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This dissertation explored the impact of lifestyle and cardiovascular health factors on 

aging, particularly focusing on individuals with diabetes, the effects of blood pressure on brain 

aging, and the influence of cardiovascular health and genetic predispositions on brain white 

matter aging. 

The first study examined the trends in lifestyle quality among US adults with type 2 

diabetes from 1999 to 2018 using NHANES data, involving 7,410 participants. A healthy 

lifestyle score encompassing smoking, drinking, physical activity, and diet showed a slight 

increased over the years. Notably, disparities remained significant by socioeconomic groups. The 

study found that adherence to low-risk lifestyle factors was associated with a 55%-57% lower 

risk of all-cause mortality, emphasizing the importance of lifestyle modification in diabetes 

management, and it was independent of cardiovascular risk control. 

The second study investigated the causal effect of elevated blood pressure on white 

matter brain aging in a cohort of 228,473 European ancestries aged 40-69 from the UK Biobank 



  

by using two-sample Mendelian randomization. Our result revealed that high blood pressure, 

particularly diastolic, accelerated the machine-learning-derived white matter brain age gap, based 

on white matter microstructure integrity measured by fractional anisotropy derived from 

diffusion tensor imaging data, with a causal effect evidence found in late middle-aged women. 

This underscores the importance of blood pressure control in preventing brain aging, especially 

in post-menopausal women. 

Lastly, the impact of Life's Essential 8 (LE8), a comprehensive measure of cardiovascular 

health (lifestyle part: diet, smoke, physical activity, sleep; health part: BMI, blood sugar, blood 

pressure, blood lipid), on white matter brain aging was assessed, with a particular focus on how 

the APOE4 genotype modifies the relationship. Analyzing data from 18,817 European ancestries 

aged 40-60 from the UK Biobank, the study revealed that higher LE8 scores correlated with a 

younger brain age. Interestingly, the effect varied significantly with APOE4 status, highlighting 

the need for personalized health strategies based on genetic profiles. 

In conclusion, these studies collectively highlight the crucial role of modifiable lifestyle 

and health factors in managing chronic diseases, controlling blood pressure, and maintaining 

brain health, with an emphasis on the integration of genetic profiles for personalized healthcare. 
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Preface 

The population in aging is growing globally with the increasing life expectancy, 

and the social burden is expanding enormously, especially during the Covid-19 

pandemic period. The modifiable lifestyle approaches have become a promising 

procedure to prevent mortality from chronic diseases, delay the onset of age-related 

neurodegenerative disorders, and assist medical treatment. In the dissertation research, 

three primary studies were focused on.  

The spirit of the research came from my previous experience and had been 

shaped by the guidance of the mentors and peers. This dissertation is a collective effort 

and dedication of many contributions meaningfully to the field of aging research. 

I selected three different, but linked research topics in my dissertation. The 

chapters involve various aspects of aging, from the role of lifestyle factors in managing 

chronic diseases like diabetes, to the impact of modifiable cardiovascular health on 

brain aging. Besides, the application of advanced statistical methods and AI 

technologies, including machine learning and Mendelian randomization is another 

sparkle. Each chapter is supported by a commitment to precision medicine – an 

approach that tailors healthcare based on individual differences in genetics, 

environment, and lifestyle. 

As you start to read this dissertation, I invite you to consider not only the 

scientific and technical aspects of the research but also its broader implications. The 

findings presented here are more than academic pursuits; they are steps towards a future 

where aging is not just a challenge to be managed but an experience to be optimized 

and cherished. Imagine a world where a personal AI health assistant, armed with 

knowledge of your age, sex, environment, health history, genetic information, and 

lifestyle, can offer tailored guidance for medication adherence, doctor’s appointments, 

health monitoring, and lifestyle optimization.      

With this preface, I present my dissertation, a culmination of years of dedication 

and a stepping stone towards a future where aging is embraced with wisdom, dignity, 

and grace.  
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Chapter 1: Introduction 

Background 

Lifestyle in type 2 diabetes control 

Type 2 diabetes (T2D) is a chronic condition characterized by insulin resistance 

and impaired insulin secretion. For individuals with T2D, adopting a healthy lifestyle 

is crucial for controlling blood sugar levels and preventing complications. Among T2D, 

non-smoking, moderate drinking, recommended physical activities for adults, and a 

healthy diet was associated with a low risk of mortality and other disease complications 

(e.g., cardiovascular disease)1. The joint healthy lifestyle profile can synergize and have 

pronounced advantages over a single factor2. Gang Liu1 et al. and Han Han3 et al. 

recently presented that a healthy lifestyle can effectively reduce the risk of all-cause 

and cause-specific mortality.  

Because the pattern of mortality associations varies among ages, race/ethnicity, 

and socioeconomic status, comprehensive association analyses between lifestyle 

factors and mortality among nationally representative, complex, and stratified 

populations of diabetes would be appropriate for developing target-specific public 

health campaigns and programs in the U.S.  

The American Diabetes Association provides guidelines for controlling 

diabetes through both lifestyle and medical interventions4. These guidelines emphasize 

the importance of a balanced diet, regular physical activity, and healthy weight. 
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However, implementing these guidelines can be challenging due to economic 

constraints, cultural differences, and varying levels of health literacy5. 

Economic challenges, in particular, pose significant barriers to effective 

diabetes management. The cost of healthy foods, access to healthy food and exercise 

environments, and the ability to afford medical care and medications can 

disproportionately affect low-income and low-education populations6. Furthermore, 

the prevalence of T2D is higher in certain ethnic groups, and these groups often face 

additional obstacles in accessing healthcare and educational resources7. 

A healthy lifestyle not only helps in controlling blood glucose levels but also 

improves overall well-being. Quitting smoking, regular physical activity, and a 

balanced diet can reduce the need for medication, lower the risk of complications, and 

enhance quality of life. Additionally, lifestyle interventions can be cost-effective, 

reducing the long-term healthcare costs associated with diabetes complications8. 

Lifestyle and cardiovascular risk factors in brain aging 

Many studies focused on risk factors for brain aging, and some others have 

revealed that single modifiable healthy lifestyle factors (diet, physical activity, smoking, 

etc.) may reduce brain aging and delayed onset of cognitive impairment or dementia 

(Alzheimer’s Disease)9-12. However, multiple modifiable risk factors combined with 

lifestyle (diet, smoking, physical activity, and sleep) and cardiovascular health (body 

mass index (BMI), blood glucose, blood pressure, and blood lipid) are not yet studied 

thoroughly for brain aging, which is more related to the real-life and can be intervened 

in early life to prevent late-age brain dysfunctions.  
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Brain health, encompassing white matter (WM), gray matter, brain volume, 

white matter hyperintensities, and cognitive performance, is crucial in understanding 

dementia and other age-related cognitive impairments. Lifestyle and cardiovascular 

risk factors play a significant role in maintaining brain health13. For instance, a balanced 

diet, regular physical activity, and controlled cardiovascular risk factors are associated 

with better brain volume maintenance, reduced white matter lesion progression, and 

improved cognitive performance14. These factors may also influence the rate of brain 

atrophy15, which is a characteristic feature of many forms of dementia, including 

Alzheimer's Disease. 

Apolipoprotein E (APOE) is a gene that plays a critical role in lipid metabolism 

and is a known genetic risk factor for Alzheimer's Disease. The APOE ε4 allele is 

associated with an increased risk of developing Alzheimer's Disease and is believed to 

influence the rate of cognitive decline and the accumulation of amyloid plaques in the 

brain16. Understanding the interaction between APOE genotypes and lifestyle factors 

is essential, as it might offer insights into personalized preventive strategies for brain 

aging and dementia.  

 

Problem statement 

Diabetes is the seventh leading cause of death in the United States. More than 

37 million U.S. adults, 11.3% of the population, have diabetes, and the number of 

diagnosed with adult diabetes doubled compared to 20 years ago17. The total estimated 

cost of diagnosed diabetes in 2017 is $327 billion. In addition to the pharmacological 

treatment of risk factors, lifestyle modification plays a fundamental and affordable role 
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in diabetes management18. The studies showing the updated trends of the healthy 

lifestyle factors were only available among the U.S. general population19-21. While 

pharmacological interventions are essential, lifestyle modifications remain a key task 

in the management of T2D. Addressing the challenges of implementing these lifestyle 

changes, particularly in diverse and economically challenged populations, is critical for 

improving diabetes outcomes on a national scale.  

The population in aging is growing globally with the increasing life expectancy. 

The updated statistical data from World Health Organization (WHO) showed that 

worldwide, around 55 million people have dementia, with over 60% living in low- and 

middle-income countries. As the proportion of older people in the population is 

increasing in nearly every country, this number is expected to rise to 78 million in 2030 

and 139 million in 205022. With the increasing trend of an aging population, brain aging 

and age-related neurodegenerative conditions like dementia would have a vast societal 

and family lifetime cost. In 2019, the estimated total global societal cost of dementia 

was US$ 1.3 trillion, and these costs are expected to surpass US$ 2.8 trillion by 2030 

as both the number of people living with dementia and care costs increase. In the US, 

it was predicted that the total lifetime cost of care for a person with dementia would be 

$321,780 (2015 dollars). Families, Medicaid, and Medicare accounted for 70%, 14%, 

and 16% of the cost, respectively. Costs for a person with dementia over a lifetime were 

$184,500 greater than for someone without dementia23. There is currently no treatment 

available to cure dementia. Only limited medicines or therapies that are labeled for 

Alzheimer’s disease were approved but with limited efficacy and affordability. 

Considering the absence of effective treatment for age-related cognitive decline and the 
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delay of onset of Alzheimer's Disease (AD) for 5 years resulting in 41% lower 

prevalence and 40% lower cost of AD in 205024, preventing or delaying brain aging 

and the onset of dementia should be a public health priority. The modifiable lifestyle 

approaches have become a promising plan of actions to delay the onset of age-related 

neurodegenerative diseases and brain aging.  

To the best of our knowledge, several critical gaps remain in our understanding 

of health trends and causal relationships in the context of aging and chronic diseases. 

Firstly, the secular trends of both single and combined healthy lifestyle factors in the 

US over the past two decades remain unclear. Secondly, no Mendelian Randomization 

studies have yet investigated the causal effect of blood pressure on white matter brain 

aging in a large-scale observational study. Thirdly, the association between individual 

or combined lifestyle/cardiovascular risk factors and white matter brain aging has not 

been established. Furthermore, the potential modulatory effect of the APOE4 allele on 

these relationships remains unexplored. The purpose for this study aims to address the 

urgent need to better understand how lifestyle and modifiable risk factors can 

contribute to healthier aging and the management of chronic diseases. By focusing on 

these three specific angles, these studies target at filling these knowledge gaps and 

potentially inform more effective public health strategies and interventions tailored to 

aging populations and individuals with chronic conditions, which is aligned with the 

principles of precision medicine. 

Research objectives and hypotheses 

Manuscript 1 
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Specific Aims 

• We aimed to determine the trends in the prevalence of the overall healthy 

lifestyle factors among US Type 2 Diabetes (T2D) in NHANES 1999-2018 and 

to detect any disparities among different socioeconomic subgroups. 

• We also aimed to examine the associations of these lifestyle factors in relation 

to all-cause and cause-specific mortality among US Type 2 Diabetes (T2D) in 

NHANES 1999-2014. 

Hypotheses   

• From 1999-2018, the trend of overall healthy lifestyle behavior improved 

among US T2D over the years, but disparities still existed among different 

socioeconomic stratifications. 

• An increase in the healthy lifestyle score is hypothesized to be significantly 

associated with a reduction in all-cause and cause-specific mortality risks 

among US adult T2D, NHANES 1999-2014.  

• The healthy lifestyle score is independently associated with mortality 

considering controlling blood pressure, glucose, and cholesterol among US 

Type 2 Diabetes (T2D). 

Manuscript 2 

Specific Aims 

We aims to evaluate the causal effect of BP on WM brain aging in the general 

population as well as sex and age-specific groups to understand the benefits of 

controlling BP in reducing accelerated brain aging. 
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Hypotheses   

• Elevated BP would accelerate brain aging. 

• Such causal effect is more prominent in more vulnerable age and sex groups 

Manuscript 3 

Specific Aims 

Our study aims to elucidate the association between LE8 and the White Matter (WM) 

Brain Age Gap (BAG), with a particular focus on how the Apolipoprotein E- ε4 

(APOE4) genotype may modify this relationship. 

Hypothesis 

• Increasing Life’s Essential 8 reduces white matter brain aging across all mid-

to-old ages and genders. 

• The APOE4-carriers have higher white matter brain aging compared to the 

non-APOE4-carriers.  

• The APOE4 gene attenuates the association between LE8 and WM BAG in an 

age- and gender-dependent manner.  

Innovations and significance  

 

This research presents meaningful findings in the field of type 2 diabetes (T2D) 

management, hypertension's impact on brain aging, particularly in late-middle-to-old 

women, and the broader implications of modifiable lifestyle and cardiovascular risk 

factors on brain aging. 
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The first manuscript delivers a critical analysis of lifestyle quality trends in T2D 

patients in the recent 20 years in the US, uncovering a persistent socio-economic 

disparity and establishing a robust, independent association between lifestyle quality 

and reduced mortality in T2D, independent of the metabolic risk factor control. This 

insight is pivotal as it underscores the substantial yet underemphasized potential of 

lifestyle improvements in enhancing life expectancy for T2D patients. 

In the second manuscript, the use of Mendelian Randomization to establish 

causality between hypertension and brain aging in late-middle-to-old women is novel 

and represents a significant methodological advancement. This approach not only 

strengthens the causal inference but also pointed out a more vulnerable group, mid-to-

old women. 

The third manuscript integrates these findings by examining the 'Life's Essential 

8' (a comprehensive framework combining updated lifestyle and metabolic risk factors) 

and their influence on white matter brain aging (WM BAG). This study not only 

extends our understanding of early prevention strategies in chronic diseases but also 

delves into the gene (APOE4)-environment interactions on a sex-and-age-dependent 

manner, offering nuanced insights into the variability of these prevention strategies 

across different sexes, ages, and genotypes. 

Collectively, these manuscripts in this dissertation contribute significantly to 

the field by highlighting the critical role of modifiable lifestyle and metabolic 

(cardiovascular) risk factors in managing chronic diseases and brain aging. The first 

study's revelation of an SES disparity in lifestyle quality among T2D patients 

illuminates a crucial area for public health intervention. The second study's exploration 
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of hypertension's role in brain aging via Mendelian randomization provides a novel 

perspective on cardiovascular risk management, especially in older women. Finally, 

the third study's comprehensive examination of 'Life's Essential 8' in relation to WM 

BAG and gene-environment interactions not only reinforces the importance of early 

prevention strategies but also offers personalized insights for targeted interventions. 

In summary, this research collectively offers innovative perspectives on chronic 

disease and aging management, emphasizing the transformative potential of lifestyle 

modifications and risk factor management. The implications extend beyond academic 

discourse, offering practical, evidence-based strategies for clinicians, public health 

policymakers, and patients, especially those grappling with T2D, hypertension, and 

brain aging. 
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Chapter 2: Methods Review 

Overview of research design 

Manuscript 1 

This research investigated the trends in healthy lifestyle quality among Americans 

with diabetes and its association with mortality. Utilizing data from the National Health 

and Nutrition Examination Survey (NHANES) from 1999 to 2018, the study included 

7,410 participants with type2 diabetes (T2D), identified through self-reported diagnosis, 

insulin or antidiabetic agent use, and glycemic measures. The study constructed a healthy 

lifestyle score based on four factors: smoking, alcohol consumption, physical activity, and 

diet, with higher scores indicating a healthier lifestyle. 

