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Abstract

INTRODUCTION: Brain white matter hyperintensities (WMHs) reflect the risks of
stroke, dementia, and overall mortality.

METHODS: We used a hypothesis-free gradient boosting decision tree (GBDT)
approach and conventional statistical methods to discover risk factors associated with
volume of WMHs. The GBDT models considered data on 2891 input features, collected
~10 years prior to volume of WMH measurements from 44,053 participants. Top 3%
of features, ranked by Shapley values, were taken forward to epidemiological analyses
using linear regression.

RESULTS: Adiposity, lung function, and indicators of metabolic health (eg, glycated
hemoglobin, hypertension, alkaline phosphatase, microalbumin, and urate) contribute
to WMH prediction. Of lifestyle factors, smoking had the strongest association. Time
spent outdoors, creatinine, and several red blood cell indices were among the identified
less-known predictors of WMHs.

CONCLUSIONS: Obesity, high blood pressure, lung function, metabolic abnormalities,
and lifestyle are key contributors to WMHSs, providing opportunities to prevent or
reduce their development.
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Highlights

* Obesity and related metabolic abnormalities were linked with WMHs.

» Associations with time spent outdoors, creatinine, some red blood cell indices and
height were among the less-known risk factors identified.

* Action on blood pressure, metabolic abnormalities, and adequate oxygenation may
help to prevent WMHs.

» Biomarker links may suggest simple blood tests could aid in early dementia

prediction.
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1 | BACKGROUND

White matter hyperintensities (WMHs) are regions within white mat-
ter that exhibit brighter signal intensity than that of the surrounding
white matter on a fluid-attenuated inversion recovery (FLAIR) MRI.!
WMHs are one of the common imaging markers of cerebral small vessel
disease.? They have been the focus of many recent neuroimaging stud-
iesdue to their increasing prevalence with age and evidence supporting
significant predictive implications for diseases such as stroke, demen-
tia, and overall mortality.? Though the precise mechanisms underlying
the development of WMHSs are not fully understood, they may be
linked to various factors, such as reduced cerebral blood flow, neu-
roinflammation, gliosis, and/or loss of axons and myelin.* Alongside
age, modifiable cerebrovascular risk factors, such as obesity, hyperten-
sion, and abnormal glucose metabolism, and lifestyle factors, including
insufficient physical activity, alcohol intake, and smoking, have been
associated with WMHs.®

Given the role of WMHs as an intermediate biomarker for cere-
brovascular health, understanding risk factors affecting their devel-
opment can provide important opportunities for the prevention of
cognitive impairment, dementia, and stroke.® With access to large-
scale neuroimaging data and extensive risk factor information from the
UK Biobank (UKB), we now have a unique opportunity to search for
risk factors affecting the development of WMHs. In this study we use
machine learning (ML), specifically the gradient boosting decision tree
(GBDT) algorithm, to construct a more comprehensive understanding
of the risk factors that are potentially linked with volume of WMHs.

Unlike traditional statistical approaches, which can be limited in
their ability to model complex relationships, the GBDT method excels
in capturing intricate interactions, non-linear relationships, and hier-
archical effects among predictors. This is particularly advantageous
in large-scale epidemiological studies, where challenges such as data
missingness, multicollinearity, and high dimensionality often impede
the utility of conventional methods. By leveraging GBDT'’s ability to
iteratively refine predictive models, we can effectively screen thou-
sands of potential predictors and unravel patterns that might remain
obscured using traditional techniques. Thus, our approach not only
addresses key methodological challenges but also provides novel
insights into the multifactorial nature of WMHSs, advancing the field

beyond the scope of standard epidemiological frameworks.”

2 | MATERIALS AND METHODS

2.1 | Data source and study participants

We used information from the UKB, which is a large-scale prospective
epidemiological cohort containing in-depth genetic and health infor-
mation from over half a million participants residing in England, Wales,
and Scotland. All were aged 37 to 73 years at the time of recruitment,
which was conducted between March 2006 and July 2010.8 Data col-
lection took place across 22 assessment centers and included physical

measurements, blood and urine sampling, touchscreen questionnaires,

RESEARCH IN CONTEXT

1. Systematic review: We reviewed the literature on risk
factors for WMHs using PubMed. Previous studies have
typically focused on a limited number of exposures,
often involving small to moderate sample sizes and con-
ventional epidemiological methods. This study aimed to
discover risk factors for WMHSs from a wide range of
exposures included in the UK Biobank.

