brain white matter
microstructure by excessive intracellular and extracellular fluid in alco-
holism: Evidence from diffusion tensor imaging. Neuropsychopharma-
cology, 30, 423-432.

Pinaya, W. H. L., Scarpazza, C., Garcia-Dias, R., Vieira, S., Baecker, L., F da
Costa, P., Redolfi, A., Frisoni, G. B., Pievani, M., Calhoun, V. D.,
Sato, J. R, & Mechelli, A. (2021). Using normative modelling to detect
disease progression in mild cognitive impairment and Alzheimer's disease
in a cross-sectional multi-cohort study. Scientific Reports, 11, 15746.

Pines, A. R,, Cieslak, M., Larsen, B., Baum, G. L., Cook, P. A., Adebimpe, A.,
Davila, D. G,, Elliott, M. A., Jirsaraie, R., Murtha, K., Oathes, D. J.,
Piiwaa, K., Rosen, A. F. G., Rush, S., Shinohara, R. T., Bassett, D. S.,
Roalf, D. R., & Satterthwaite, T. D. (2020). Leveraging multi-shell diffu-
sion for studies of brain development in youth and young adulthood.
Developmental Cognitive Neuroscience, 43, 100788.

Pluvinage, J. V., & Wyss-Coray, T. (2020). Systemic factors as mediators of
brain homeostasis, ageing and neurodegeneration. Nature Reviews.
Neuroscience, 21, 93-102.

85U8017 SUOWILLIOD 8A11E81D) 3|qeo![dde 8Ly Aq peusenob afe sejoie VO ‘88N JO Sa|nI 0} Akeid18UI|UO /8|1 UO (SUONIPUOD-PUR-SLLIB) IO AB 1M AsRIq Ul [UO//:SdNL) SUORIPUOD Ppue SWie | 8U18es *[£202/50/62] Uo ARiqiauljuo o] ‘Bpuefise A ed Us|nysBoH AQ £££92°WqY/Z00T 0T/10p/wod"As | Akeqjeul|uoy/sdny wo.j pepeojumod ‘0 ‘€6T0Z60T



KORBMACHER ET AL.

WILEY_L_®

Popescu, S. G., Glocker, B., Sharp, D. J., & Cole, J. H. (2021). Local brain-
age: A U-net model. Frontiers in Aging Neuroscience, 13, 838.

Raghavan, S., Reid, R. ., Przybelski, S. A., Lesnick, T. G., Graff-Radford, J.,
Schwarz, C. G., Knopman, D. S., Mielke, M. M., Machulda, M. M,,
Petersen, R. C., Jack, C. R, Jr., & Vemuri, P. (2021). Diffusion models
reveal white matter microstructural changes with ageing, pathology
and cognition. Brain Communications, 3, fcab106.

Reisert, M., Kellner, E., Dhital, B., Hennig, J., & Kiselev, V. G. (2017). Disen-
tangling micro from mesostructure by diffusion MRI: A Bayesian
approach. Neurolmage, 147, 964-975.

Richard, G., Kolskadr, K., Sanders, A.-M., Kaufmann, T., Petersen, A,
Doan, N. T., Sanchez, J. M., Alnas, D., Ulrichsen, K. M., Dgrum, E. S.,
Andreassen, O. A, Nordvik, J. E., & Westlye, L. T. (2018). Assessing
distinct patterns of cognitive aging using tissue-specific brain age pre-
diction based on diffusion tensor imaging and brain morphometry.
PeerJ, 2018, e5908.

Rokicki, J., Wolfers, T., Nordhgy, W., Tesli, N., Quintana, D. S., Alnas, D.,
Richard, G., Lange, A. M. G,, Lund, M. J.,, Norbom, L., Agartz, I.,
Melle, 1, Nerland, T., Selbzk, G., Persson, K., Nordvik, J. E.,
Schwarz, E., Andreassen, O. A., Kaufmann, T., & Westlye, L. T. (2021).
Multimodal imaging improves brain age prediction and reveals distinct
abnormalities in patients with psychiatric and neurological disorders.
Human Brain Mapping, 42, 1714-1726.

Salih, A, Galazzo, |. B., Raisi-Estabragh, Z., Rauseo, E., Gkontra, P.,
Petersen, S. E., Lekadir, K., Altmann, A., Radeva, P., & Menegaz, G.
(2021). Brain age estimation at tract group level and its association
with daily life measures, cardiac risk factors and genetic variants. Scien-
tific Reports, 111(11), 1-14.