Trend analysis in the study combined NHANES cycles into four-year intervals and 

assessed changes using linear and logistic regressions. The study examined differences in 

lifestyle scores over time and across various demographics, including age, sex, 

race/ethnicity, and socioeconomic groups. Additionally, the research assesses the 

association of individual lifestyle factors and the overall score with total and cause-specific 

mortality, using Cox proportional hazards regression models. These models account for a 

range of covariates, including demographic factors, health status, and diabetes-related 

variables. The study also explores interactions between lifestyle scores and metabolic risk 

factor management on mortality risk. 

Manuscript 2 
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In this study, we focused on N=228,473 individuals of European ancestry who 

had genotype data and clinical BP measurements available (103,929 men and 124,544 

women, mean age=56.49, including 16,901 participants with neuroimaging data 

available) collected from UK Biobank (UKB). We first established a machine learning 

model to compute the outcome variable Brain Age Gap (BAG) based on WM 

microstructure integrity measured by fractional anisotropy derived from diffusion tensor 

imaging data. We then performed a two-sample Mendelian Randomization (MR) analysis 

to estimate the causal effect of BP on WM BAG in the whole population and subgroups 

stratified by sex and age brackets using two non-overlapping data sets.  

Manuscript 3 

In this study, we used white matter (WM) integrity measured by FA to predict the 

brain age and calculate white matter BAG in the UKB cohort. First, we set up specific 

inclusion criteria: 40-69, no brain injury, no neurodegenerative diseases or cancer history 

at baseline, and phenotype and brain WM integrity data. Then, we will calculate a healthy 

modifiable lifestyle score based on the definition of low-risk smoking, alcohol 

consumption, physical activity, diet, sleep duration, sedentary behavior, and social 

connection for each participant. A multiple linear regression model will be used to examine 

the association between lifestyle score and WM BAG among the testing group of overall 

and stratified participants, adjusting for potential confounders. We hypothesized that 

increasing a healthy lifestyle score is associated with decreasing brain aging (WM BAG), 

which may differ by demographic or health status. 
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Main statistical and machine learning methods 

Machine learning in assisting predicting white matter brain aging 

Advanced age is the leading independent risk factor for cognitive impairment and 

dementia, followed by other variables such as genetic, socioeconomic, and environmental 

factors1. “Brain age” is a metric calculated from structural or functional imaging using 

machine learning method2-4 to quantify the brain aging status5-7. The difference between 

brain age and chronological age is termed Brain Age Gap (BAG)2-4,8. BAG is a scalar 

metric that can provide more robust and interpretable results for researchers to study. A 

positive BAG implies accelerated brain aging, while a negative BAG implies decelerated 

brain aging5. BAG, as a biomarker for brain health, has become promising and prominent 

in recent studies that studied brain aging and disorders9-14. 

The central nervous system can be divided into gray (functional) and white matter 

(structural). White matter, found in the deeper tissues of the brain (subcortical), in the 

human brain is primarily composed of bundled myelinated (up to 87%) and unmyelinated 

axons (nerve fibers), along with myelin-producing glial cells15. It occupies nearly 50% of 

the total cerebral volume field 34 and is essential for helping the body process information 

(the transmission of electrical signals across different brain regions), which is related to 

focus, learning, dealing with problems, and keeping balanced. In contrast, gray matter, 

found on the surface of the brain (cortical), mainly consists of neuronal cell bodies, 

dendrites, axons, and glial cells, and is involved in processing electrical and chemical 

signals for interneuronal communication15. 
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The study of white matter is crucial in the context of aging because it plays a key 

role in the efficient transmission of signals in the brain. Any malfunction in white matter 

can lead to serious consequences, making it a significant biomarker for indicating 

biological age16. To measure and study alterations in white matter, especially age-related 

changes, magnetic resonance imaging (MRI) is widely used. Measuring white matter 

changes by structural MRI techniques include T1-weighted and T2-weighted MRI, and 

diffusion tensor imaging (DTI). T1-weighted MRI is often used for acquiring high-

resolution structural images of the brain (white matter volume), maximizing the contrast 

between gray matter, white matter, and cerebrospinal fluid17. T2-weighted MRI, on the 

other hand, is useful in detecting pathological lesions in white matter, such as those caused 

by edema, inflammation, and other pathologies, which often accompany pathological 

changes and appear as a hyperintensity in T2 sequences (white matter hyperintensities). 

For providing insights into the microstructural organization of the brain, DTI is a 

specialized form of MRI that is particularly effective in assessing the integrity of multiple 

white matter tracts. DTI is presently a promising tool for studying white matter architecture 

of healthy and problematic conditions in humans18. It measures the diffusion of water 

molecules in tissue. Fractional Anisotropy (FA) is a key metric derived from DTI, 

quantifying the degree of anisotropy, or directional dependence, of water diffusion in 

tissue19. Higher Fractional Anisotropy values typically indicate greater directional 

coherence and integrity of white matter fibers, suggesting healthier and more efficient 

neural pathways. Conversely, reduced fractional anisotropy values can signal disruptions 

in white matter, often seen in various neurological disorders. Fractional anisotropy has thus 

become an important biomarker in the study of brain diseases, especially in understanding 
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the progression of neurodegenerative diseases and the impact of therapeutic interventions20. 

An age-related decline follows the development of brain white matter integrity. The loss 

of white matter integrity may lead to including age-related cognitive decline, dementia, and 

multiple sclerosis21. Hence, white matter integrity measured by DTI can be a sensitive 

indicator to estimate biological brain age using machine learning techniques.  

Machine learning (ML) techniques have revolutionized the field of neuroimaging 

by providing advanced tools for analyzing complex data sets22. One such technique, 

random forest regression, has shown promise in predicting white matter brain age23,24. 

Random Forest is an ensemble learning method that operates by constructing a multitude 

of decision trees during training and outputting the mean prediction of the individual trees. 

Random Forest is a refined version of classification and regression tree models25. Random 

Forest Regression performs implicit feature selection through its model-building process, 

starting with the creation of multiple bootstrap samples from the original dataset to build 

diverse trees. Each tree considers a random subset of features at every split, introducing 

variability and ensuring not all features are used at once, which aids in feature diversity. 

This process allows the algorithm to evaluate and select the most informative features for 

splits, based on criteria like variance reduction. After constructing the trees, the Random 

Forest aggregates their predictions, highlighting the importance of features used across 

trees. The importance is determined by how significantly each feature reduces impurity 

(e.g., variance) on average, making it a key indicator of a feature's contribution to the 

model's predictive accuracy. When applied with K-fold (5-fold) cross-validation, this 

method ensures robustness and generalizability in the model. In K-fold cross-validation, 

the data set is divided into K parts, with each part being used as a test set while the 
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remaining data serve as the training set in a rotational manner. This process helps in 

reducing overfitting and improves the model's ability to predict white matter brain age 

accurately by learning from various subsets of data. This approach is particularly useful in 

capturing the intricate patterns in neuroimaging data, such as Diffusion Tensor Imaging -

derived fractional anisotropy values, which are indicative of white matter integrity and 

brain aging13,26-30. 

Additionally, other machine learning techniques like support vector machines, 

neural networks, and deep learning algorithms are increasingly being employed in 

neuroimaging research. support vector machines are effective in classifying patterns and 

anomalies in imaging data, making them useful for distinguishing between healthy and 

pathological brain states. Neural networks, especially deep learning models, are adept at 

handling large-scale neuroimaging data, uncovering complex relationships, and identifying 

subtle changes in brain structure and function over time. These techniques offer significant 

potential in advancing our understanding of brain aging and neurodegenerative diseases, 

providing a more nuanced and detailed analysis of neuroimaging data. By harnessing the 

power of machine learning, researchers can gain deeper insights into the aging brain, 

ultimately contributing to the development of more effective diagnostic tools and 

therapeutic strategies. 

Mendelian randomization: one causal inference model in observational studies 

Mendelian randomization (MR) has emerged as a powerful method for assessing 

causal relationships in observational studies, particularly in the field of epidemiology31. 

This method leverages genetic variants, typically single-nucleotide polymorphisms (SNPs), 

as instrumental variables to infer causality between exposures and outcomes. The core 
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foundation of MR is Mendel's laws of inheritance, which ensure that these genetic variants 

are randomly allocated at conception, thus mimicking the randomization process of 

randomized controlled trials, the gold standard for cause-effect research32. 

MR overcomes some key limitations of traditional observational studies, such as 

bias, confounding, and reverse causation33. Since genetic variants are fixed at birth and not 

influenced by environmental or lifestyle factors, they can serve as proxies for risk factors, 

enabling researchers to investigate the causal effect of these factors on disease outcomes. 

For instance, MR has been instrumental in clarifying the causal role of factors like lipid 

levels, alcohol consumption, and body mass index in various diseases34. 

MR has three critical assumptions to select the valid instrumental variables. First, 

the genetic variant must be associated with the exposure of interest. Second, the genetic 

variant should not be associated with confounders of the exposure-outcome relationship. 

Lastly, the genetic variant affects the outcome solely through the exposure, a principle 

known as the exclusion-restriction criterion35. This is commonly called the “no pleiotropy” 

rule. If an SNP is correlated with several traits, irrespective of the exposure of interest, the 

third IV assumption may be infringed. While it is not possible to prove that this assumption 

is considered in an MR study, different extensions of the MR design such as MR-Egger or 

a weighted median test can be used to detect the presence of pleiotropy and/or estimate the 

causal effect of exposure, even in the presence of assumption 2 and/or 3 violations32. 

Violations of these assumptions can lead to biased estimates and misinterpretations of 

causal relationships. 

With advancements in genomics and the availability of large-scale biobank data, 

the application of MR studies have been applied in a growing rise. They offer a 
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complementary approach to randomized controlled trials (RCTs), particularly when RCTs 

are impractical or unethical. The integration of MR into epidemiological research has 

illuminated our understanding of numerous health conditions, informing public health 

policies and therapeutic strategies. 

Despite its strengths, MR is not without limitations. It requires large sample sizes 

to detect modest causal effects and is subject to potential biases such as pleiotropy, where 

a genetic variant influence multiple traits. Additionally, MR analyses are generally 

confined to the effects of lifelong exposure, which may differ from the effects of short-

term interventions36. 

In summary, Mendelian randomization represents a significant advancement in 

causal inference within observational studies, providing a more rigorous approach to 

deciphering the complex relationships between risk factors and health outcomes. As 

genetic data becomes increasingly accessible and methods continue to evolve, MR will 

undoubtedly play a pivotal role in enhancing our understanding of disease etiology and 

guiding evidence-based healthcare decisions.  
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Chapter 3: Secular Trends in Overall Lifestyle Quality and 

Associations with Mortality among US Adults with Diabetes, 

1999-2018 

A refined version was accepted and in press by the American Journal of Epidemiology in 

March 2024  

(Copyright and permission will be obtained by the author once it is published) 

Introduction 

Diabetes continues to be a major public health concern that requires extensive 

efforts to elucidate driving and protective factors. In the US, the prevalence of type 2 

diabetes has increased from 10.3% in 2001-2004 to 11.3% in 2017-2020, translating into 

37.3 million people with diabetes (PWD)1. Meanwhile, causes of death among PWD have 

been diversifying in the past two decades, with an overall decline in deaths from 

cardiovascular disease (CVD) and a relative increase in deaths from non-vascular causes 

that calls for more comprehensive strategies in diabetes management2. The objective of 

this study was to assess the trend of adherence to healthy behaviors among US adults with 

diabetes. 

Recent studies have shown that the use of medication aiming at metabolic risk 

control among PWD has plateaued since 2010, and only 21%-22% of participants achieved 

the American Diabetes Association targets for vascular complication prevention3. 

Moreover, these medications were not associated with the emerging complications of 

diabetes, such as cancer and dementia4-7. In addition to pharmacological treatment of 
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metabolic risk factors, lifestyle modification plays a fundamental role in diabetes care8, and 

may provide broad health benefits for different diseases9-11. Previous observational studies 

and clinical trials have demonstrated the strong inverse associations of a healthy lifestyle 

with morbidities and mortality from various causes12-14. However, few studies have 

examined the secular pattern of adherence to healthy behaviors among PWD. 

The objective of this study was to assess the trend of adherence to healthy behaviors 

among US adults with diabetes. Furthermore, we examined the association between 

lifestyle score and mortality using nationally representative data and investigated whether 

the associations were independent of metabolic control status.  

Methods 

NHANES Study Design and Data Collection 

The continuous National Health and Nutrition Examination Survey (NHANES) is 

a nationally representative survey of the noninstitutionalized, civilian population in the 

United States using a stratified, multistage probability design in 2-year cycles since 1999. 

Details on the study design, protocol, and data collection methods have been documented 

elsewhere15. Briefly, each survey participant completed a household interview and 

underwent a physical examination on health and nutritional status. The NHANES study 

protocol was approved by the National Center for Health Statistics Ethics Review Board. 

Written informed consent was obtained from all participants. We used 4-year weights 

provided by the National Center For Health Statistics for 1999-2002 and 2-year weight 

for the following cycles and combined the weight across cycles with a formula provided 

by the analytical guidelines15. 
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Information on age, sex, race/ethnicity, education, poverty income ratio (PIR), 

and medical conditions was collected using structured questionnaires during household 

interviews. Hypertension, cardiovascular disease, and cancer were self-reported at the 

same time. Body weight, height, and blood pressure were measured at mobile 

examination center by trained staff. Fasting plasma glucose, HbA1c, total cholesterol, 

high-density lipoprotein cholesterol, albumin, and creatinine were measured at laboratory 

according to the standard protocols. Based on these data, this study further conducted the 

following data processing and analysis. 

Exclusion of Participants 

We included all participants with diabetes in the NHANES from 1999 through 

2018 (n = 9802). Diabetes was identified through self-reported diagnosis by a physician, 

use of insulin or antidiabetic agents (diagnosed diabetes), and glycated hemoglobin A1c 

(HbA1c) level ≥6.5% or a fasting plasma glucose ≥126 mg/dL (undiagnosed diabetes). 

We excluded participants who were diagnosed before the age of 30 and started on insulin 

around the time of diagnosis (n = 855) to rule out type 1 diabetes16. Among the remaining 

participants, we also excluded those who were <20 years old (n = 158, 1.8%, which 

defines adults in NHANES), pregnant (n = 29, 0.3%), without sample weights (n = 976, 

11.1%), or with missing data on main variables of interest (physical activity, diet, alcohol 

consumption, smoking) (n = 374, 4.3%). After these exclusions, 7410 participants 

remained in the trend analysis (Figure 1). 