2. Interpretation: Our analysis support and extend from
characteristics previously linked to WMHSs, with related
risks observed for older age, greater weight, smoking, and
indicators related to frailty and metabolic health. Associa-
tions with several blood cell parameters and lung function
support a role of oxygenation.

3. Future directions: Many of the features associated with
WMHs can be modified or treated, offering opportunities
to prevention. Several blood biomarker associations sug-
gest that even with relatively simple biomarker assess-
ments, it may be possible to identify those at risk of
WMH.

and interviews with the participants. Since the introduction of an imag-
ing substudy in 2014, more than 60,000 participants have undergone
MRI scans of brain, heart, and abdomen.? This study was restricted to
44,053 participants who had valid information on volume of WMHs
and excludes those who had dementia at baseline (N = 19) or who had
outlier WMH volume measurements (outside the range of + 3 standard

deviations from the mean, N = 941) (Figure 1).

2.2 | Volume of WMHs
Brain imaging data were acquired using a Siemens Skyra 3T scanner
with a standard Siemens 32-channel RF receive head coil (VD13A SP4).
After acquisition, the MRI data underwent central processing at the
UKB to eliminate artifacts, align images across modalities and individ-
uals, and generate valuable image-derived phenotypes (IDPs). Volume
of WMHs, one of the IDPs, was automatically segmented using both
T1 and T2 FLAIR as input in the Brain Intensity Abnormality Classifi-
cation Algorithm (BIANCA) tool. Details of imaging and further image
processing-related information can be found in previous studies.’®

To account for variation in participant head size, we normalized vol-
ume of WMHs using the volumetric scaling factor derived from T1 head
images to standard space (normalized volume of WMHs = volume of
WMHs x head size scaling factor).1! Log-transformed volume of nor-
malized WMHs (logWMH, in cubic centimeters [cm?3]) was used as an
outcome to approximate a normal distribution for data. Data on volume

of WMHs available up to April 2023 were considered in the analyses.
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UK Biobank

Participant selection

N

Total participants:
502,624

i Exclusion of participants without |
—>  WMH volume measurements: |
H 457,611 |

y

Participants with WMH
volume measurement:
45,013

> Exclusion of prevalent dementia H

v

Participants with WMH
volume measurement and no
dementia at baseline:

\9

—>

Analytical sample:
44,053

Feature selection

Total features:
8087

Pre-process using PHESANT,
select baseline predictors, missing
<30% and correlation < 0.9
Total features selected: 2891

|

GBDT model development with full
set of predictors (2891) and
performance evaluation

SHAP Value-based feature
elimination(retaining top 3%
features)

l

GBDT model development with
reduced set of predictors (87) and
performance evaluation

Further epidemiological analysis
using linear regression to examine
the association of 87 features with

WMH volume

FIGURE 1 Analytical sample size determination and GBDT-SHAP machine learning pipeline for the study. GBDT, gradient boosting decision
trees; PHESANT, PHEnome scan analysis; SHAP, SHapley Additive exPlanation.

2.3 | Potential predictors

Baseline data encompassing comprehensive information from the
touchscreen questionnaires, interviews, clinical assessments, and
blood and urine samples were included in the screening for potential
predictors of volume of WMHSs. The data were pre-processed using
the PHEnome Scan ANalysis Tool (PHESANT) to create dummy vari-
ables and remove negative numerical values that indicate missing data
from specific categories.'? A total of 2891 baseline phenotypic fea-
tures were considered for our GBDT analyses after excluding closely
correlated features (|r| > 0.9) and features with data available for less
than 70% of the participants. Among the small sets of correlated fea-
tures, the feature with the least missing values was considered for
GBDT development. We categorized features into six broad categories:

» o«

“baseline, personal, and sociodemographic characteristics,” “lifestyle

» o« » o«

and environment,” “physical measures,” “cognitive function and psy-
chosocial factors,” “health and medical history,” and “biomarkers” for

reporting purposes.

