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Objective of the study:
White matter is a facet of brain structure that often receives less focus in basic neuroscience and

brain-aging research than grey matter variables like cortical thickness and hippocampal volume (Liu
et al., 2017). However, white matter atrophy and associated disorders (i.e., white matter
hyperintensities, lunar infarcts, etc) are common, age-related aspects of brain structure used by
neurologists in clinical settings (Dickie et al., 2016; Habes et al., 2016; Marin & Carmichael, 2019;
Wardlaw et al., 2015). In fact, research suggests that changes in white matter may be more related to
behavioral symptoms of brain aging (e.g., cognitive decline) than changes in grey matter and that
white matter may be more susceptible to aging-related neurological disorders like aging-related
dementias (ARD) (Araque Caballero et al., 2018; Liu et al., 2017; Mito et al., 2018; Wen et al.,
2019). Microstructural integrity of white matter tracts in the brain, measured using diffusion tensor
imaging (DTI), have been used as proxies of overall white matter degradation (Lee et al., 2015; Liu
etal., 2017; Wen et al., 2019). Further, research suggests that aging-specific white matter changes
associated with risk for ARD, such as white matter hyperintensities, may be fiber-specific (Mito et
al., 2018). In other words, DTI tractography may offer a way to localize white matter degradation to
certain tracts specifically associated with cognition or other relevant behavioral traits (Mito et al.,
2018; Wen et al., 2019).



As changes in white matter, like those seen in grey matter, are apparent years before any clinical
symptoms present (Araque Caballero et al., 2018), preventing or delaying aging-related white matter
degradation may provide novel therapeutic strategies that could aid in delaying brain aging. For
example, vascular risk factors (e.g., high blood pressure, obesity, smoking) and cardiovascular or
cerebrovascular disease are thought to be major contributors to aging-related white matter atrophy.
Thus, one strategy that may target changes in white matter, potentially through impacting vascular
health, is cardiovascular fitness (Vesperman et al., 2018). Studies on rats have shown that increasing
motor activity modulates both myelin and underlying white matter tracts and human adults who
engage in higher levels of physical activity show better white matter structural integrity (Liu et al.,
2017; Perea et al., 2016; Sexton et al., 2016). However, recent clinical trials targeting changes in
white matter through increasing physical activity to mitigate aging-related decline have found mixed

results.

The lack of positive results could be due to several factors. For example, many of these interventions
target populations of older adults already showing clinical symptoms of ARD (Sexton et al., 2016).
As white matter degradation is apparent years before clinical symptoms appear, it could be that
interventions are being staged too late in life after too much damage has accrued. It could also be
that increasing physical activity may not be sufficient to enact change in cardiovascular fitness, and
thus may not result in any white matter changes. Other health behaviors, such as smoking, obesity,
and alcohol consumption, may be more effective in targeting changes in cardiovascular health
(Lourida et al., 2019). The purpose of this study is to look at associations between cardiovascular
fitness, health and fitness behaviors, and white matter tractography in midlife—a time when white
matter may have started to degrade but clinical symptoms have yet to present. Both the UK Biobank
and the Dunedin Cohort will be utilized.

Recent research has implicated lower structural integrity in white matter tracts underlying the default
mode network as indicative of greater risk for cognitive decline ARD (Brown et al., 2018; Mito et
al., 2018; Noonan et al., 2018). Thus, tracts associated with the default mode, including midline
association tracts (e.g., cingulum), long cortico-cortical lateral association tracts (e.g., sagittal striatal
and superior longitudinal fasciculus) and cross-hemispheric pathways (e.g., forceps major and
forceps minor), may be more vulnerable to aging-related phenotypes and may be most predictive of

fitness and health behaviors. However, as this analysis is data-driven and somewhat exploratory in



nature, I will not limit or exclude white matter tracts from analyses based on a priori hypotheses. |
do hypothesize that smoking and diet will show stronger associations with both cardiovascular
fitness and white matter integrity as both are well-validated vascular risk factors associated with
cardiovascular disease and risk for ARD.

Data analysis methods:
-> Cross-validated predictive modeling (specifically elastic net modelling) will be used to predict

cardiovascular fitness from whole brain white matter tract integrity. Elastic net is a regularized
regression method that incorporates penalties, A1 and A2, from both LASSO and RIDGE regression to

minimize both bias and variance in base ordinary least square (OLS) models (on, n.d.):

To do the analyses, VO2Max scores and white matter tract fractional anisotropy scores from the
Dunedin data will be split into a training dataset (70%) and a test dataset (30%). Using the training
data, 10-fold cross-validation will be used to determine the best o and A values that correspond to the
lowest prediction error. These parameters will then be used in fitting the data to the model and
obtaining predicted VO2Max values from whole-brain white matter tractography. Finally, actual
VO2Max scores will be correlated with model-predicted scores to get a measure of the predictive
capacity of the overall model. This will give a measure of in-sample prediction. The same analysis
will then be run within the UK Biobank dataset.

| then plan to compare the predictive models between datasets. Using a subset of white matter tracts
that both datasets share, I will train each model within dataset, and then predict values between
datasets (i.e., training model using the Dunedin dataset, then use the UK Biobank as a novel test
dataset to generate predicted values). This will allow me to compare across samples as well as within
samples. In addition, it will allow me to contrast the relative comparability of PWC7s% in UK
Biobank and the VO,Max in Dunedin as measures of cardiovascular fitness.