Definition of Lifestyle Factors 

We constructed a healthy lifestyle score including four lifestyle factors (cigarette 

smoking, alcohol consumption, physical activity, and diet) in line with previous studies17-
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19. All lifestyle factors were obtained from standardized questionnaires and 24-h diet 

recall. Details on the assessment of the individual lifestyle factors can be found through 

NHANES website20. In brief, participants were asked whether they had smoked over 100 

cigarettes in their lifetime. Those who answered “no” were categorized as never smokers 

and got 1 point for a healthy lifestyle score17. Participants aged 18 years or older were 

asked about their alcohol consumption frequency over the past 12 months and 

categorized into three groups: nondrinkers, moderate drinkers (defined as 0 to ≤2 

drinks/day for men and >0 to ≤1 drink/day for women), and heavy drinkers (>2 

drinks/day for men and >1 drink/day for women)18,19. The Healthy Eating Index 2020 

(HEI-2020, renamed from HEI-2015) is made up of 13 food groups or nutrients that 

reflect the different food groups and key recommendations in the 2020-2025 Dietary 

Guidelines for Americans21. In this study, all available diet records from 24-hour diet 

recalls were used to calculate HEI-2020. Food groups were determined using the United 

States Department of Agriculture Food Patterns Equivalence Database, and nutrient 

content for food and beverage was calculated using the United States Department of 

Agriculture Food and Nutrient Database for Dietary Studies22. A healthy diet was defined 

as scoring in the top 40% of the weighted distribution for HEI-202017,22,23. Frequency, 

intensity, and duration of physical activity were assessed using the Global Physical 

Activity Questionnaire. Weekly metabolic equivalent hours (METs-h/week) of leisure-

time physical activity were calculated by multiplying the total hours spent in each activity 

during the past 7 days by the corresponding MET levels. Given that the questionnaire 

varied in different survey years, METs-h/week was calculated and categorized into 

tertiles separately in 1999-2006 and thereafter. Participants who engaged in adequate 
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physical activity in the top tertiles were considered to have a healthy level of physical 

activity17. For each lifestyle factor, we assigned 1 point for a healthy level and 0 point 

otherwise. The healthy lifestyle score was the sum of the points and ranged between 0 

and 4, with higher scores indicating a healthier lifestyle.  

Body mass index (BMI) was not included in the lifestyle score since weight 

change could be a symptom of diabetes and affected by medical treatment18. Of note, 

other healthy behaviors, such as adequate sleeping, sedentary behaviors, and social 

connection have also been recommended by American Diabetes Association8, but these 

data were only available in some NHANES cycles, thus they are not used in our study.  

Definition of Covariates 

The PIR was defined as the total family income divided by the poverty threshold 

according to the Department of Health and Human Services’ poverty guidelines24. BMI 

was calculated as weight in kilograms divided by the square of height in meters. Mean 

systolic blood pressure (SBP) and diastolic blood pressure (DBP) was calculated 

according to the analytic guidelines15. We calibrated plasma glucose measurements to 

early survey cycles by using the recommended backward equations15. Urine and serum 

creatinine levels were also calibrated to account for the changes to laboratory methods, 

equipment, or site. We defined hyperlipidemia as self-reported diagnosis or blood total 

cholesterol 240 mg/dL25. Diabetes duration was calculated as the years between the 

first occurrence of diabetes and baseline assessment for diagnosed patients and assigned 

as 0 year for undiagnosed participants. People with diabetes who met one of the 

following conditions were considered with complications: albuminuria (albumin-to-

creatinine ratio 30 mg/g), retinopathy, or impaired estimated glomerular filtration rate 
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(< 60 mL/min/1.73 m2)25. We further classified participants into two strata based on 

whether they achieved the three risk factor control targets, which was defined as HbA1c 

<7%, SBP <140 mmHg and DBP <90 mmHg, and non-high-density lipoprotein 

cholesterol <130 mg/dL according to a previous study3. 

Ascertainment of Mortality 

Mortality from all causes, CVD, cancer, and other causes was ascertained by 

linkage to the National Death Index using a probabilistic matching strategy through 

December 31, 201926. The ICD-10 codes were used to identify participants for whom 

CVD (codes I00-I09, I11, I13, I20-I51, I60-I69) or cancer (codes C00–C97) was listed 

as the underlying cause of death. Other mortality referred to deaths from causes other 

than CVD or cancer. Person-time was calculated from baseline to the date of death, or 

last follow-up (December 31, 2019), whichever occurred first. Among those decedents, 

143 cases recorded within the first year of follow-up were censored in the analysis to 

minimize the influence of pre-existing conditions on the associations of interest.  

Statistical Analysis 

Sample weights, clustering, and stratification were incorporated in all analyses 

according to the NHANES Analytic Guidelines to ensure nationally representative 

estimates15. 

In trend analysis, we combined two adjacent NHANES cycles into 4-year 

intervals to minimize the small sample bias and improve the precision of estimates. Data 

from diagnosed and undiagnosed diabetes were also combined since there were no 

significant difference between those groups (Table 2). An overall trend was assessed 

using linear regressions (continuous variables) or logistic regressions (binary variables) 
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with survey cycles as a continuous variable in models. Absolute differences in estimated 

means or percentages were calculated between 1999-2002 and 2015-2018. We also 

assessed the secular trend in adherence to healthy behaviors among the general 

population (nonpregnant US adults aged 20 years or older) by using data from NHANES 

and compared it with those in PWD. Stratified analyses were performed by age, sex, 

race/ethnicity, PIR, education, health insurance, BMI, diabetes duration, risk factors 

management, and diabetes status.  

In sensitivity analyses, we examined overall trends in 2-year survey cycles to 

explore the impacts of combining 4-year cycles on the results. Another sensitivity 

analysis used non-missing data for each certain lifestyle factor at a time to reduce the 

influence of missing data on trend analyses. Finally, to test the robustness of findings 

over the definition of healthy lifestyle behaviors, we redefined low-risk physical activity 

as 150 min/week of moderate activity or 75 min/week of vigorous activity, or an 

equivalent combination according to the Physical Activity Guidelines for Americans27, 

low-risk alcohol consumption as non-drinking or moderate drinking and considered never 

smoking or previous smoking as healthy. 

Hazard ratios (HRs) and 95% confidence intervals (CIs) for the associations of 

individual lifestyle factors and the overall lifestyle score with total and cause-specific 

mortality were calculated using Cox proportional hazards regression models. In these 

multivariable models, we adjusted for age, sex, race/ethnicity, education, poverty, BMI, 

hypertension, use of antihypertensive agents, hyperlipidemia, use of  antihyperlipidemic 

agents, CVD and cancer, diabetes duration, HbA1c, use of antidiabetic agents, and 

diabetes complications. The linear trend was tested by assigning a median value to each 
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lifestyle score category as a continuous variable. The proportional hazards assumption 

was examined using Schoenfeld residuals and we found no significant violation of the 

assumption. We used indicator variables for categorical covariates with missing rate >5% 

to minimize sample reduction because of missing values. Otherwise, missing covariates 

were replaced with mean values for continuous variables or modes for categorical 

variables. Joint analysis was performed to test potential interactions of metabolic risk 

factor management (blood pressure control, glycemic control, and lipid control) with 

lifestyle score on risk of all-cause mortality.  

Population attributable risk (PAR) was calculated to estimate the proportion of 

all-cause mortality in the study population that theoretically would have been avoided, 

assuming a causal relationship between the lifestyle factors and the mortality risk if all 

participants had adhered to low-risk lifestyle factors.  

All analyses were conducted with R software (version 4.1.2, R Foundation for 

Statistical Computing). A two-sided P < 0.05 was considered statistically significant. 

Results 

The characteristics of the study participants for trend analysis are shown in Table 

1. The average age of study participants has been between 58-60 years with 48-51% 

being female, while other characteristics that remained stable over time includes race, and 

prevenances of CVD, cancer, and diabetes complications. Proportions of participants 

increased for high PIR, high education, high BMI, hypertension, hyperlipidemia, longer 

diabetes duration, use of antidiabetic agents, achieved 3 risk control goals, and covered 
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by health insurance. HbA1c, SBP, and TC turned to decrease among Americans with 

diabetes.  

From 1999 to 2018, the weighted percentages of never smoking, healthy diet, and 

adequate physical activity remained stable across cycles (all P for trend > 0.05), but the 

proportion of moderate drinking increased significantly from 28.2% (95% CI, 23.6% to 

32.8%) in 1999-2002 to 36.7% (31.8% to 41.6%) in 2015-2018. The percentage of 

participants engaged in adequate physical activity increased from 32.3% (95% CI, 27.5% 

to 37.2%) in 1999-2002 to 34.2% (95% CI, 31.5% to 37.0%) in 2003–2006 and finally 

reached 37.1% (95% CI, 32.7% to 41.5%) in 2015–2018 (Figure 2 and Table 2). The 

proportion of participants who adhered to 3-4 low-risk lifestyle factors increased by 7.8 

(2.9 to 12.7), while those with 0-1 lifestyle factor decreased by 9.6 (2.0 to 17.1) (all P for 

trend < 0.05, Figure 3 and Table 2). For overall lifestyle score, the estimated mean value 

significantly improved from 1.4 (95% CI, 1.3 to 1.5) in 1999-2002 to 1.6 (95% CI, 1.5 to 

1.8) in 2015-2018 (P for trend = 0.002), and it was in parallel with the general population 

(Figure 4 and Tables 2-3).  

In stratified analyses (Figure 5), the lifestyle score of participants aged 60 years 

and older significantly improved, with the mean value increasing by 0.3 (95% CI, 0.1 to 

0.5; P for trend = 0.001, Figure 2A) to 1.7 in 2015-2018. The estimated mean lifestyle 

score was initially lower among non-Hispanic Blacks compared to non-Hispanic Whites 

(1.2 vs. 1.5 in 1999-2002), but the two groups reached a similar level in 2015-2018 (1.7 

vs. 1.6, Figure 5B and Table 4). During the entire study period, participants with higher 

income, higher education level, and those covered by health insurance had higher 

lifestyle score and, in the meantime, they were more likely to show a significant increase 
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in adherence to healthy behaviors (Figure 5C-5E). The differences between 2015-2018 

and 1999-2002 were 0.2 (0.05 to 0.4) for PIR ≥1.00, 0.1 (-0.05 to 0.3) for those with 

higher education attainment, and 0.2 (0.1 to 0.4) for those with health insurance. In 

addition, the healthy lifestyle score increased by 0.3 (0.1 to 0.5), 0.3 (0.1 to 0.5), and 0.2 

(0.007 to 0.4) among PWD with BMI <30 kg/m2, diabetes duration ≥5 years, and 

incomplete attainment of all metabolic risk control goals, respectively, while no 

significant changes were observed among their counterparts. The estimated mean lifestyle 

score among diagnosed and undiagnosed diabetes groups was similar (Table 4). 

The findings for lifestyle factors and overall lifestyle score were not materially 

altered when we examined overall trends in 2-year survey cycles (Table 5), when we 

restricted participants to those without missing data on each certain lifestyle factor, and 

when we redefined the definition of lifestyle score, all of which have shown a minor 

improvement in lifestyle score (results not shown). 

Baseline characteristics of the study population according to the lifestyle score 

were shown in Table 6 in the Supplement. During a median follow-up of 6.9 years, 2037 

deaths were documented, including 701 CVD deaths, 340 cancer deaths, and 996 other 

deaths. As shown in Table 7 in the Supplement, each lifestyle factor was inversely 

associated with the risk of all-cause mortality. Compared with participants who adhered 

to 0 low-risk lifestyle factor, multivariable-adjusted hazard ratios (95% CIs) for 

participants scoring 1, 2, and 3-4 were 0.76 (0.65, 0.89), 0.58 (0.47, 0.71), and 0.44 (0.34, 

0.57), respectively (Table 8). A similar pattern was found when we examined the 

association of lifestyle score with CVD mortality, cancer mortality, and other causes of 

deaths (Table 8, all P for trend <0.005). Adjusted PARs (95% CIs) for individual non-
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favorable lifestyle factors ranged from 9.3% (1.1% to 17.2%) to 26.2% (15.5% to 36.1%; 

Table 7). Compared with those who adhered to 3-4 low-risk lifestyle factors, participants 

with 0 score received the PARs of 13.5% (8.6% to 18.3%) for all-cause mortality, 10.8% 

(2.7% to 18.8%) for CVD mortality, 15.2% (5.5% to 25.0%) for cancer mortality, and 

15.0% (8.9% to 21.1%) for other-cause mortality (Table 8). No significant interaction 

was found between lifestyle score and metabolic risk factor management on all-cause 

mortality. Among participants who achieved 0-1 or 2-3 risk factor control goals, adhering 

to 3-4 low-risk lifestyles was consistently associated with a 55%-57% lower risk of 

mortality (Figure 6).  

Discussion 

In a series of NHANES surveys, we found that the adherence to healthy behaviors 

among PWD remained low over the past two decades. Lifestyle score of non-Hispanic 

Black group caught up with those of other ethnic groups, while PWD with low 

socioeconomic status were largely behind their counterparts.  

To our knowledge, this is the first study that reported long-term trends of overall lifestyle 

score among Americans with diabetes. We found the secular pattern of lifestyle 

characteristics in this group was parallel with that of the general population (Figure 2). 

For example, the large proportions of PWD with moderate drinking or not smoking in 

recent surveys reflected the national trends in alcohol consumption and smoking since 

1980s28,29. Meanwhile, the low percentages of PWD meeting Physical Activity 

Guidelines were similar with the high prevalence of insufficient physical activity and 

sedentary behaviors in the whole population30,31. Several studies observed small but 
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significant improvement in dietary quality among Americans22,32, but no significant 

trends were observed in our study, possibly because of challenges and limited resources 

for meal planning and nutrition education for PWD8. Collectively, the lifestyle score of 

Americans with diabetes has been low, which renders a huge potential for behavior 

modification33. In the Look AHEAD study, CVD events were significantly lower than 

projected in both lifestyle intervention groups, and the intensive care group also had 

improved cardiometabolic traits, need of diabetes medication, and quality of life 

compared to the control group34. Despite this, only 4-7% PWD accessed diabetes self-

management education and support programs targeting at behavior changes35. In 

accordance with these findings, we found that adherence to healthy behaviors among 

diagnosed and undiagnosed PWD was not largely different, suggesting diagnosed PWD 

failed to follow current lifestyle management recommendations, which calls for further 

strategies for effective behavior change in this high-risk group. 

Our study showed that unhealthy lifestyle disproportionately affected PWD with 

low socioeconomic status and ethnic minorities. Of note, PWD with lower income, 

education, and no insurance fell largely behind their counterparts, which might be 

explained by the lower access, affordability, and quality of health care in people with 

lower socioeconomic status36. Those populations also experienced a higher burden of 

diabetes in terms of prevalence, incidence, morbidity, and mortality37. The social 

determination of health (SDOH) is considered one root cause of diabetes disparities, yet 

current research and practice in diabetes translation do not directly address these 

determinants, limiting the potential benefits for populations experiencing health 

inequalities37. As these unequal vulnerabilities might be worsened over time, new 
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intervention strategies need to be developed to target the fundamental causes of 

inequality in SDOH, such as educational access and quality36. Meanwhile, it is crucial for 

governments and relevant stakeholders to take several measures, such as setting health 

equity as a goal of diabetes translation, establishing common definitions of SDOH, and 

implementing macro-level interventions37. 