2.4 | Statistical analyses
2.4.1 | Identifying potential risk factors using
GBDT-SHAP pipeline

The GBDT with SHapley Additive exPlanations (SHAP) ML pipeline’
was used to identify potential factors associated with volume of
WMHs. We split the data into training, development, and test sets
at a ratio of 60:20:20. The development set was used to mitigate
overfitting.!® The test set was employed to report the performance
metrics of the ML models. Using different random splits of the dataset
into training, development, and test sets, we developed GBDT mod-
els and calculated feature importance (SHAP values) for a total of 150
times. SHAP values were calculated for each feature and each partici-
pant individually. To estimate the relative contribution of each feature
to model prediction, we calculated the global feature importance by
aggregating the mean of absolute SHAP values across all participants.

To reduce variations arising from individual splits of data into training,
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development, and test sets, we calculated the average of the feature
importance. Finally, irrelevant predictors were eliminated by ranking
features in the order of their SHAP values and by considering only the
top 3% of features,* yielding a reduced set of “important features”
for our epidemiological analyses (Figure 1). Further details on GBDT
and related data management are provided in the supplementary notes
section of the Supplementary Material. We used CatBoost version 0.21
and the SHAP package version 0.39.0 implemented in Python 3.10 for

GBDT model development.

2.4.2 | Epidemiological analyses

Linear regression was used to examine the association between 87
potential predictors identified by the GBDT-SHAP pipeline and log vol-
ume of WMHs for 44,053 participants. The analyses were adjusted
for basic confounders including age, sex, assessment center, ethnic-
ity, education, employment, Townsend deprivation index, and duration
until imaging (in years). All continuous features were divided into
quintiles for the purpose of presenting the results. We also tested
for the interaction by age (<65 years vs >65 years) and sex with
other features by including relevant interaction terms in the models
of the features and volume of WMHs. We checked for non-linearity
of the association using quadratic terms of each continuous feature.
To address the issue of multiple testing, we employed false discovery
rate (FDR) correction.® Effect estimates were presented as beta val-
ues along with their corresponding 95% confidence intervals (95% Cl).
The epidemiological analyses were conducted using STATA (version 17,
StataCorp, College Station, TX, USA).

3 | RESULTS
3.1 | Participants

A total of 44,053 study participants were included in the analyses.
The median follow-up time from the baseline assessment to volume
of WMHSs measurement was 10 years (interquartile range [IQR]: 8.30
to 12.12). Compared to others, volume of WMHs was higher among
males, older people, participants with lower levels of education, and

those from highly deprived areas (Table 1).

3.2 | Identifying potential risk factors

The average R? value of 150 iterations was 0.24 both for the model
with all 2891 baseline features included and for the model limited to
only the top 3% of features with the highest SHAP values, which means
the additional variables included in the full model had minimal further
explanatory power compared to the reduced model. This also reaf-
firmed the validity of our 3% cut-off point for selecting features for

further epidemiological analyses.

TABLE 1 Volume of white matter hyperintensities (log cm3) by

baseline characteristics.

Characteristics
Age

<65 years

>65 years

pvalue*

Sex

Male

Female

pvalue*

Ethnic background
White European
Asian

Black African
Other/mixed/unknown
pvalue*

Education

None

NVQ/CSE/A levels
Degree/professional
Missing

pvalue*

Townsend deprivation
index

Highly deprived
Less deprived
Missing
pvalue*
Employment
None

Retired

1st quartile (lowest
working hour)

2nd quartile
3rd quartile

4th quartile (highest
working hour)

Missing

pvalue*

N (%)

39,546 (89.77)
4507 (10.23)

20,722 (47.04)
23,331 (52.96)

42,606 (96.72)
591(1.34)
284 (0.64)
572(1.30)

2830 (6.42)
13,684 (31.06)
27,401 (62.20)