The use of elastic net modeling will not only allow me an unbiased, cross-validated way to test if
white matter tract integrity throughout the brain is associated with cardiovascular fitness, but also
which tracts contribute the most weighted predictive power across the brain. By using the Lourida et
al. health index, 1 also hope to repeat the above analyses to test various health behaviors to assess

relative correlation strength with both cardiovascular fitness and white matter integrity. This could
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help inform future lifestyle interventions as to which health behaviors may be best at affecting
change in vascular and cerebrovascular risk. Post-hoc analyses on any significantly predictive white

matter tracts will be run to test laterality.

Variables needed at which ages:
Dunedin:
- VO2max (Age 45)
- If feasible: PWC7s%
- Lourida et al. Health Index (Age 45)
- Sex
- Mean FA values for White Matter Tracts (L & R hemispheres) (Age 45)
TRACTS:
- Anterior Thalamic Radiata
- Cingulum tract
- Cingulum hippocampal tract
- Corticospinal tract
- Forceps Major
- Forceps Minor
- Sagittal Striatal
- Middle cerebellar peduncle
- Superior thalamic radiata
- Medial lemniscus
- Superior Longitudinal
- Uncinate fasciculus

UK Biobank
PWC7s%
Age at assessment
Age at scan visit
Month of birth
Year of birth
Sex
Assessment center
Assessment center (scanner visit)
Lourida et al. Health Index
Mean FA values for White Matter Tracts (L&R Hemispheres)
TRACTS:
- Anterior Thalamic Radiata
- Cingulum tract
- Cingulum hippocampal tract
- Corticospinal tract
- Forceps Major
- Forceps Minor
- Sagittal Striatal
- Middle cerebellar peduncle
- Superior thalamic radiata



- Medial lemniscus
- Superior Longitudinal
- Uncinate fasciculus

Significance of the Study (for theory, research methods or clinical practice):
Fitness interventions, if valid, are an easy, affordable, and accessible option to utilize against age-

related cognitive decline. White matter tracts are particularly vulnerable to aging-related
degeneration and are hypothesized to be intricately involved in risk for cognitive decline. If white
matter tracts across the brain do predict cardiovascular fitness levels, this would offer data-driven
evidence to support findings that fitness may be a way to mitigate age-related white matter tract
atrophy. Further, it may help raise awareness of the importance of white matter microstructural

integrity in studies of aging in the brain, especially in those already at risk for cardiovascular disease.

References cited: )
Araque Caballero, M. A., Suéarez-Calvet, M., Duering, M., Franzmeier, N., Benzinger, T., Fagan, A.

M., Bateman, R. J., Jack, C. R., Levin, J., Dichgans, M., Jucker, M., Karch, C., Masters, C.
L., Morris, J. C., Weiner, M., Rossor, M., Fox, N. C., Lee, J.-H., Salloway, S., ... Ewers, M.
(2018). White matter diffusion alterations precede symptom onset in autosomal dominant
Alzheimer’s disease. Brain, 141(10), 3065-3080. https://doi.org/10.1093/brain/awy229

Brown, C. A., Jiang, Y., Smith, C. D., & Gold, B. T. (2018). Age and Alzheimer’s pathology disrupt
default mode network functioning via alterations in white matter microstructure but not
hyperintensities. Cortex, 104, 58-74. https://doi.org/10.1016/j.cortex.2018.04.006

Dickie, D. A., Ritchie, S. J., Cox, S. R., Sakka, E., Royle, N. A., Aribisala, B. S., Valdés Hernandez,
M. del C., Maniega, S. M., Pattie, A., Corley, J., Starr, J. M., Bastin, M. E., Deary, . J., &
Wardlaw, J. M. (2016). Vascular risk factors and progression of white matter hyperintensities
in the Lothian Birth Cohort 1936. Neurobiology of Aging, 42, 116-123.
https://doi.org/10.1016/j.neurobiolaging.2016.03.011

Habes, M., Erus, G., Toledo, J. B., Zhang, T., Bryan, N., Launer, L. J., Rosseel, Y., Janowitz, D.,