The significant increase of overall lifestyle score and individual factors like 

physical activity among African Americans was in line with data showing that the Black-

White gap in physical inactivity have narrowed, but the overall health status among 

African Americans have worsened compared to the White group38. Although lifestyle 

score of younger PWD was not largely different from older patients, previous studies 

have found that this group has been growing, with faster diabetes progression and worse 

metabolic control targets that may benefit from lifestyle management39.  

In our study, inverse associations between lifestyle quality and mortality were 

observed for total and non-vascular deaths, and independent of metabolic control targets. 

Owing to the large improvement in risk control medication over the past two decades, the 

amount of PWD meeting glycemic, blood pressure and lipid targets were more than 

doubled3, leading to steady decreases in diabetes complications and deaths from vascular 

causes40. Meanwhile, it has been shown that the relative increases of death from non-

vascular causes that collectively contribute to over 65% of PWD death in 2010-2015, 

with a potential resurgence of diabetic complications more recently40. We and others have 

found that a higher lifestyle score was strongly associated with deaths from several non-

vascular causes, such as those from cancer, respiratory diseases, and digestive 

diseases12,41, highlighting potential benefits of a healthy lifestyle beyond vascular health. 
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In joint-analysis, total mortality risk among those with the highest lifestyle score were 

halved compared to those scored 0, which was independent of metabolic control goals 

achieved. Collectively, these data further supported the fundamental role of lifestyle 

management in the overall health and survival of PWD.  

The improvement in adherence to healthy behaviors could be attributed to the 

various programs and public health policies that promote lifestyle modification in 

diabetes35, the advancements in diabetes care (such as medication use, healthcare access, 

and public health insurance coverage)42, and the improvements in self-care practices43. To 

further extend the life expectancy of PWD, a combination of policy-level, system-level, 

and patient-level approaches mentioned above is required to achieve the treatment goals 

and lifestyle modification44,45. 

The key strengths of this study are the data we collected from a series of large 

nationally representative samples of US diabetes adults for trend analysis and mortality 

study and highlighting the significant disparities across socioeconomic and racial groups. 

Several limitations of this study should be considered. First, the study is subject to 

information bias due to the self-reported nature of lifestyle factors and diabetes diagnosis 

and whether this bias may change over time is not known, which may limit the ability to 

detect subtle changes when using the broad categorization of lifestyle factors. Second, the 

estimated trends could be influenced by the definition of healthy lifestyle. However, a 

series of sensitivity analyses demonstrated the robustness of our findings. Third, the 

lifestyle factors that have been independently associated with the long-term survival of 

PWD are beyond the four factors we analyzed. Some healthy behaviors, such as adequate 

sleeping, low sedentary time, and social connection were not measured in early NHANES 
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cycles, yet patient-centered care should consider incorporating all possible behaviors that 

have been linked to better diabetes management 8. Fourth, owing to changes in physical 

activity assessment over the study period, we cannot assess the trends in physical activity 

among people with diabetes. Fifth, further data on minor ethnic groups, such as non-

Hispanic Asians, were not available in most NHANES survey cycles in our study. Recent 

studies have found that the prevalence of inadequate physical activity and unhealthy diets 

among Asian Americans has increased in the general population, which is opposite to 

other race/ethnicity groups 46,47. Sixth, we were unable to further differentiate diabetes 

subtypes, but most of the patients are likely to have type 2 diabetes in light of the disease 

prevalence. Finally, as in any observational studies, we cannot exclude possible impacts 

of other unmeasured factors that may change healthy behaviors over time. 

Conclusion 

We found that adherence to healthy behaviors of PWD has been low in NHANES 

1999-2018. While African Americans closed their gaps with other ethnic groups, large 

disparities by socioeconomic status remained, which underlies great potential for 

improvement. Our findings further support the fundamental role of an integrated healthy 

lifestyle approach in long-term diabetes management, as highlighted by existing clinical 

guidelines.   
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Table 1. Characteristics of Participants with Diabetes by Survey Cycles in NHANES, 1999-2018 a 

  Survey-Weighted Mean or Percentage (%)   

Characteristics 1999-2002       2003-2006 2007-2010 2011-2014 2015-2018 P value 

No.b, (%) 1097 (13.9) 1146 (16.4) 1746 (19.3) 1557 (22.5) 1864 (27.9) 
 

Age, mean (SE), years 58.6 (0.8) 59.8 (0.8) 60.0 (0.5) 59.8 (0.4) 60.1 (0.6) 0.63 

Female, % (SE) 48.3 (1.9) 50.9 (1.9) 48.7 (1.5) 49.0 (1.7) 48.5 (2.2) 0.86 

Race/ethnicityc, % (SE) 
     

0.53 

    Non-Hispanic White 62.7 (3.4) 65.2 (3.5) 61.3 (3.5) 58.7 (2.8) 59.9 (2.8) 
 

    Non-Hispanic Black 15.1 (2.4) 16.1 (1.9) 16.6 (1.9) 16.0 (2.1) 13.2 (1.7) 
 

    Mexican American 6.8 (1.2) 8.4 (2.0) 10.3 (2.1) 8.9 (1.8) 10.2 (1.8) 
 

    Other Hispanic 7.8 (3.0) 4.1 (0.9) 5.4 (1.0) 6.7 (1.1) 6.2 (0.8) 
 

    Other  7.6 (2.3) 6.1 (1.2) 6.3 (1.1) 9.7 (1.3) 10.5 (1.0) 
 

Family PIR, % (SE) 
     

0.006 

   0 to 1.00 18.4 (2.2) 13.6 (1.5) 13.8 (1.3) 19.3 (1.8) 15.1 (1.4) 
 

   1.01 to 3.00 38.1 (2.0) 42.9 (2.4) 41.3 (1.9) 38.2 (1.9) 35.4 (2.0) 
 

   > 3.00 32.0 (2.3) 37.6 (2.3) 37.3 (1.9) 36.9 (2.2) 40.9 (2.1) 
 

   Missing 11.5 (2.5) 5.9 (1.6) 7.6 (0.8) 5.6 (0.7) 8.6 (1.1) 
 

Education level, % (SE) 
     

<0.001 

    High school or less 62.4 (2.2) 54.4 (2.7) 55.4 (1.9) 49.7 (2.3) 44.0 (2.0) 
 

    Some colleague or AA degree 25.0 (2.3) 28.4 (2.4) 27.9 (1.6) 31.4 (1.8) 31.9 (2.1) 
 

    College graduate or above 12.6 (1.6) 17.2 (1.7) 16.7 (1.4) 18.9 (1.8) 24.1 (2.1) 
 

BMI, mean (SE), kg/m2 32.1 (0.4) 32.7 (0.4) 33.2 (0.3) 33.4 (0.3) 33.4 (0.3) 0.05 

Prevalent disease, yes, % (SE) 
      

    Hypertension 56.3 (2.4) 66.0 (1.9) 65.9 (1.8) 66.0 (1.6) 65.7 (2.4) 0.01 

    Hyperlipidemia 50.7 (2.3) 61.4 (2.6) 62.3 (1.4) 67.0 (1.5) 63.1 (1.4) <0.001 
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    Cardiovascular disease 25.0 (1.8) 29.2 (2.8) 25.4 (1.5) 24.0 (1.4) 24.7 (1.8) 0.39 

    Cancer 13.4 (1.4) 14.4 (1.5) 17.1 (1.2) 17.0 (1.1) 16.1 (1.3) 0.18 

    Diabetic complicationsd  30.6 (2.2) 32.0 (2.4) 28.1 (1.2) 28.0 (1.5) 28.1 (1.9) 0.45 

Diabetes duration, % (SE) 
     

<0.001 

    Undiagnosed diabetese 21.7 (1.7) 22.2 (2.0) 24.1 (1.4) 17.1 (1.4) 16.9 (1.3) 
 

    < 8 years 36.4 (2.5) 37.0 (1.9) 33.7 (1.2) 36.0 (1.9) 33.2 (1.5) 
 

    ≥ 8 years 37.8 (1.9) 37.0 (2.5) 35.4 (1.5) 39.6 (1.7) 41.8 (1.9) 
 

    Missing 4.2 (1.0) 3.7 (0.6) 6.8 (0.9) 7.3 (1.1) 8.1 (0.9) 
 

HbA1c ≥7%, yes, % (SE) 52.1 (2.5) 40.2 (2.3) 40.6 (2.2) 43.0 (1.6) 41.5 (1.8) 0.002 

SBP, mean (SE), mmHg 132.9 (1.0) 132.3 (1.1) 128.1 (0.8) 130.6 (0.9) 130.9 (0.8) 0.002 

TC, mean (SE), mg/dL 205.5 (2.3) 199.1 (2.0) 187.6 (1.7) 184.6 (1.8) 183.2 (1.6) <0.001 

Use of antidiabetic agents, yes, % 

(SE) 

59.9 (2.0) 62.1 (1.7) 62.2 (1.7) 68.0 (1.5) 68.4 (1.7) <0.001 

Achieving all 3 risk control 

goalsf, % (SE) 

     <0.001 

    Yes 8.7 (0.9) 14.3 (2.0) 23.7 (2.2) 19.8 (1.5) 22.3 (2.2)  

    No 82.3 (1.6) 77.0 (2.5) 70.7 (2.1) 72.9 (1.5) 73.1 (2.3)  

    Missing 9.0 (1.4) 8.7 (1.4) 5.6 (0.7) 7.3 (0.9) 4.6 (0.6)  

With health insurance, % (SE) 87.9 (1.8) 88.3 (1.1) 86.5 (1.3) 86.8 (1.3) 91.1 (1.0) 0.04 

Lifestyle scoreg, median (IQR) 1 (1 to 2) 1 (1 to 2) 1 (1 to 2) 2 (1 to 2) 2 (1 to 2) 0.01 

Abbreviations: AA, associate; BMI, body mass index; HbA1c, hemoglobin A1c; IQR, interquartile range; NHANES, National Health 

and Nutrition Examination Survey; PIR, poverty income ratio; SBP, systolic blood pressure; SE, standard error; TC, total cholesterol.  
a Values were reported as weighted mean or percentage (SE) as appropriate unless otherwise indicated, using complex survey 

methods. Percentages may not sum to 100% owing to rounding. 
b Values indicated unweighted sample size and weighted percentage. 
c Race/ethnicity was determined by self-report in fixed categories. The “other” group included other non-Hispanic races or multiple 

races. 
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d Including albuminuria (albumin-to-creatinine ratio ≥30 mg/g), reduced estimated glomerular filtration rate (<60 mL/min/1.73 m2), 

and retinopathy (any retinal microaneurysms or blot hemorrhages). 
e Defined as having a fasting plasma glucose ≥126 mg/dL or HbA1c ≥6.5% among individuals without self-reported diabetes. 
f Risk factor control goals included: blood pressure control (systolic blood pressure <140 mmHg and diastolic blood pressure <90 

mmHg), glycemic control (HbA1c <7%), and lipid control (non-high density lipid cholesterol <130 mg/dL). 

g Lifestyle score consisted of four lifestyle factors: smoking, drinking, diet, and physical activity, each of which was assigned 1 point 

for a healthy level and 0 point otherwise. The healthy lifestyle score ranged between 0 and 4, with higher scores indicating healthier 

lifestyles.   
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 Table 2. Trends in Individual and Combined Lifestyle Factors Among US Adults with Diabetes in NHANES, 1999-2018 

 Survey-Weighted Mean or Percentage (95% CI)a P for 

Trendb 

2015-2018 vs 

1999-2002, 

Difference (95% 

CI) 
  1999-2002 2003-2006 2007-2010 2011-2014 2015-2018 

No. of participants 1097 1146 1746 1557 1864 
  

Never smokingc, % 47.0 (41.8 to 

52.1) 

47.2 (41.8 to 

52.5) 

46.9 (44.0 to 

49.7) 

48.4 (44.7 to 

52.2) 

50.9 (47.3 to 

54.5) 

0.15 4.0 (-2.3 to 

10.3) 

Moderate drinkingd, % 28.2 (23.6 to 

32.8) 

29.1 (25.0 to 

33.2) 

31.2 (27.9 to 

34.6) 

38.6 (34.2 to 

43.0) 

36.7 (31.8 to 

41.6) 

<0.001 8.5 (1.7 to 15.2) 

Healthy diete, % 33.7 (29.8 to 

37.6) 

39.2 (34.2 to 

44.2) 

43.0 (39.4 to 

46.6) 

43.5 (39.7 to 

47.3) 

38.7 (34.7 to 

42.6) 

0.15 5.0 (-0.6 to 

10.5) 

Adequate physical 

activityf, % 

32.3 (27.5 to 

37.2) 

34.2 (31.5 to 

37.0) 

29.7 (25.5 to 

33.9) 

34.6 (30.6 to 

38.7) 

37.1 (32.7 to 

41.5) 

NA NA 

HEI-2020, mean (95% 

CI) 

51.6 (50.1 to 

53.0) 

53.7 (52.6 to 

54.9) 

54.5 (53.5 to 

55.5) 

54.7 (53.7 to 

55.7) 

53.3 (52.3 to 

54.3) 

0.13 1.7 (-0.07 to 

3.4) 

LTPA, mean (95% CI),  

METs-h/week 

14.8 (9.6 to 

20.1) 

9.5 (8.3 to 

10.8) 

6.5 (5.2 to 

7.8) 

7.1 (5.9 to 

8.3) 

7.8 (6.6 to 

8.9) 

NA NA 

Lifestyle scoreg, % 
       

    0-1 55.9 (50.2 to 

61.7) 

51.9 (47.1 to 

56.8) 

51.4 (47.1 to 

55.6) 

45.8 (41.4 to 

50.2) 

46.4 (41.6 to 

51.2) 

0.004 -9.6 (-17.1 to -

2.0) 

    3-4 14.2 (11.2 to 

17.3) 

18.5 (15.6 to 

21.5) 

17.9 (15.1 to 

20.6) 

21.1 (17.7 to 

24.4) 

22.0 (18.2 to 

25.9) 

0.003 7.8 (2.9 to 12.7) 

Lifestyle scoreg, mean 

(95% CI) 

1.4 (1.3 to 

1.5) 

1.5 (1.4 to 

1.6) 

1.5 (1.4 to 

1.6) 

1.7 (1.6 to 

1.7) 

1.6 (1.5 to 

1.8) 

0.002 0.2 (0.06 to 0.4) 

Abbreviations: CI, confidence interval; HEI, healthy eating index; LTPA, leisure time physical activity; MET, metabolic equivalent of 

task; NA, not available; NHANES, National Health and Nutrition Examination Survey. 
a Values were reported as weighted mean or percentage (95% CI) as appropriate. 
b P value for trend was calculated using linear regressions (for continuous variables) or logistic regressions (for categorical variables) 

with survey cycles as a continuous independent variable in models. 
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c Indicated participants who smoked fewer than 100 cigarettes in life. 
d Defined as daily consumption of one drink or fewer for women and two drinks or fewer for men. 
e Denoted the top two fifths of healthy eating index-2020 score. 
f Referred to the top tertiles of weekly metabolic equivalent hours of leisure time physical activity. Since physical activity questions 

varied in different survey years, p for trend and difference between 1999-2002 and 2015-2018 were not calculated. 
g Lifestyle score consisted of four lifestyle factors: smoking status, drinking status, diet, and physical activity, each of which was 

assigned 1 point for a healthy level and 0 point for an unhealthy level. Thus, the healthy lifestyle score ranged between 0 and 4, with 

higher scores indicating healthier lifestyles. 