138(0.31)

25,307 (57.45)
18,707 (42.46)
39(0.09)

2654 (6.02)
10,689 (24.26)
6863 (15.58)

5057 (11.48)
9713(22.05)
8607 (19.54)

470 (1.07)

Volume of white
matter
hyperintensities,
in log cm?
Median (IQR)

1.23(0.63,1.87)
2.09(1.52,2.66)
1E-307

1.35(0.72,2.05)
1.27 (0.67, 1.94)
5.420E-06

1.32(0.70, 2.00)
1.12(0.60, 1.65)
1.21(0.70, 1.75)
1.18(0.59, 1.83)
5.66E-05

1.69(1.11,2.31)
1.30(0.69, 1.96)
1.27 (0.66, 1.96)
1.58(0.94, 2.20)
2.53E-133

1.33(0.71,2.01)
1.28(0.68, 1.96)
1.01(0.61,1.33)
1.04E-25

1.20(0.61, 1.86)
1.82(1.23,2.43)
1.23(0.62,1.92)

1.13(0.54,1.75)
1.11(0.53,1.72)
1.12(0.54,1.76)

1.40(0.74,2.13)
1E-307

*, p values are from likelihood ratio test with all linear regression analyses

including age, sex, and assessment center as covariates.
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Of the top 3% of features with the highest SHAP values, “base-
line, personal, and sociodemographic characteristics” accounted for
45%, with age being the major contributor (~33%). “Lifestyle and
environment” contributed 7%, “physical measures” 19%, “biomark-
ers” 14%, “medical and family history” 14%, and the remaining 1% by
“psychosocial and cognitive function” features. Of 509 self-reported
non-cancer illnesses considered in the analyses, only multiple sclero-
sis, hypertension, and “number of non-cancer ilinesses” were identified
as potentially important predictors for WMHSs. The list of features with
their SHAP values are presented in Supplementary Material, Tables S1
and S2).

3.3 | Risk factors associated with volume of WMHs
Linear regression analyses of important features adjusted for age,
sex, assessment center, ethnicity, education, employment, Townsend
deprivation index, and duration until imaging are presented in Sup-
plementary Material, Table S3. Where sex interactions were detected,
results stratified by sex are also presented. We also conducted sensi-
tivity analyses excluding the MS cases (n = 88), finding identical results
compared to those presented in Supplementary Material, Table S3

(Supplementary Material, Table S4).

3.4 | Associations with physical measures

Several measures reflecting body size and composition, including
shorter height, greater weight, and higher whole-body fat mass, were
associated with higher volume of WMHs. Higher impedance of leg
and arm was associated with lower volume of WMHSs, as was greater
hand grip strength. Indicators reflecting better lung function (peak
expiratory flow rate, forced expiratory volume in 1 s [FEV1]) were asso-
ciated with lower volume of WMHSs. Volume of WMHSs was higher
with greater pulse rate and systolic and diastolic blood pressure
(Figure 2).

3.5 | Associations with cognition- and medical
condition-related features

Individuals with multiple sclerosis had volumes of WMHSs that were
112% higher (8 1.12, 95% Cl = 0.94 to 1.29) compared to others. A
higher number of incorrect matches in cognitive tests, stress in last
2 years, long-standing illness/disability, and chronic diseases includ-
ing hypertension were also associated with higher volume of WMHSs
(Figure 3). In contrast, volume of WMHSs was lower in participants
whose mothers and fathers remained alive at the time of the baseline
survey, with further associations with family history of disease and vol-
ume of WMHs picked up by the participants’ mother or siblings not

having selected chronic illnesses.

Disease Monitoring

3.6 | Associations with lifestyle and
environment-related features

Of the lifestyle factors, smoking had the strongest associations
(Figure 4). Current smokers (80.17, 95% Cl = 0.14 to 0.21) and those
who smoke on most/all days (8 0.20, 95% Cl = 0.16 to 0.24) had higher
volumes of WMHs compared to non-smokers. Participants in the high-
est quintile of coffee intake had higher volumes of WMHs compared
to those in the lowest quintile. Conversely, there was some evidence
that higher cereal intake was associated with lower volume of WMHs,
although this potential benefit was not seen for participants in the

highest intake group (Figure 4).