Doshi, J., Van der Auwera, S., von Sarnowski, B., Hegenscheid, K., Hosten, N., Homuth, G.,
Volzke, H., Schminke, U., Hoffmann, W., Grabe, H. J., & Davatzikos, C. (2016). White
matter hyperintensities and imaging patterns of brain ageing in the general population. Brain,
139(4), 1164-1179. https://doi.org/10.1093/brain/aww008

Lee, S.-H., Coutu, J.-P., Wilkens, P., Yendiki, A., Rosas, H. D., & Salat, D. H. (2015). Tract-based
analysis of white matter degeneration in Alzheimer’s disease. Neuroscience, 301, 79-89.
https://doi.org/10.1016/j.neuroscience.2015.05.049

Liu, H., Yang, Y., Xia, Y., Zhu, W., Leak, R. K., Weli, Z., Wang, J., & Hu, X. (2017). Aging of
cerebral white matter. Ageing Research Reviews, 34, 64-76.
https://doi.org/10.1016/j.arr.2016.11.006

Lourida, I., Hannon, E., Littlejohns, T. J., Langa, K. M., Hypponen, E., Kuzma, E., & Llewellyn, D.
J. (2019). Association of Lifestyle and Genetic Risk With Incidence of Dementia. JAMA.
https://doi.org/10.1001/jama.2019.9879

Marin, M. A., & Carmichael, S. T. (2019). Mechanisms of demyelination and remyelination in the
young and aged brain following white matter stroke. Neurobiology of Disease, 126, 5-12.
https://doi.org/10.1016/j.nbd.2018.07.023

Mito, R., Raffelt, D., Dhollander, T., Vaughan, D. N., Tournier, J.-D., Salvado, O., Brodtmann, A.,
Rowe, C. C., Villemagne, V. L., & Connelly, A. (2018). Fibre-specific white matter
reductions in Alzheimer’s disease and mild cognitive impairment. Brain, 141(3), 888-902.
https://doi.org/10.1093/brain/awx355

Noonan, M. P., Mars, R. B., Sallet, J., Dunbar, R. I. M., & Fellows, L. K. (2018). The structural and
functional brain networks that support human social networks. Behavioural Brain Research,
355, 12-23. https://doi.org/10.1016/j.bbr.2018.02.019

on, G. D. (n.d.). An Introduction to Ridge, Lasso, and Elastic Net Regression | Hacker Noon.



Retrieved June 22, 2020, from https://hackernoon.com/an-introduction-to-ridge-lasso-and-
elastic-net-regression-cca60b4b934f

Perea, R. D., Vidoni, E. D., Morris, J. K., Graves, R. S., Burns, J. M., & Honea, R. A. (2016).
Cardiorespiratory fitness and white matter integrity in Alzheimer’s disease. Brain Imaging
and Behavior, 10(3), 660-668. https://doi.org/10.1007/s11682-015-9431-3

Sexton, C. E., Betts, J. F., Demnitz, N., Dawes, H., Ebmeier, K. P., & Johansen-Berg, H. (2016). A
systematic review of MRI studies examining the relationship between physical fitness and
activity and the white matter of the ageing brain. Neurolmage, 131, 81-90.
https://doi.org/10.1016/j.neuroimage.2015.09.071

Vesperman, C. J., Pozorski, V., Dougherty, R. J., Law, L. L., Boots, E., Oh, J. M., Gallagher, C. L.,
Carlsson, C. M., Rowley, H. A., Ma, Y., Bendlin, B. B., Asthana, S., Sager, M. A., Hermann,
B. P., Johnson, S. C., Cook, D. B., & Okonkwo, O. C. (2018). Cardiorespiratory fitness
attenuates age-associated aggregation of white matter hyperintensities in an at-risk cohort.
Alzheimer’s Research & Therapy, 10(1), 97. https://doi.org/10.1186/s13195-018-0429-0

Wardlaw, J. M., Valdés Hernandez, M. C., & Mufioz-Maniega, S. (2015). What are White Matter
Hyperintensities Made of? Relevance to Vascular Cognitive Impairment. Journal of the
American Heart Association, 4(6), e001140. https://doi.org/10.1161/JAHA.114.001140

Wen, Q., Mustafi, S. M., Li, J., Risacher, S. L., Tallman, E., Brown, S. A., West, J. D., Harezlak, J.,
Farlow, M. R., Unverzagt, F. W., Gao, S., Apostolova, L. G., Saykin, A. J., & Wu, Y.-C.
(2019). White matter alterations in early-stage Alzheimer’s disease: A tract-specific study.
Alzheimer’s & Dementia: Diagnosis, Assessment & Disease Monitoring, 11, 576-587.

https://doi.org/10.1016/j.dadm.2019.06.003