  



 

 

46 

 

Table 3. Trends in Individual and Combined Lifestyle Factors Among US Adults in NHANES, 1999-2018 

  
Survey-Weighted Mean or Percentage (95% CI)a 

P for 

Trendb 

2015-2018 vs 

1999-2002, 

Difference 

(95% CI) 

  
1999-2002 2003-2006 2007-2010 2011-2014 2015-2018 

No. of participants 8039 7969 10250 9161 9222 
  

Never smokingc, % 50.2 (47.4 

to 53.0) 

49.0 (47.6 to 

50.4) 

53.2 (50.8 to 

55.6) 

55.4 (53.2 to 

57.6) 

56.6 (54.8 to 

58.3) 

<0.001 6.4 (3.1 to 9.7) 

Moderate drinkingd, % 34.8 (32.0 

to 37.7) 

33.7 (31.3 to 

36.1) 

34.7 (32.6 to 

36.8) 

36.2 (33.9 to 

38.4) 

37.3 (34.9 to 

39.6) 

0.07 2.4 (-1.3 to 6.1) 

Healthy diete, % 29.5 (26.9 

to 32.0) 

37.3 (35.4 to 

39.2) 

42.9 (39.9 to 

46.0) 

46.5 (44.5 to 

48.5) 

42.1 (39.0 to 

45.3) 

<0.001 12.7 (8.6 to 

16.7) 

Adequate physical 

activityf, % 

33.7 (31.0 

to 36.4) 

33.0 (30.9 to 

35.1) 

34.5 (31.8 to 

37.1) 

37.4 (35.0 to 

39.9) 

38.0 (35.7 to 

40.3) 

NA NA 

HEI-2020, mean (95% 

CI) 

48.6 (47.7 

to 49.5) 

51.7 (51.0 to 

52.3) 

53.4 (52.6 to 

54.2) 

54.3 (53.8 to 

54.9) 

52.8 (51.9 to 

53.8) 

<0.001 4.2 (2.9 to 5.5) 

LTPA, mean (95% CI), 

METs-h/week 

19.4 (17.1 

to 21.7) 

17.4 (16.3 to 

18.6) 

14.1 (12.9 to 

15.4) 

15.4 (13.9 to 

17.0) 

16.0 (14.9 to 

17.0) 

NA NA 

Lifestyle scoreg, % 
       

    0-1 53.0 (50.0 

to 56.1) 

51.6 (49.2 to 

54.0) 

47.1 (43.9 to 

50.4) 

42.6 (40.4 to 

44.8) 

42.9 (39.8 to 

46.0) 

<0.001 -10.1 (-14.4 to -

5.8) 

    3-4 17.2 (15.2 

to 19.1) 

19.3 (17.6 to 

21.0) 

22.4 (20.0 to 

24.9) 

25.4 (23.2 to 

27.7) 

24.7 (22.4 to 

26.9) 

<0.001 7.5 (4.5 to 10.5) 

Lifestyle scoreg, mean 

(95% CI) 

1.5 (1.4 to 

1.6) 

1.5 (1.5 to 1.6) 1.7 (1.6 to 1.7) 1.8 (1.7 to 1.8) 1.7 (1.7 to 1.8) <0.001 0.3 (0.2 to 0.4) 

Abbreviations: CI, confidence interval; HEI, healthy eating index; LTPA, leisure time physical activity; MET, metabolic equivalent of 

task; NA, not available; NHANES, National Health and Nutrition Examination Survey. 
a Values were reported as weighted mean or percentage (95% CI) as appropriate. 
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b P value for trend was calculated using linear regressions (for continuous variables) or logistic regressions (for categorical variables) 

with survey cycles as a continuous independent variable in models. 
c Indicated participants who smoked fewer than 100 cigarettes in life. 
d Defined as daily consumption of one drink or fewer for women and two drinks or fewer for men. 
e Denoted the top two fifths of healthy eating index-2020 score. 
f Referred to the top tertiles of weekly metabolic equivalent hours of leisure time physical activity. Since physical activity questions 

varied in different survey years, p for trend and difference between 1999-2002 and 2015-2018 were not calculated. 
g Lifestyle score consisted of four lifestyle factors: smoking status, drinking status, diet, and physical activity, each of which was 

assigned 1 point for a healthy level and 0 point for an unhealthy level. Thus, the healthy lifestyle score ranged between 0 and 4, with 

higher scores indicating healthier lifestyles. 
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Table 4. Trends in Overall Lifestyle Score Among US Adults with Diabetes in stratified analysis, NHANES 1999-2018  

 Survey-Weighted Lifestyle Score (95% CI)a 
P for 

Trendb 

2015-2018 vs. 

1999-2002, 

Difference (95% 

CI) 
Subgroup Age 1999-2002 2003-2006 2007-2010 2011-2014 2015-2018 

< 60 years 
1.4 (1.3 to 

1.6) 

1.4 (1.3 to 

1.6) 

1.5 (1.4 to 

1.7) 

1.7 (1.5 to 

1.8) 

1.6 (1.4 to 

1.7) 

0.10 0.1 (-0.1 to 0.3) 

≥ 60 years 
1.4 (1.3 to 

1.5) 

1.6 (1.4 to 

1.7) 

1.5 (1.4 to 

1.6) 

1.6 (1.5 to 

1.7) 

1.7 (1.6 to 

1.9) 

0.001 0.3 (0.1 to 0.5) 

Sex        

Male  
1.4 (1.3 to 

1.6) 

1.5 (1.4 to 

1.6) 

1.5 (1.4 to 

1.6) 

1.6 (1.5 to 

1.7) 

1.7 (1.5 to 

1.8) 

0.01 0.2 (0.02 to 0.5) 

Female 
1.4 (1.3 to 

1.5) 

1.5 (1.4 to 

1.6) 

1.5 (1.4 to 

1.6) 

1.7 (1.6 to 

1.8) 

1.6 (1.5 to 

1.7) 

0.009 0.2 (0.03 to 0.4) 

Race/ethnicityc        

Non-Hispanic White 
1.5 (1.3 to 

1.6) 

1.5 (1.4 to 

1.7) 

1.5 (1.4 to 

1.7) 

1.6 (1.5 to 

1.8) 

1.6 (1.4 to 

1.8) 

0.13 0.1 (-0.06 to 

0.4) 

Non-Hispanic Black 
1.2 (1.0 to 

1.3) 

1.3 (1.2 to 

1.5) 

1.4 (1.3 to 

1.5) 

1.7 (1.5 to 

1.8) 

1.7 (1.6 to 

1.8) 

<0.001 0.6 (0.4 to 0.8) 

Other 
1.5 (1.3 to 

1.7) 

1.5 (1.3 to 

1.7) 

1.5 (1.4 to 

1.7) 

1.7 (1.6 to 

1.8) 

1.7 (1.5 to 

1.8) 

0.04 0.2 (-0.06 to 

0.5) 

Family PIR        

< 1.00 
1.2 (1.0 to 

1.4) 

1.1 (0.9 to 

1.2) 

1.1 (1.0 to 

1.3) 

1.2 (1.1 to 

1.4) 

1.2 (1.0 to 

1.3) 

0.47 0.02 (-0.2 to 

0.3) 

≥ 1.00 
1.5 (1.3 to 

1.6) 

1.6 (1.4 to 

1.7) 

1.6 (1.5 to 

1.7) 

1.8 (1.7 to 

1.8) 

1.7 (1.6 to 

1.8) 

0.005 0.2 (0.05 to 0.4) 

Education level        
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High school or less  
1.3 (1.1 to 

1.4) 

1.4 (1.2 to 

1.5) 

1.3 (1.2 to 

1.3) 

1.4 (1.3 to 

1.5) 

1.4 (1.3 to 

1.5) 

0.15 0.1 (-0.06 to 

0.3) 

Above high school  
1.7 (1.5 to 

1.8) 

1.7 (1.5 to 

1.8) 

1.8 (1.7 to 

1.9) 

1.9 (1.8 to 

2.0) 

1.8 (1.7 to 

2.0) 

0.05 0.1 (-0.05 to 

0.3) 

Health insurance        

Uninsured 
1.2 (1.0 to 

1.4) 

1.1 (0.8 to 

1.4) 

1.3 (1.2 to 

1.4) 

1.5 (1.3 to 

1.7) 

1.4 (1.2 to 

1.6) 

0.05 0.1 (-0.2 to 0.4) 

Insured 
1.4 (1.3 to 

1.6) 

1.6 (1.5 to 

1.6) 

1.6 (1.4 to 

1.7) 

1.7 (1.6 to 

1.8) 

1.7 (1.5 to 

1.8) 

0.005 0.2 (0.1 to 0.4) 

Body mass index        

< 30 kg/m2 
1.4 (1.3 to 

1.5) 

1.5 (1.4 to 

1.7) 

1.6 (1.4 to 

1.8) 

1.8 (1.7 to 

1.9) 

1.8 (1.6 to 

1.9) 

<0.001 0.3 (0.1 to 0.5) 

≥ 30 kg/m2 
1.4 (1.3 to 

1.6) 

1.5 (1.4 to 

1.6) 

1.5 (1.4 to 

1.6) 

1.6 (1.4 to 

1.7) 

1.6 (1.5 to 

1.7) 

0.10 0.1 (-0.06 to 

0.4) 

Diabetes duration        

< 5 years 
1.5 (1.3 to 

1.6) 

1.5 (1.3 to 

1.6) 

1.5 (1.4 to 

1.7) 

1.6 (1.5 to 

1.8) 

1.6 (1.5 to 

1.7) 

0.12 0.1 (-0.1 to 0.3) 

≥ 5 years 
1.4 (1.2 to 

1.5) 

1.5 (1.4 to 

1.7) 

1.4 (1.3 to 

1.5) 

1.6 (1.5 to 

1.7) 

1.6 (1.5 to 

1.8) 

0.004 0.3 (0.1 to 0.5) 

Achieving all 3 risk 

control goalsd 

       

Yes 
1.5 (1.1 to 

1.8) 

1.7 (1.5 to 

1.9) 

1.7 (1.4 to 

1.9) 

1.7 (1.5 to 

1.9) 

1.8 (1.6 to 

1.9) 

0.22 0.3 (-0.1 to 0.7) 

No 
1.4 (1.3 to 

1.6) 

1.5 (1.4 to 

1.6) 

1.5 (1.4 to 

1.6) 

1.6 (1.5 to 

1.7) 

1.6 (1.5 to 

1.7) 

0.01 0.2 (0.007 to 

0.4) 

Diagnosis status        

Undiagnosed 
1.4 (1.2 to 

1.6) 

1.4 (1.2 to 

1.6) 

1.5 (1.4 to 

1.6) 

1.5 (1.3 to 

1.7) 

1.6 (1.4 to 

1.8) 

0.11 0.2 (-0.07 to 

0.5) 
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Diagnosede 
1.4 (1.3 to 

1.5) 

1.5 (1.4 to 

1.6) 

1.5 (1.4 to 

1.6) 

1.7 (1.6 to 

1.8) 

1.6 (1.5 to 

1.8) 

0.004 0.2 (0.05 to 0.4) 

Abbreviations: CI, confidence interval; NHANES, National Health and Nutrition Examination Survey; PIR, poverty income ratio. 
a Lifestyle score consisted of four lifestyle factors: smoking, drinking, diet, and physical activity, each of which was assigned 1 point 

for a healthy level and 0 point otherwise. The healthy lifestyle score ranged between 0 and 4, with higher scores indicating healthier 

lifestyles. NHANES uses sample weight to obtain nationally representative data. We used 4-year weights provided by the National 

Center For Health Statistics for 1999-2002 and 2-year weight for the following cycles and combined the weight across cycles with a 

formula provided by the analytical guidelines (15). 
b P value for trend was calculated using linear regressions (for continuous variables) or logistic regressions (for binary variables) with 

survey cycles as a continuous independent variable in models. 
c Race/ethnicity was determined by self-report in fixed categories. The “other” group included Mexican American, other Hispanic, and 

other non-Hispanic races or multiple races. 
d Risk factor control goals included: blood pressure control (systolic blood pressure <140 mmHg and diastolic blood pressure <90 

mmHg), glycemic control (HbA1c <7%), and lipid control (non-high density lipid cholesterol <130 mg/dL). 
e Defined as self-report of diabetes diagnosis by a physician or other health professional, taking insulin or antidiabetic agents. 
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Table 5. Trends in Individual and Combined Lifestyle Factors Among US Adults with Diabetes by 2-Year Cycle in NHANES, 

1999-2018 

  
Survey-Weighted Mean or Percentage (95% CI)a 

P for 

Trendb 

2017-2018 

vs 1999-

2000, 

Differenc

e (95% 

CI) 

  1999-

2000 

2001-

2002 

2003-

2004 

2005-

2006 

2007-

2008 

2009-

2010 

2011-

2012 

2013-

2014 

2015-

2016 

2017-

2018 

No. of participants 523 574 592 554 883 863 767 790 911 953 
  

Never smokingc, % 48.2 

(39.9 to 

56.5) 

45.9 

(39.6 to 

52.1) 

43.4 

(37.8 to 

49.0) 

51.1 

(42.1 to 

60.1) 

46.2 

(42.5 to 

49.9) 

47.6 

(43.2 to 

52.0) 

48.6 

(42.9 to 

54.3) 

48.2 

(43.3 to 

53.2) 

48.6 

(44.1 to 

53.1) 

53.2 

(47.5 to 

58.8) 

0.10 5.0 (-5.1 

to 15.0) 

Moderate 

drinkingd, % 

27.2 

(18.9 to 

35.4) 

29.1 

(24.5 to 

33.8) 

27.9 

(22.3 to 

33.6) 

30.3 

(24.6 to 

36.1) 

27.8 

(22.2 to 

33.3) 

34.8 

(31.6 to 

38.0) 

35.4 

(27.9 to 

42.8) 

41.4 

(36.2 to 

46.7) 

34.8 

(27.8 to 

41.9) 

38.4 

(31.5 to 

45.4) 

<0.001 11.3 (0.5 

to 22.1) 

Healthy diete, % 34.5 

(29.1 to 

39.8) 

33.1 

(27.4 to 

38.7) 

36.5 

(30.2 to 

42.9) 

42.0 

(34.3 to 

49.8) 

43.8 

(38.6 to 

48.9) 

42.3 

(37.2 to 

47.3) 

43.4 

(38.5 to 

48.2) 

43.7 

(38.0 to 

49.4) 

38.8 

(33.7 to 

43.9) 

38.5 

(32.6 to 

44.5) 

0.15 4.1 (-4.0 

to 12.1) 

Adequate physical 

activityf, % 

28.9 

(23.3 to 

34.5) 

35.4 

(27.8 to 

43.0) 

34.5 

(30.4 to 

38.6) 

33.9 

(30.3 to 

37.5) 

27.0 

(20.3 to 

33.7) 

32.5 

(27.9 to 

37.2) 

33.6 

(26.6 to 

40.6) 

35.6 

(31.1 to 

40.1) 

38.0 

(30.1 to 

45.9) 

36.3 

(32.3 to 

40.4) 

NA NA 

HEI-2020, mean 

(95% CI) 

51.5 

(49.8 to 

53.2) 

51.6 

(49.4 to 

53.9) 

53.2 

(51.4 to 

54.9) 