3.7 | Associations with biomarkers

Higher volume of WMHSs was also associated with several biomarkers
(Figure 5). Higher alkaline phosphatase, glycated hemoglobin (HbA1c),
and glucose levels were associated with higher volume of WMHs. From
cardiovascular biomarkers, triglycerides were directly linked with vol-
ume of WMHs, whereas HDL cholesterol had an inverse association.
Higher levels of kidney biomarkers, including urinary microalbumin,
total protein, urate, and urinary sodium, were associated with higher
volume of WMHs. In contrast, blood levels of creatine and urea were
associated with slower volume of WMHs. Having greater gamma
glutamyltransferase, aspartate aminotransferase, and albumin was
associated with higher volumes of WMHs. Insulin-like growth factor-
1 and testosterone were inversely associated with volume of WMHs.
Of the hematology-related biomarkers, high light scatter reticulocyte
percentage, immature reticulocyte fraction, hematocrit percentage,
and monocyte count were directly associated with volume of WMHs,
whereas a U-shaped association was seen for mean sphered cell
volume and volume of WMHs.

4 | DISCUSSION

WMHs are linked with an increased risk of dementia, and they can be
detected many years prior to the occurrence of clinical dementia symp-
toms. Hence, WMHs could serve as a proxy for further risk of dementia,
providing potential to prioritize individuals for intensive screening or
prevention strategies, including selection of participants to dementia
prevention trials.16 Furthermore, identification of risk factors for this
surrogate biomarker may provide new insight to help inform demen-
tia prevention strategies by identifying modifiable risk factors that
can be acted upon before the onset of the disease. This prospective
study, which to our knowledge is based on the world’s largest brain
imaging data resource, was conducted to identify, from a comprehen-
sive list of factors, those associated with volume of WMHSs using a
novel hypothesis-free ML method. Our ML analyses showed that some

lifestyle factors, many measures of body composition, and general
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FIGURE 2

Forest plots for associations of SHAP important physical measures with volume of WMHs, 8, and their 95% confidence interval

(reference group as indicated) determined by linear regression. Analyses were adjusted for sex, age, assessment center, Townsend deprivation
index, education, ethnicity, employment, and duration until imaging. Q1 to Q5 represent quintiles from lowest to highest values. a: Right-hand grip
further adjustment for height and weight. b: FEV1 and PEF were further adjusted for height. #: the variable had interaction with sex but with
directionally consistent estimates unless presented with a gender sign, Q: the association only in females. 3, beta; Cl, confidence interval; FEV1,
forced expiratory volume in 1's; PEF, peak expiratory flow; SHAP, SHapley Additive explanation; WMH, white matter hyperintensity.

fitness were associated with volume of WMHs. While it may be more
difficult to modify some of the strong disease associations, such as that
with MS, an action to effectively manage hypertension and metabolic
imbalances, reflected by the many associations with biomarkers, may
provide opportunities to prevent or reduce the development of WMHs.

Our analyses strongly suggest that obesity and related metabolic
abnormalities, including hypertension, hyperlipemia, higher HbAlc and
glucose, and non-alcoholic fatty liver disease,’” may play a key role in
the development of WMHSs. The links between hypertension and other
metabolic factors with WMHs may be explained by vascular remod-
eling and arteriosclerosis, leading to brain tissue ischemia, oxidative
stress, and neuroinflammation.!8 It is also possible that the association

between urinary sodium and volume of WMHs is related to hyperten-

sion, either through a link with related medications (diuretics) or a high
salt diet, which may increase blood pressure.l? We also observed a link
between shorter body height and greater WMH volume in females but
not in males. Short stature has been linked to a greater risk of cardio-
vascular diseases,?° particularly in females, which could contribute to a
higher burden of WMHs in this group. For example, a systematic review
and meta-analysis demonstrated an association between short stature
and an increased risk of type 2 diabetes in females.?*