Senova, S., Fomenko, A., Gondard, E., & Lozano, A. M. (2020). Anatomy
and function of the fornix in the context of its potential as a therapeu-
tic target. Journal of Neurology, Neurosurgery, and Psychiatry, 91,
547-559.

Smith, S. M. (2002). Fast robust automated brain extraction. Human Brain
Mapping, 17, 143-155.

Smith, S. M., Jenkinson, M., Johansen-Berg, H., Rueckert, D., Nichols, T. E.,
Mackay, C. E., Watkins, K. E., Ciccarelli, O., Cader, M. Z,
Matthews, P. M., & Behrens, T. E. J. (2006). Tract-based spatial statis-
tics: Voxelwise analysis of multi-subject diffusion data. Neurolmage,
31, 1487-1505.

Smith, S. M., Jenkinson, M., Woolrich, M. W., Beckmann, C. F,
Behrens, T. E. J., Johansen-Berg, H., Bannister, P. R., de Luca, M.,
Drobnjak, 1., Flitney, D. E., Niazy, R. K., Saunders, J., Vickers, J.,
Zhang, Y., de Stefano, N., Brady, J. M., & Matthews, P. M. (2004).
Advances in functional and structural MR image analysis and imple-
mentation as FSL. Neurolmage, 23, S208-5219.

Storsve, A. B., Fjell, A. M., Yendiki, A., & Walhovd, K. B. (2016). Longitudi-
nal changes in white matter tract integrity across the adult lifespan
and its relation to cortical thinning. PLoS One, 11, e0156770.

Sudlow, C., Gallacher, J.,, Allen, N., Beral, V., Burton, P., Danesh, J.,
Downey, P., Elliott, P., Green, J., Landray, M., Liu, B., Matthews, P.,
Ong, G, Pell, J.,, Silman, A., Young, A., Sprosen, T., Peakman, T., &
Collins, R. (2015). UK biobank: An open access resource for identifying
the causes of a wide range of complex diseases of middle and old age.
PLoS Medicine, 12, e1001779.

Symms, M., Jiger, H. R., Schmierer, K., & Yousry, T. A. (2004). A review of
structural magnetic resonance neuroimaging. Journal of Neurology,
Neurosurgery, and Psychiatry, 75, 1235-1244.

Thomas, A. G., Koumellis, P., & Dineen, R. A. (2011). The fornix in health
and disease: An imaging review. Radiographics, 31, 1107-1121.

Tu, M. C, Lo, C. P, Huang, C. F., Hsu, Y. H., Huang, W. H., Deng, J. F., &
Lee, Y. C. (2017). Effectiveness of diffusion tensor imaging in

differentiating early-stage subcortical ischemic vascular disease, Alz-
heimer's disease and normal ageing. PLoS One, 12, e0175143.

Van Essen, D. C., Ugurbil, K., Auerbach, E., Barch, D., Behrens, T. E. J.,
Bucholz, R., Chang, A., Chen, L., Corbetta, M., Curtiss, S. W,,
Penna, S. D., Feinberg, D., Glasser, M. F., Harel, N., Heath, A. C,,
Larson-Prior, L., Marcus, D., Michalareas, G., Moeller, S., ... WU-Minn
HCP Consortium. (2012). The human connectome project: A data
acquisition perspective. Neurolmage, 62, 2222-2231.

Veraart, J., Fieremans, E., & Novikov, D. S. (2016). Resonance in & 2016,
undefined. Diffusion MRI noise mapping using random matrix theory.
Magnetic Resonance in Medicine, 76, 1582-1593.

Vidal-Pineiro, D., Wang, Y., Krogsrud, S. K., Amlien, |. K., Baaré, W. F., Bar-
tres-Faz, D., Bertram, L., Brandmaier, A. M., Drevon, C. A., Duizel, S.,
Ebmeier, K., Henson, R. N., Junqué, C., Kievit, R. A., Kiihn, S., Leonard-
sen, E., Lindenberger, U., MadsenK. S., Magnussen, F., Mowinckel, A.
M., & Fjell, A. (2021). Individual variations in ‘brain age’ relate to
early-life factors more than to longitudinal brain change. Elife, 10,
e69995. https://doi.org/10.7554/eLife.69995

Voineskos, A. N., Farzan, F., Barr, M. S., Lobaugh, N. J., Mulsant, B. H.,
Chen, R, Fitzgerald, P. B., & Daskalakis, Z. J. (2010). The role of the
corpus callosum in transcranial magnetic stimulation induced interhe-
mispheric signal propagation. Biological Psychiatry, 68, 825-831.