54.3 

(52.9 to 

55.7) 

54.5 

(53.1 to 

55.8) 

54.4 

(52.9 to 

55.9) 

54.8 

(53.2 to 

56.3) 

54.7 

(53.4 to 

55.9) 

53.2 

(52.2 to 

54.3) 

53.3 

(51.6 to 

55.0) 

0.13 1.8 (-0.6 

to 4.2) 

LTPA, mean (95% 

CI), METs-h/week 

14.8 

(10.2 to 

19.4) 

14.9 (5.9 

to 23.8) 

9.3 (7.4 

to 11.3) 

9.7 (8.2 

to 11.3) 

6.0 (3.9 

to 8.2) 

7.0 (5.6 

to 8.4) 

6.9 (4.9 

to 8.8) 

7.3 (6.1 

to 8.6) 

8.1 (6.7 

to 9.6) 

7.4 (5.7 

to 9.1) 

NA NA 

Lifestyle scoreg, % 
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    0-1 56.3 

(47.7 to 

64.9) 

55.6 

(47.9 to 

63.4) 

54.7 

(49.8 to 

59.6) 

49.0 

(40.7 to 

57.3) 

54.2 

(48.0 to 

60.3) 

48.4 

(42.9 to 

53.9) 

47.2 

(39.1 to 

55.2) 

44.5 

(40.3 to 

48.7) 

46.8 

(39.2 to 

54.4) 

46.0 

(39.9 to 

52.0) 

0.002 -10.3 (-

20.8 to 

0.2) 

    3-4 12.4 (7.6 

to 17.3) 

15.9 

(12.0 to 

19.7) 

16.8 

(12.9 to 

20.7) 

20.4 

(16.0 to 

24.8) 

16.6 

(12.3 to 

20.8) 

19.2 

(15.8 to 

22.6) 

19.2 

(12.9 to 

25.5) 

22.7 

(20.0 to 

25.4) 

21.1 

(15.2 to 

27.0) 

22.9 

(17.9 to 

27.9) 

<0.001 10.5 (3.5 

to 17.5) 

Lifestyle scoreg, 

mean (95% CI) 

1.4 (1.2 

to 1.6) 

1.4 (1.3 

to 1.6) 

1.4 (1.3 

to 1.5) 

1.6 (1.4 

to 1.8) 

1.5 (1.3 

to 1.6) 

1.6 (1.5 

to 1.7) 

1.6 (1.4 

to 1.8) 

1.7 (1.6 

to 1.8) 

1.6 (1.4 

to 1.8) 

1.7 (1.5 

to 1.8) 

<0.001 0.3 (0.03 

to 0.53) 

Abbreviations: CI, confidence interval; HEI, healthy eating index; LTPA, leisure time physical activity; MET, metabolic equivalent of 

task; NA, not available; NHANES, National Health and Nutrition Examination Survey. 
a Values were reported as weighted mean or percentage (95% CI) as appropriate. 
b P value for trend was calculated using linear regressions (for continuous variables) or logistic regressions (for categorical variables) 

with survey cycles as a continuous independent variable in models. 
c Indicated participants who smoked fewer than 100 cigarettes in life. 
d Defined as daily consumption of one drink or fewer for women and two drinks or fewer for men. 
e Denoted the top two fifths of healthy eating index-2020 score. 
f Referred to the top tertiles of weekly metabolic equivalent hours of leisure time physical activity. Since physical activity questions 

varied in different survey years, p for trend and difference between 1999-2000 and 2017-2018 were not calculated. 
g Lifestyle score consisted of four lifestyle factors: smoking status, drinking status, diet, and physical activity, each of which was 

assigned 1 point for a healthy level and 0 point for an unhealthy level. Thus, the healthy lifestyle score ranged between 0 and 4, with 

higher scores indicating healthier lifestyles.  
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Table 6. Characteristics of Participants with Diabetes by Lifestyle Score Category in NHANES, 1999-2018* 

 Lifestyle Score† P Value 

Characteristics 0 1 2 3-4 
 

No. ‡, (%) 1360 (17.8) 2464 (31.7) 2321 (31.2) 1256 (19.3) 
 

Age, mean (SE), years 58.8 (0.5) 59.8 (0.4) 60.0 (0.5) 60.3 (0.5) 0.08 

Female, % 47.0 (1.9) 49.3 (1.4) 52.1 (1.6) 45.3 (2.0) 0.03 

Race/ethnicity§, % 
    

0.002 

    Non-Hispanic White 64.3 (2.2) 60.5 (1.8) 58.6 (1.9) 63.7 (2.2) 
 

    Non-Hispanic Black 15.6 (1.4) 16.4 (1.3) 15.3 (1.1) 12.9 (1.1) 
 

    Mexican American 8.8 (1.1) 10.3 (1.2) 9.5 (0.9) 7.1 (1.0) 
 

    Other Hispanic 4.6 (0.7) 6.1 (0.8) 7.2 (0.9) 5.6 (0.9) 
 

    Other  6.7 (1.2) 6.8 (0.8) 9.5 (1.1) 10.6 (1.3) 
 

Family PIR, % 
    

<0.001 

    0 to 1.00 25.0 (1.7) 18.4 (1.3) 14.2 (1.0) 6.9 (0.8) 
 

    1.01 to 3.00 41.4 (2.1) 42.6 (1.6) 38.5 (1.5) 30.7 (1.7) 
 

    > 3.00 26.7 (2.0) 31.7 (1.7) 38.9 (1.6) 54.9 (1.9) 
 

    Missing 6.9 (1.1) 7.4 (0.9) 8.4 (1.1) 7.5 (1.0) 
 

Education level, % 
    

<0.001 

    High school or less 67.1 (1.9) 56.4 (1.7) 49.9 (1.5) 33.2 (2.0) 
 

    Some colleague or AA 

degree 

23.1 (1.6) 33.4 (1.6) 29.2 (1.5) 29.6 (2.1) 
 

    College graduate or above 9.8 (1.7) 10.3 (1.0) 20.9 (1.2) 37.2 (2.4) 
 

BMI, mean (SE), kg/m2 33.5 (0.3) 33.7 (0.3) 32.9 (0.2) 31.9 (0.3) <0.001 

Previous disease, yes, % 
     

    Hypertension 65.7 (1.9) 66.5 (1.6) 63.2 (1.6) 61.9 (2.2) 0.21 

    Hyperlipidemia 63.3 (1.9) 60.4 (1.5) 61.9 (1.6) 61.6 (1.7) 0.67 

    Cardiovascular disease 33.3 (2.0) 27 (1.3) 22.7 (1.3) 20.7 (1.7) <0.001 
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    Cancer 15.6 (1.4) 15.5 (1.0) 15.8 (1.1) 17.4 (1.5) 0.73 

    Diabetic complications||  32.3 (1.8) 30.8 (1.3) 27.0 (1.3) 25.9 (2.1) 0.02 

Diabetes duration, % 
    

0.12 

    Undiagnosed diabetes¶ 23.1 (1.8) 18.8 (1.1) 21.0 (1.5) 16.8 (1.5) 
 

    < 8 years 34.9 (1.9) 34.3 (1.5) 34.9 (1.7) 36.4 (2.0) 
 

    ≥ 8 years 37.9 (1.8) 40.3 (1.6) 37.3 (1.6) 39.4 (1.9) 
 

    Missing 4.2 (0.7) 6.6 (0.8) 6.8 (0.7) 7.4 (1.1) 
 

HbA1c ≥ 7 % 43.8 (1.9) 43.5 (1.6) 41.6 (1.6) 38.1 (2.2) 0.15 

Use of antidiabetic agents, 

yes, % 

59.5 (1.9) 66.1 (1.2) 64.4 (1.6) 68.8 (2.1) 0.01 

Never smoking**, % 0.0 40.0 (1.5) 63.0 (1.5) 82.9 (2.1) 
 

Moderate drinking††, % 0.0 21.2 (1.4) 40.0 (1.5) 74.5 (2.1) 
 

Healthy diet‡‡, % 0.0 23.1 (1.3) 54.8 (1.6) 80.6 (1.9) 
 

Active physical activity§§, % 0.0 15.7 (1.2) 42.1 (1.6) 82.0 (1.6) 
 

LTPA, median (IQR), METs-

h/week 

0.2 (0.0) 5.0 (0.7) 10.2 (0.8) 19.8 (0.9) <0.001 

HEI-2015, mean (SE) 44.4 (0.3) 49.8 (0.3) 57.0 (0.4) 63.1 (0.5) <0.001 

SBP, mean (SE), mm Hg 131.7 (0.9) 131.6 (0.6) 130.5 (0.6) 129.1 (0.8) 0.04 

TC, mean (SE), mg/dL 194.3 (2.4) 192.3 (1.5) 187.6 (1.4) 186.1 (1.9) 0.005 

AA = associate; BMI = body mass index; HbA1c = hemoglobin A1c; HEI = healthy eating index; LTPA = leisure time physical 

activity; MET = metabolic equivalent of task; NHANES = National Health and Nutrition Examination Survey; PIR = poverty income 

ratio; SBP = systolic blood pressure; SE = standard error; TC = total cholesterol.  
* Values were reported as weighted mean or percentage (SE) as appropriate unless otherwise indicated, using complex survey 

methods. Percentages may not sum to 100% owing to rounding. 
† Lifestyle score consisted of four lifestyle factors: smoking status, drinking status, diet, and physical activity, each of which was 

assigned 1 point for a healthy level and 0 point for an unhealthy level. Thus, the healthy lifestyle score ranged between 0 and 4, with 

higher scores indicating healthier lifestyles.  
‡ Values indicated unweighted sample size and weighted percentage. 
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§ Race/ethnicity was determined by self-report in fixed categories. The “other” group included other non-Hispanic races or multiple 

races. 
|| Including albuminuria (albumin-to-creatinine ratio >=30 mg/g), reduced estimated glomerular filtration rate (eGFR <60 mL/min/1.73 

m2), and retinopathy (any retinal microaneurysms or blot hemorrhages). 
¶ Defined as having a fasting plasma glucose level of 126 mg/dL or more or HbA1c level of 6.5% or more among individuals without 

self-reported diabetes. 
** Indicated participants who smoked fewer than 100 cigarettes in life. 
†† Defined as daily consumption of one drink or fewer for women and two drinks or fewer for men. 
‡‡ Denoted the top two fifths of healthy eating index-2015 score. 
§§ Referred to the top tertiles of weekly metabolic equivalent hours of leisure time physical activity.  
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Table 7. Adjusted Hazard Ratio and Population-Attributable Risk of Individual Lifestyle Factors and Risk of Mortality 

Among US Adults with Diabetes in NHANES, 1999-2018 

 No. of Cases/Person-

Years 

HR (95% CI)* PAR, % (95% 

CI) ||  Model 1† Model 2‡ Model 3§ 

Smoking status¶ 
     

    Previous or current smoking 1210/29 970 1 [Reference] 1 [Reference] 1 [Reference] 15.8 (8.0 to 23.5) 

    Never smoking 827/29 424 0.73 (0.64 to 

0.84) 

0.77 (0.68 to 

0.88) 

0.74 (0.65 to 

0.85) 

Reference 

Alcohol consumption** 
     

    Non-drinking or heavy 

drinking 

1527/42 090 1 [Reference] 1 [Reference] 1 [Reference] 10.7 (-1.4 to 

21.8) 

    Moderate drinking 510/17 304 0.80 (0.69 to 

0.93) 

0.82 (0.7 to 

0.95) 

0.86 (0.73 to 

1.00) 

Reference 

Diet†† 
     

    Unhealthy 1242/34 897 1 [Reference] 1 [Reference] 1 [Reference] 9.3 (1.1 to 17.2) 

    Healthy 795/24 497 0.64 (0.55 to 

0.74) 

0.66 (0.56 to 

0.78) 

0.67 (0.57 to 

0.78) 

Reference 

Physical activity‡‡ 
     

    Inactive 1615/41 132 1 [Reference] 1 [Reference] 1 [Reference] 26.2 (15.5 to 

36.1) 

    Active 422/18 262 0.86 (0.75 to 

0.99) 

0.83 (0.72 to 

0.95) 

0.85 (0.74 to 

0.97) 

Reference 

CI = confidence interval; HR = hazard ratio; NHANES = National Health and Nutrition Examination Survey. 
* HRs and 95% CIs for the association of individual lifestyle factors with all-cause mortality were calculated using Cox proportional 

hazards model. Individual lifestyle factors were mutually adjusted in the model. All estimates accounted for complex survey designs. 
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† Model 1, adjusted for age (years), sex (male or female), race/ethnicity (non-Hispanic Whites, non-Hispanic Blacks, Mexican 

Americans, other Hispanics, and other race/ethnicity), poverty income ratio (0-1.00, 1.01-3.00, >3.00), and education level (high 

school or less, college or AA degree, graduate or above). 
‡ Model 2, further adjusted for body mass index (kg/m2), hypertension (yes or no), hyperlipidemia (yes or no), cardiovascular disease 

(yes or no), cancer (yes or no), antihypertensive agents (yes or no), and antihyperlipidemic agents (yes or no), based on model 1. 
§ Model 3, further adjusted for diabetes duration (undiagnosed diabetes, <8, or ≥8 years), HbA1c level (<7% or ≥7%), antidiabetic 

agents (yes or no), and diabetes complications (yes or no), based on model 2.  
|| PAR%=prevalence among decedents*[(HR-1)/HR]. In this analysis, HRs and SEs for the association of individual and combined 

lifestyle factors with all-cause mortality were calculated based on model 3 and healthy lifestyle was used as the reference category.  
¶ Smoking status was grouped as never smoking (participants who reported smoking <100 cigarettes during their lifetime), previous 

smoking (participants who had quit smoking before the time of the interview), and current smoking. 
** Alcohol consumption was categorized as non-drinking, moderate drinking (<=2 drinks/day for men and <= 1 drink/day for women), 

and heavy drinking (> 2 drinks/day for men and > 1 drink/day for women). 
†† A healthy diet was defined as the health eating index-2015 in top 40%. 
‡‡ Participants in the top tertile of weekly metabolic equivalent hours of leisure time physical activity were classified as active. 