Unsurprisingly, indicators related to frailty and longstanding ill-
ness were observed to associate with greater volume of WMHs. For
example, consistent with a previous UKB study,?? we observed an asso-
ciation between greater hand grip strength (a predictive biomarker

of whole-body muscle strength and better nutritional status)?® and
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Cognitive function and medical conditions
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FIGURE 3 Forest plots for associations of SHAP important cognitive and medical condition related features with volume of white matter
hyperintensities, 8, and their 95% confidence interval (reference group as indicated) determined by linear regression. Analyses were adjusted for
sex, age, assessment center, Townsend deprivation index, education, ethnicity, employment, and duration until imaging. Q1 to Q5 represent
quintiles from lowest to highest values. *Mother has no Parkinson’s disease, severe depression, lung cancer, bowel cancer, or breast cancer.
**Siblings have no heart disease, stroke, hypertension, chronic bronchitis/emphysema, dementia, or diabetes. #: the variable has interaction with
sex but with directionally consistent estimates. 3, beta; Cl, confidence interval; SHAP, SHapley Additive explanation; WMH, white matter

hyperintensity.

lower volume of WMHs. This may seem to contradict the association
between greater fat-free mass in the arm (ie, muscle mass) and higher
volume of WMHSs. However, as fat-free mass represents highly respira-
tory tissue, it is possible that greater muscle mass increases volume of
WMHs due to oxidants produced as a byproduct of respiration. Inter-
estingly, creatine, a compound derived both from diet and endogenous
synthesis that helps provide energy to muscles, has been linked both
to greater grip strength?* and lower oxidative stress.2> While we did
not have a direct measure of creatine in our study, a higher serum level
of creatinine - the waste product of creatine usage - was associated
with lower volume of WMHs, consistent with the inverse association

between grip strength and volume of WMHs.

Several kidney-related biomarkers were also associated the devel-
opment of WMHSs. Higher microalbumin was markedly positively asso-
ciated with volume of WMHSs. Microalbuminuria, a symptom of kidney
dysfunction, is the aberrant leakage of albumin from the blood into
the urine, usually due to damage to nephron microvasculature. Obser-
vationally, bidirectional associations have been observed between
WMHs and poor renal function,2® suggesting that the detection of
microalbumin by the GBDT approach may signify poor microvascu-
lar integrity that may apply also to the brain. Renal function is also
important for regulating blood pressure, offering a possible volume of a
WMH-increasing mechanism downstream of kidney dysfunction. Hav-

ing higher urate in the blood, often associated with kidney dysfunction
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FIGURE 4 Forest plots for associations of SHAP important lifestyle and environment-related features with volume of WMHs, 3, and their 95%
confidence interval (reference group as indicated) determined by linear regression. Analyses were adjusted for sex, age, assessment center,
Townsend deprivation index, education, ethnicity, employment, and duration until imaging. Q1 to Q5 represent quintiles from lowest to highest
values. 3, beta; Cl, confidence interval; SHAP, SHapley Additive explanation; WMH, white matter hyperintensity.

and metabolic diseases,?” was also associated with a greater volume of
WMHs.

Several features related to smoking and lung function were deemed
important predictors of volume of WMHSs. The observed association
of smoking with greater volume of WMHs is congruent with a previ-
ous study?® and could be due to its links with ischemic brain injury,
hypoperfusion, endothelial dysfunction, blood-brain barrier break-
down, inflammation, oxidative stress, hypoxia, and neuronal and glial
degeneration.?? Cigarette smoking is also a risk factor for chronic dis-
eases such as diabetes and non-alcoholic fatty liver disease3°3! that
could further contribute to risk of WMHs. Consistent with the detri-

mental effects of smoking on lung health, indicators reflecting poorer
lung function were also picked up by the GBDT method and were
associated with greater volume of WMHs, most notably lower FEV1,
which was linked to 16% greater volume of WMHSs. Such associa-
tions were reported in a previous study3? and may reflect the benefit
of well-functioning lungs in providing adequate oxygen and prevent-
ing ischemic brain injury.* Coffee intake was deemed an important
predictive trait, with high intake associating with a greater volume
of WMHs, consistent with previous findings.®® Prolonged heavy con-
sumption of caffeinated coffee reduces cerebral blood flow, resulting