Wang, Z., Bovik, A. C., Sheikh, H. R., & Simoncelli, E. P. (2004). Image qual-
ity assessment: From error visibility to structural similarity. [EEE Trans-
actions on Image Processing, 13, 600-612.

Westlye, L. T., Walhovd, K. B., Dale, A. M., Bjornerud, A. Due-
Tonnessen, P., Engvig, A., Grydeland, H., Tamnes, C. K., Ostby, Y., &
Fjell, A. M. (2010). Life-span changes of the human brain White mat-
ter: Diffusion tensor imaging (DTI) and Volumetry. Cerebral Cortex, 20,
2055-2068.

Won, E., Choi, S., Kang, J., Kim, A,, Han, K. M,, Chang, H. S., Tae, W. S.,
Son, K. R, Joe, S. H., Lee, M. S., & Ham, B. J. (2016). Association
between reduced white matter integrity in the corpus callosum and
serotonin transporter gene DNA methylation in medication-naive
patients with major depressive disorder. Translational Psychiatry, 6,
e866.

Wrigglesworth, J., Ward, P., Harding, I. H., Nilaweera, D., Wu, Z,
Woods, R. L., & Ryan, J. (2021). Factors associated with brain ageing-a
systematic review. BMC Neurology, 211(21), 1-23.

XBGoost Developers. (2021). XGBoost documentation - introduction to
boosted trees. https://xgboost.readthedocs.io/en/latest/tutorials/model.
html

Zou, G. Y. (2007). Toward using confidence intervals to compare correla-
tions. Psychological Methods, 12, 399-413.

SUPPORTING INFORMATION
Additional supporting information can be found online in the Support-

ing Information section at the end of this article.

How to cite this article: Korbmacher, M., de Lange, A. M., van
der Meer, D., Beck, D., Eikefjord, E., Lundervold, A.,
Andreassen, O. A., Westlye, L. T., & Maximov, |. |. (2023).
Brain-wide associations between white matter and age
highlight the role of fornix microstructure in brain ageing.
Human Brain Mapping, 1-19. https://doi.org/10.1002/hbm.
26333

85U8017 SUOWILLIOD 8A11E81D) 3|qeo![dde 8Ly Aq peusenob afe sejoie VO ‘88N JO Sa|nI 0} Akeid18UI|UO /8|1 UO (SUONIPUOD-PUR-SLLIB) IO AB 1M AsRIq Ul [UO//:SdNL) SUORIPUOD Ppue SWie | 8U18es *[£202/50/62] Uo ARiqiauljuo o] ‘Bpuefise A ed Us|nysBoH AQ £££92°WqY/Z00T 0T/10p/wod"As | Akeqjeul|uoy/sdny wo.j pepeojumod ‘0 ‘€6T0Z60T


https://doi.org/10.7554/eLife.69995
https://xgboost.readthedocs.io/en/latest/tutorials/model.html
https://xgboost.readthedocs.io/en/latest/tutorials/model.html
https://doi.org/10.1002/hbm.26333
https://doi.org/10.1002/hbm.26333

	Brain-wide associations between white matter and age highlight the role of fornix microstructure in brain ageing
	1  INTRODUCTION
	2  METHODS
	2.1  Sample characteristics
	2.2  MRI acquisition, diffusion pipeline, and tract-based spatial statistic analysis
	2.3  Brain age predictions
	2.4  Statistical analyses

	3  RESULTS
	3.1  Brain age predictions
	3.2  BAG across diffusion approaches and age
	3.3  Associations between diffusion metrics and age
	3.4  Age trajectories of diffusion features
	3.5  Associations between BAG and WM

	4  DISCUSSION
	4.1  Limitations
	4.2  Consistency across diffusion approaches
	4.3  Age trajectories and fornix and forceps minor as a brain age feature

	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT

	REFERENCES