  



 

 

58 

 

Table 8. Associations of Lifestyle Score with Cause-Specific Mortality Among US Adults with Diabetes in NHANES, 1999-

2018a 

  Lifestyle Score b 
P for Trend c 

HR (95% CI) Per 

Score Point   0 1 2 3-4 

Person-years 10 648 19 793 18 935 10 019 
  

All-cause mortality 
      

    No. of cases 497 763 570 207 
  

    Model 1d 1 [Reference] 0.76 (0.64, 0.91) 0.56 (0.46, 0.70) 0.42 (0.32, 0.55) <0.001 0.76 (0.70, 0.82) 

    Model 2e 1 [Reference] 0.77 (0.65, 0.92) 0.57 (0.46, 0.70) 0.44 (0.34, 0.57) <0.001 0.77 (0.71, 0.83) 

    Model 3f 1 [Reference] 0.76 (0.65, 0.89) 0.58 (0.47, 0.71) 0.44 (0.34, 0.57) <0.001 0.77 (0.71, 0.83) 

PAR, % (95% CI)g 13.5 (8.6, 18.3) 15.5 (8.6, 22.0) 6.5 (0.2, 12.7)    [Reference] 
  

CVD mortality 
      

    No. of cases 164 251 201 85 
  

    Model 1d 1 [Reference] 0.67 (0.49, 0.91) 0.60 (0.42, 0.85) 0.52 (0.35, 0.79) 0.003 0.83 (0.73, 0.95) 

    Model 2e 1 [Reference] 0.69 (0.50, 0.94) 0.61 (0.42, 0.86) 0.55 (0.37, 0.82) 0.004 0.84 (0.74, 0.96) 

    Model 3f 1 [Reference] 0.67 (0.49, 0.91) 0.61 (0.43, 0.87) 0.55 (0.38, 0.81) 0.004 0.85 (0.74, 0.96) 

PAR, % (95% CI)g 10.8 (2.7, 18.8) 5.5 (-5.0, 15.4) 2.8 (-6.7, 12.3)    [Reference] 
  

Cancer mortality 
      

    No. of cases 89 120 102 29 
  

    Model 1 d 1 [Reference] 0.72 (0.50, 1.04) 0.59 (0.39, 0.88) 0.39 (0.24, 0.64) <0.001 0.76 (0.65, 0.89) 

    Model 2 e 1 [Reference] 0.73 (0.50, 1.07) 0.61 (0.41, 0.92) 0.40 (0.24, 0.67) <0.001 0.77 (0.66, 0.90) 
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    Model 3 f 1 [Reference] 0.71 (0.49, 1.04) 0.59 (0.40, 0.88) 0.39 (0.23, 0.64) <0.001 0.76 (0.65, 0.89) 

PAR, % (95% CI)g 15.2 (5.5, 25.0) 16.4 (0.4, 31.1) 9.9 (-2.0, 22.0)    [Reference] 
  

Other mortality 
      

    No. of cases 244 392 267 93 
  

    Model 1d 1 [Reference] 0.83 (0.68, 1.03) 0.53 (0.42, 0.67) 0.36 (0.25, 0.50) <0.001 0.71 (0.65, 0.77) 

    Model 2e 1 [Reference] 0.85 (0.69, 1.04) 0.54 (0.42, 0.68) 0.37 (0.26, 0.51) <0.001 0.71 (0.66, 0.78) 

    Model 3f 1 [Reference] 0.83 (0.67, 1.02) 0.54 (0.43, 0.68) 0.37 (0.26, 0.51) <0.001 0.72 (0.66, 0.78) 

PAR, % (95% CI)g 15.0 (8.9, 21.1) 22.7 (13.2, 31.4) 8.5 (0.2, 16.5)    [Reference]     

Abbreviations: CI, confidence interval; CVD, cardiovascular disease; HR, hazard ratio; NHANES, National Health and Nutrition 

Examination Survey; PAR, population attributable risk.       
a HRs and 95% CIs for the association of lifestyle score with cause-specific mortality were calculated using Cox proportional hazards 

model. All estimates accounted for complex survey designs.       
b Lifestyle score consisted of four lifestyle factors: smoking status, drinking status, diet, and physical activity, each of which was 

assigned 1 point for a healthy level and 0 point for an unhealthy level. Thus, the healthy lifestyle score ranged between 0 and 4, with 

higher scores indicating healthier lifestyles.        
c P value for trend were calculated by modeling the median value of each lifestyle score category as a continuous variable.  
d Model 1, adjusted for age (years), sex (male or female), race/ethnicity (non-Hispanic Whites, non-Hispanic Blacks, Mexican 

Americans, other Hispanics, and other race/ethnicity), poverty income ratio (0-1.00, 1.01-3.00, >3.00), and education level (high 

school or less, college or AA degree, graduate or above).       
e Model 2, further adjusted for body mass index (kg/m2), hypertension (yes or no), hyperlipidemia (yes or no), cardiovascular disease 

(yes or no), cancer (yes or no), antihypertensive agents (yes or no), and antihyperlipidemic agents (yes or no), based on model 1.  
f Model 3, further adjusted for diabetes duration (undiagnosed diabetes, <8, or ≥8 years), HbA1c level (<7% or ≥7%), antidiabetic 

agents (yes or no), and diabetes complications (yes or no), based on model 2.      
g PAR%=prevalence among decedents*[(HR-1)/HR]. In this analysis, HRs and SEs for the associations of individual and combined 

lifestyle factors with all-cause mortality were calculated based on model 3 and healthy lifestyle was used as the reference category. 
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Figure 1. Flow Diagram of the Study Population with Diabetes in NHANES, 

1999-2018 
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Figure 2. Trends in prevalence of individual lifestyle factors among NHANES 

adults with diabetes, 1999-2018.  
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Figure 3. Distribution of the Number of Healthy Lifestyle Behaviors Among 

People with Diabetes in NHANES, 1999-2018 
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Figure 4. Trends in estimated mean lifestyle score among NHANES adults with 

diabetes, 1999-2018.  
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Figure 5. Trends in estimated mean lifestyle score by key socioeconomic 

subgroups.  
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Figure 6. Risk of all-cause mortality according to the metabolic risk factor 

control goals and lifestyle score.  
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Chapter 4: Elevated blood pressure accelerates white matter 

brain aging among late middle-aged women: a Mendelian 

Randomization study in the UK Biobank 

 

A refined version was published by the Journal of Hypertension in Nov 2023 

(DOI: 10.1097/HJH.0000000000003553; With copyright and permission) 

 

 

Introduction 

Elevated blood pressure (BP) is a primary risk factor for cerebrovascular and 

cardiovascular diseases1,2 and associated with a higher risk of cognitive impairment 

and dementia3,4. Studies have reported that high BP strongly correlates with 

alterations of both brain structure and neurobiological functions5,6. Previous study 

also showed a significant genetic correlation between BP and white matter (WM) 

integrity7. The microstructure of the human brain is constantly changing with normal 

aging, reflecting brain shrinkage, and cognitive and memory decline8. Thus, it is 

important to know how increased BP causes accelerated brain aging to reveal the 

underlying mechanism of BP on the brain and cognitive dysfunction. The prevalence 

of hypertension increases with age and differs among men and women in different 

age cycles9,10, especially for older women after menopause. In this study, we will 

evaluate the causal effect of BP on WM brain aging in the general population as well 

https://doi.org/10.1097/hjh.0000000000003553
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as sex and age-specific groups to understand the benefits of controlling BP in 

reducing accelerated brain aging. 

Brain age predicts chronological age from structural or functional 

neuroimaging features using machine learning (ML) algorithm11,12. In our study, we 

used multiple fractional anisotropy (FA) tract measures from diffusion tensor imaging 

(DTI) data to predict an age-adjusted white matter brain age metric, Brain Age Gap 

(BAG), which represents the difference between individuals’ brain age and their 

chronological age and regard it as the main outcome. Increases in BAG demonstrate 

evidence of accelerated aging and poorer brain health. The scalar BAG measure has 

been widely used in the literature as an alternative to multivariate imaging models to 

yield more robust and interpretable results in brain aging studies 13,14. 

BAG can be influenced by multiple genetic, biological, environmental, and 

lifestyle factors15. Previous studies on BAG associated with lifestyle risk factors have 

focused on smoking and alcohol consumption14,16,17. For high blood pressure and 

brain age, one study showed that elevated blood pressure was associated with brain 

aging, but no direct causality was reported18. In traditional observational studies, it is 

challenging to identify the causal relationship solely between high blood pressure and 

BAG, as other health risk factors related to abnormal brain aging, such as smoking, 

alcohol use, and chronic diseases, often co-occur with high blood pressure19,20. The 

Mendelian randomization (MR) framework has provided an unprecedented chance to 

overcome this challenge by using the genetic variants as instrumental variables (IVs) 

of the risk factor to estimate its causal effect on the outcome, which is less prone to 

reverse causation and confounding21-23. The genetic determinants of BP are 
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increasingly characterized in large-scale genome-wide association study (GWAS) in 

the literature24, which made it possible to identify better instruments for MR study. 

The MR methods have been successfully applied to investigate the causal effects of 

high blood pressure on myocardial infarction, atrial fibrillation, and other 

cardiovascular diseases as well as other chronic diseases25-28, but no MR studies have 

looked at the causal effect of BP on white matter brain aging in a large-scale 

observational study.  

To fill the gap, we used FA measures of DTI data from the UK Biobank 

(UKB) cohort to build an ML model to estimate WM BAG and performed a two-

sample MR analysis to investigate the causal effect of BP on BAG in the general 

population as well as stratified by sex and age groups. We hypothesized that 1) 

elevated BP would accelerate brain aging; 2) such causal effect is more prominent in 

more vulnerable age and sex groups. Our study highlights the age and sex disparities 

in the causal effects of modifiable cardiovascular disease-related risk factors on WM 

microstructure change, which provides implications for understanding the 

contributions of the late-life cognitive impairment risk. 

Methods 

Study Population and Variables 

The data used in the present study were from the UKB cohort, which is a large-scale 

population-based study recruiting around 500,000 individuals aged 40 to 69 years and 

collecting comprehensive physical, genomic, health, and brain imaging phenotypic 

data29. We focused on non-pregnant, family-unrelated individuals of European 
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ancestry (i.e., primarily British, and Irish) who had available genotypes, two non-null 

clinical BP measurements from the initial assessment visits (2006-2010). We 

excluded individuals with discordant self-reporting sex and genotype-inferred sex and 

individuals having extreme values of total volume of white matter hyperintensities 

(WMH) (those with total volume of WMH above Q3 + 1.5*IQR from T1 and 

T2_FLAIR images) to minimize the bias30. We also excluded those individuals who 

have taken anti-hypertensive medicine because their observed BP might not reflect 

the genetically predicted BP, thus introducing bias into the MR estimates26,31,32. To 

avoid selection bias towards people with relatively lower BP, we also performed a 

sensitivity analysis by including individuals taking antihypertensive treatment and 

redid the association analysis. The final pool includes N=228,473 individuals for 

analysis. There are a few self-reported diseases that may or may not confound our 

findings (including (non-)insulin-dependent diabetes mellitus, hypertensive heart 

disease, chronic ischemic heart disease, and other medical issues, see Table S2 for a 

complete list and the frequency counts), we decided to include these individuals to 

ensure we have sufficient sample size for GWAS and MR analysis.  

We also performed several sensitivity analyses to ensure there is no selection 

bias. The final pool for analysis includes N=228,473 participants, including 16,901 

participants with neuroimaging data available (Figure 7).  

Genotype data 

The genotype data of participants provided by the UKB were assayed using 

two genotyping arrays, the UK BiLEVE Axiom Array and UK Biobank Axiom 

Array33,34. We performed QC of genotype data and only kept the genetic variants 
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with: minor allele frequency ≥ 0.01, imputation quality score > 0.1, Hardy-Weinberg 

equilibrium exact test p-value ≥ 0.001, missing genotype rate ≤ 0.05 and missingness 

per individual ≤ 0.2. 

Blood Pressure data 

As the exposures of interest, we analyzed the following two BP traits with 

complete data collected from the initial (2006-2010) assessment visit: Systolic blood 

pressure (SBP) and Diastolic blood pressure (DBP), both calculated as the mean of 

two non-null BP measurements using phenotype codes 4079 and 4080 in UKB, 

respectively. Hypertension (HTN) was defined using International Classification of 

Diseases edition 10 (ICD-10) codes I10-I15 available in UKB. Hypertension status 

will be used to split the data for training and testing purposes.  

Neuroimaging data 

We used regional WM FA measures collected from DTI data from UKB 

imaging assessment starting from 2014 to compute the outcome of the study, the 

brain age gap (BAG). According to ENIGMA protocol, the per-tract mean value of 

each brain WM tract was calculated by using a Track-Based Spatial Statistics analysis 

from the DTI FA images35. FA measure, ranging from 0 to 1, represents the degree of 

anisotropy of a diffusion process and the integrity of cortical white matter36. A lower 

value of FA indicates less probability of diffusion in one direction (isotropic). This 

study focuses on FA data for a total of 39 tracts that covered multiple brain regions 

(see the list of 39 regional WM FA measures in Table S1).  
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Potential Confounders  

We treated sex, age, BMI, alcohol consumption, smoking status, fruit and 

vegetable consumption, and sedentary lifestyle as potential confounders for our 

association analysis and MR analysis based on a previous study37.  

• Sex: sex was used phenotype code 31 (women and men) in the UKB. 

• Age: age was used phenotype code 21022 (Age at recruitment) in the UKB. 

• BMI: BMI was used phenotype code 21001 (Body mass index) in the UKB.  

• Alcohol consumption: alcohol drinker status was defined as 

current/past/never alcohol drinkers using 20117 (Alcohol drinker status) in the 

UKB.  

• Smoking status: smoking status was defined as current/past/never smokers 

using phenotype code 20116 (Smoking status) 

• Fruit consumption: fruit consumption was calculated by summing pieces of 

fresh fruit intake per day and pieces of dried fruit intake per day using 

phenotype codes 1309 (Fresh fruit intake) and 1319 (Dried fruit intake) in 

UKB. 

• Vegetable consumption: vegetable consumption was calculated by summing 

number of heaped tablespoons of cooked vegetables intake per day and 

number of heaped tablespoons of salad or raw vegetables intake per day using 

phenotype codes 1289 (Cooked vegetable intake) and 1299 (Salad/raw 

vegetable intake) in UKB. 

• Sedentary lifestyle: sedentary lifestyle was calculated by summing in a 

typical day, number of hours participants spend driving, using the computer 
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(except for using the computer at work) and watching television using 

phenotype codes 1090 (Time spent driving), 1080 (Time spent using 

computer) and 1070 (Time spent watching television (TV)) in UKB. 

We performed complete case analysis by excluding individuals with any 

missing covariates. Two-sample t-tests were conducted comparing missingness vs 

complete case group for each missing covariate to ensure the missing complete at 

random assumption is not violated (Table S5). The continuous Age variable is 

categorized into 40-49, 50-59, 60-69 age groups. In this study, we conducted both 

overall analysis as well as stratified analysis within each sex and age group. 

Existing large-scale blood pressure GWAS summary data 

To strengthen the IV selection step in two-sample MR analysis, in addition to 

UKB data alone, we also collected the largest existing GWAS summary data on BP 

from a meta-analysis of over 750,000 participants of European ancestry that 

combined a total of 78 different cohorts (from International Consortium of Blood 

Pressure (ICBP) and part of UKB cohort)24. We used this existing meta-analyzed 

GWAS summary data to help select stronger and reproducible IVs in our two-sample 

MR analysis.  

Statistical Analysis  

Figure 1 shows a flowchart of the main statistical analysis performed and the 

number of subjects included at each step of the analysis. For two-sample MR 

analysis, we split data into two non-overlapping sets: Genetic-Exposure Association 

Set consisting of participants with only BP but no FA data (MR sample 1; 

N=203,067) and Genetic-Outcome Association Set consisting of participants with 
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both BP and BAG outcome variables available (MR sample 2; N=8822) (Figure 7).  

The main analyses are in three parts. In the first part, we used ML model to estimate 

the outcome WM BAG based on 39 regional FA measures and the chronological age, 

among those participants with both BP and FA data available. In the second part, we 

applied a multiple linear regression model to test for the association between BP and 

BAG in MR sample 2. In the last part, we performed a two-sample MR analysis to 

evaluate the causal effects of BP on BAG treating candidate genetic variants as IVs.  