in chronic cerebral hypoperfusion, which in turn could contribute to
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greater volume of WMHSs.3* We also found some evidence that higher
cereal intake may be associated with lower volume of WMHs, con-
sistent with an earlier study.3> While the association did not follow
a dose-response pattern, it is possible that the association between
cereal intake and WMH s reflects the benefits of consuming a healthy
diet.3¢ There is also evidence suggesting that celiac disease, an autoim-
mune disorder triggered by an abnormal adaptive immune response
against gluten-containing grains (which may be reflected by lower
cereal intake), is associated with greater focal white-matter lesions,3”
higher risk of vascular dementia,®® and cognitive deficit.3?
Interestingly, spending more time outdoors (in summer and in win-
ter) was found to be associated with a greater volume of WMHs.
While more work is necessary to understand this relationship, it is in
line with another UKB study reporting increased risk of myocardial
infarction among individuals that spend more time outdoors.*? There

is also evidence indicating that individuals who work outdoors often

show elevated blood pressure levels related to greater exposure to
air pollution and noise levels resulting from urbanization.**#2 Hence,
the indirect roles of environmental attributes associated with outdoor
activities could explain the observed association between time spent
outdoors and volume of WMHs in this study.

WMHs are commonly observed in patients with MS,*3 and, in line
with this, MS was associated with substantially greater volume of
WMHs in our study. In MS, the immune system non-selectively attacks
the body’s own myelin antigens, leading to infiltration of lymphocytes,
microglial activation, demyelination, and axonal degeneration, mecha-
nisms that are believed to relate to the development of WMHs in MS.44
Interestingly, higher total serum protein was associated with greater
volume of WMHs, increasing gradually across quintiles. As the pre-
dominant serum protein, albumin, was only marginally associated with
higher volume of WMHSs, it is possible that the total protein associ-

ation reflects high serum immunoglobulin levels, consistent with the
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associations of autoimmune diseases such as MS with greater WMH
lesions.*

Several blood cell markers, including many red blood cell-related
traits, were also picked up as important features for volume of WMH
prediction in our study. The presence of high levels of reticulocytes
may indicate chronic hypoxia or systemic inflammation, both of which
can contribute to endothelial dysfunction.*¢ Higher monocyte count,
a marker of inflammation, was also associated with higher volume of
WMHs in this study, in line with a previously reported association
between monocyte count and cerebral small vessel disease.*”

An important strength of our study is the use of a novel ML pipeline,
which was able to select important features from among thousands
of included predictors and in the context of interactions and non-
linear associations, where traditional models often face limitations. The
use of UKB, the most comprehensive large-scale dataset of its kind,
enabled us to explore a wide range of potential predictors to compre-
hensively investigate risk factors linked to volume of WMHs. However,
the observational nature of the study did not allow us to establish
causality of association, confirm clinical relevance, or exclude presence
of residual confounding or reverse causality. Though objective ways of
data collection methods such as clinical examinations and blood sam-
pling were applied to collect many of the data items, some of the data
were collected through interviews and questionnaires, which may be
affected by reporting or recall bias.

Compared to the general population, participants included in the
UKB are healthier,*® which may introduce healthy volunteer bias. Due
to the low response rate of UKB, generalization of our findings to the
whole UK population may not be possible. However, a meta-analysis
comparing UKB with 18 other studies of acceptable response rates
highlighted that, despite a very low response rate, risk factor associa-
tions in the UKB appear to be generalizable and consistent with these
comparator studies.*?

In conclusion, our analyses showed that some lifestyle factors,
biomarkers and many measures of body composition, metabolic health,
and general fitness are associated with volume of WMHSs. Many of
the modifiable influences on volume of WMHSs and dementia risk are
shared with other chronic conditions, highlighting the importance of
healthy lifestyles and effective management of metabolic health. Fur-
ther research is needed to establish causal relationships and develop

effective intervention strategies based on these insights.
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