Estimation of age bias corrected WM BAG using ML model 

In the first part, we applied ML model to estimate the outcome WM BAG based on 

39 regional FA measures and the chronological age, among those participants with 

both BP and FA data available. We used random forest (RF) regression to generate a 

function for estimating unbiased brain age in a training set of participants with no 

hypertension (Non-HTN Training in Figure 7; N=7,728). The parameters of the RF 

regression were tuned based on the coefficients of determination (R) between the 

chronological age and estimated brain age and mean absolute error (MAE) criteria to 

achieve the optimum predictive performance using a 5-fold cross-validation (CV). 

The RF regression was also used to select a set of FA features that have the most 

significant impact on brain aging. The locked ML model was then applied to the 

testing samples (Non-HTN and HTN Testing in Figure 7; N=7,728 and 1,445 

respectively) to predict the brain age. The WM BAG was calculated by subtracting 

individuals’ chronological age from their predicted brain age. The age-dependent bias 

has been noted to distort clinical interpretation in many brain age prediction 

studies17,38. We further used a simple linear regression model39 to remove brain age 
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prediction bias from WM BAG and evaluated the performance of our correction 

method by the MAE.  

Linear association analysis between BP and BAG 

In the second part, we applied a multiple linear regression model to test for the 

association between BP and BAG in MR sample 2, controlling for the 

aforementioned confounders.  

Two-sample MR analysis to evaluate the causal effect of BP on BAG  

In the last part, we performed a two-sample MR analysis to evaluate the causal effects 

of BP on BAG treating candidate genetic variants as IVs. The MR sample 1 was used 

to perform gene-exposure association analysis and select candidate IVs. The MR 

sample 2 was used to perform gene-outcome association analysis. The estimates from 

the two MR samples were combined using a generalized inverse variance weighted 

(gen-IVW) method to evaluate the causal effects of BP on BAG. The gen-IVW 

method took the ratio of gene-outcome association and gene-exposure association 

estimates and combined multiple dependent IVs into an overall estimate to assess the 

causal effect of exposure on the outcome while controlling the impact from linkage 

disequilibrium (LD) between pairs of genetic variants40,41. Other popular MR 

methods such as MR-PRESSO 42 and MR-MIX 43 were also applied. For both MR 

analysis and association analysis, the analyses were performed in the general 

population as well as stratified by sex and age groups. 

IV selection 

We followed the three IV assumptions of MR analysis to select IVs:  
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(i) The IV is associated with the exposure; 

(ii) The IV is independent of the confounding factors;  

(iii) The IV is independent of the outcome given the exposure (i.e., the IV does not 

exert horizontal pleiotropy).  

We first performed GWAS on BP using an additive genetic model adjusted for sex, 

age, BMI, genotyping chip type, and top 10 principle components (PCs) of population 

admixture in MR sample 1 to select genetic variants associated with blood pressure 

(p<5 × 10-8). We then performed LD clumping to remove genetic variants with 

r2>0.50 within a 1000-kb window using Plink (version 1.9, www.cog-

genomics.org/plink/1.9/)44. The parameter setting follows from recommendation in 

recent studies to balance between being too stringent (too small r2, too wide window 

size, very few IVs selected) and too conservative (too large r2, too narrow window 

size, too many IVs selected)45-49. To strengthen the IV selection step, we included the 

BP GWAS results from the meta-analyzed ICBP cohort (N=757,601; partially 

overlapped with UKB cohort)24 and only selected those IVs that passed the p-value 

thresholds (p<5 × 10-8) in both cohorts. Our MR method based on gen-IVW can 

handle dependent IVs while improving the strength of IVs41. Next, we removed IVs 

associated with any of the aforementioned confounders (Benjamini-Hochberg (BH) 

adjusted p-value > 0.05). Lastly, we performed conditional independence tests to 

exclude IVs with evidence of horizontal pleiotropy (BH adjusted p-value > 0.1) in 

MR sample 2.  Additionally, we followed an MR guidance for IV selections proposed 

by Burgess et al.50 to pick up IVs with a biological link to BP (i.e., SBP/DBP) listed 

in the NIH National Human Genome Research Institute GWAS catalogue 
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(http://www.genome.gov/gwastudies) and annotated them using the online annotation 

tool FAVOR (http://favor.genohub.org/)51. These criteria substantially enhance the 

creditability of the selected IVs and the causal role of risk factor on outcome. The 

number of variants passing each IV selection step is summarized in Table S7. 

Sensitivity analysis 

To ensure our analysis are robust and unbiased and validate our major findings, we 

performed a series of sensitivity analyses as follows: 

• The current results used the continuous BP as the exposure. For robustness, 

we also performed analysis when treating blood pressure as binary variable 

using three different definitions of high blood pressure (diagnosed, stage-2 

high blood pressure, and combined) and tested them in the BP/BAG linear 

association analysis. BP as binary variable 1: define high blood pressure as 

diagnosed only (International Classification of Diseases edition 10 (ICD-10) 

codes I10-I15 available in UKB). BP as binary variable 2: define high blood 

pressure as stage-2 high blood pressure SBP >139/DBP >89. BP as binary 

variable 3: define high blood pressure as a combined diagnosed and stage-2 

high blood pressure. The results remained largely consistent (Table S8). 

• We excluded the group of participants who took the anti-hypertensive 

medicine (exclusion criteria) in our main analysis for better genetically 

predicted BP in MR analysis. To reduce the selection bias, we also performed 

BP/BAG association analysis by including the group of participants who took 

the anti-hypertension medicine. The results remained largely consistent (Table 

S9).  

http://www.genome.gov/gwastudies
http://favor.genohub.org/
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• For late middle-aged women, menopause and hormone level could be critical 

factors that impact the entire body including blood pressure and brain aging. 

Thus, we also further adjusted menopause (Yes/No) and hormone replacement 

therapy (Yes/No) as potential confounders in the subgroup analysis of the 

women aged 50-59 and the results were shown in Table S10. The results for 

this subgroup analysis remained significant. 

• To ensure the robustness of our main MR method gen-IVW, we additionally 

applied other popular MR methods for the same analysis, including MR-

PRESSO42 which corrects for horizontal pleiotropic outliers and MR-MIX43 

which adjusts genetic correlations. The results were shown in Table S11. In 

addition, a leave-one-out approach52 was also used to evaluate the robustness 

of gen-IVW results (Table S11). The results were largely consistent.  

• Lastly, although the reverse causality is already mitigated in MR analysis 

since the genotypes are not generally susceptible to reverse causation and 

confounding53, we performed another MR analysis by switching the exposure 

and the outcome to rule out the reverse causality (i.e. treating BAG as 

exposure and BP as outcome). The results were insignificant so we can rule 

out the possibility of reverse causality (Table S12). 

Software 

All statistical analyses were conducted using R (version 4.0.5)54. R packages, 

including “MendelianRandomization” (version 0.5.1)55, “MRPRESSO” (version 

0.1.0)42, and “MRMix” (version 0.1.0)43 were used to perform MR analyses. Except 

for GWAS analysis and IV selection, p<0.05 was regarded as statistical significant for 
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all other analyses unless otherwise specified. For both association analysis and MR 

analysis, Benjamini-Hochberg (BH) method was used to adjust for multiple 

comparisons56.  

Results 

Descriptive statistics  

The Genetic-Exposure Dataset consists of 91,771 men and 111,296 women, 

mean age of 56.71 (SD=8.02) years. Non-HTN Training Dataset consists of 3513 

men and 4215 women (mean age=54.23 (SD=7.35)), Non-HTN Testing Dataset with 

4116 men and 3309 women (mean age=54.31 (SD=7.36)), and HTN Testing Dataset 

with 639 men and 758 women (mean age=58.48 (SD=6.53)) (Table 9). No systematic 

difference in the distribution of age, sex, BMI and BP was observed between the non-

HTN training group and non-HTN testing group (Table S3). 

Estimation of white matter BAG 

The optimal RF regression model selected 25 FA measures for BAG 

estimation (Figures 8). After correcting age-bias on WM BAG, the adjusted predicted 

BAG achieved higher prediction performance in HTN test dataset (R=0.88, MAE= 

2.64 years, p < 2.2× 10−16) and non-HTN test dataset (R=0.89, MAE= 2.48 years, p 

< 2.2× 10−16) (Figure 9B) compared with the testing data when the bias is not 

corrected (Figure 9A). The hypertension group is on average 0.31 years (95%CI= 

0.13 to 0.49; p < 0.0001) older in WM brain age than the non-hypertension group, 

and such trend is consistent across age groups (Figure 9C-D). Furthermore, our data 

showed that, women on average had 0.81 years (95%CI= 0.68 to 0.95; p < 0.0001) 
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younger brain age than men and the difference is consistent across all age strata (all p 

< 0.01, Figure 9E). The detailed difference between men and women by age strata 

and by each testing dataset can be found in Table S4. Our results validated a previous 

finding that the adult women’s brains are on average a few years younger than the 

men’s brains in terms of brain metabolism57. 

Linear association analysis 

Both SBP and DBP were found positively associated with WM BAG (Table 

10: 𝛽𝑆𝐵𝑃= 0.012, 95%CI=0.0083 to 0.011, p=4.30×10-10; 𝛽𝐷𝐵𝑃=0.018, 95%CI= 0.011 

to 0.024, p=1.31×10-7). With age and sex stratification, we found that both SBP and 

DBP were associated with WM BAG specifically in 50-59 (𝛽𝑆𝐵𝑃= 0.016, p=3.74×10-

7; 𝛽𝐷𝐵𝑃= 0.026, p=5.54×10-6) and 60-69 (𝛽𝑆𝐵𝑃= 0.0086, p=4.25×10-3; 𝛽𝐷𝐵𝑃= 0.015, 

p=7.11×10-3) age groups, and more significant association was found among women 

(𝛽𝑆𝐵𝑃=0.015, p=7.38×10-9; 𝛽𝐷𝐵𝑃=0.023, p=3.59×10-7). Further stratification by both 

sex and age groups showed that BP was most significantly associated with WM BAG 

among older women, but no association was found between BP and WM BAG in 40-

49 age group for both sexes (Table 10, Figure 10). These results remained largely 

consistent in several sensitivity analyses (Table S8-S10). 

Two-sample MR analysis 

We identified 4,813 and 5,646 genetic variants with GWAS p-value< 5 ×10-8 

for SBP and DBP respectively. A majority of these single nucleotide polymorphisms 

(SNPs) were mapped to blood pressure-related genes (ex., CACNB2, ATP2B1, and 

ARHGAP42) that have been reported in previous studies58,59 (full gene annotations 

were summarized in Table S6). The final number of variants selected as valid IVs are 
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153 for both SBP and DBP (the number of variants passing each IV selection step is 

summarized in Table S7). Using these IVs, we found an overall significant causal 

effect of DBP (𝛽=0.037, 95%CI=0.0034 to 0.071, p=0.0311) on WM BAG (Table 

10), i.e. increment of 10 mmHg of DBP increases brain age by an additional 0.37 

years. In stratified analysis, DBP had most significant causal effect on WM BAG in 

60-69 age group (𝛽=0.0991, 95% CI=0.041 to 0.16, p=7.68×10-4)  and among women 

(𝛽=0.0484, 95% CI=0.0062 to 0.091, p=2.45×10-2). Late middle-aged women are 

most vulnerable to blood pressure change: women in 50-59 age group (𝛽=0.069, 95% 

CI=0.0054 to 0.13, p = 0.0335) and 60-69 age group (𝛽=0.096, 95% CI=0.021 to 

0.17, p= 0.0122) had a significant causal effect of DBP on WM BAG, i.e. increasing 

10 mmHg DBP increases brain age by additional 0.69-0.96 years in women aged 50-

69. Those significant results were confirmed by implementing several sensitivity 

analyses using different MR methods and leave-one-out approach (see Table S11). 

On the other hand, a weak positive causal effect of DBP in age 60-69 (p=0.0571) was 

presented in the men’s group, and a weak causal effect for SBP in the 50-59 aged 

women’s group (p=0.0718). No consensus results for the causal effects of DBP on 

WM BAG were found among the men’s groups by reviewing all the MR analyses, 

thus we could not draw any statistically valid causal conclusion for the men’s group 

(Tables 10, S7, and S8). We also performed another MR analysis by switching the 

outcome and the exposure, no significant causal relationship was observed thus no 

reverse causality existed (Table S12). 
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Discussion 

In this study, we used the FA data and chronological age to train an optimal 

RF model in a healthy reference population without a diagnosis of hypertension to 

calculate WM BAG with age-related bias corrected. We found significant increases in 

WM BAG in HTN individuals and men compared to non-HTN individuals and 

women, respectively. Our linear association analysis between BP and BAG confirmed 

that high blood pressure is highly related to elevated brain aging. Furthermore, the 

two-sample MR analysis identified age- and sex-dependent causal effect of BP on 

WM BAG. Specifically, we found positive causal effects of DBP on WM BAG 

among 50-to-69-age-group women.   

In our investigation, we found that women have younger brains (neoteny) than 

men, consistent with the findings by Goyal et al.57 that the adult women’s brains are a 

few years younger than men’s over the entire adult life span. Interestingly, even 

though women exhibited younger brains, we observed a more robust causal 

relationship between DBP and brain aging in women starting at the age of 50, 

compared to men. This causal effect became even more pronounced among women 

aged 60 to 69, compared to those aged 50 to 59. On the other hand, studies have 

revealed that the prevalence of HTN and brain aging increases with age and differs 

among men and women in different age cycles9,10, especially for older adults and 

women after menopause. This may be due to the sex difference in sex hormones and 

the vascular functions at molecular, cellular, and tissue levels60. Sex hormones 

produced among women of reproductive age may protect them from hypertension and 

related organ function (cardio vasculature, kidneys, and brain)61-63. We provided 
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novel insights on how BP causes increasing brain aging in humans, especially in late 

middle-aged women, and affects differently in an age- and sex-dependent manner, but 

the causal effects warrant further investigations. Our study focused on the causal 

effect of BP measure at baseline on white matter brain aging measured at the imaging 

visit and its age and sex specific pattern comparison. Since the imaging visit (instance 

2) is 4-12 years apart from baseline, we can regard the baseline BP as past BP 

measurement. As the prior history of elevated BP before baseline is not available in 

UKB, we do not further distinguish the past elevated BP based on years of exposure 

of elevated BP without medications. Several longitudinal studies found that both 

concurrent and past elevated blood pressure were associated with white matter 

hyperintensities, but concurrent BP had weaker effect than past BP measurements 

taken several years ago WMH64-68. However, the evidence is still limited, and we will 

leave it to future studies.   

Our study identified that DBP, not SBP, had a causal impact on WM BAG in 

the entire population aged between 40 and 69. As individuals age, SBP typically 

increases, while DBP may decrease due to changes in the cardiovascular system or 

other factors69,70. Our findings are consistent with previous research, which suggests 

that a history of high blood pressure in midlife may contribute to brain changes that 

can lead to white matter lesions71. However, there have been more debates and 

uncertainties surrounding the effect of DBP on brain structures and cognitive function 

compared to SBP72,73. Nevertheless, both genetically proxied and regular 

measurements of SBP and DBP have shown diverse causal effects or significant 

associations with various targets and regional effects related to white matter FA 
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tracks, brain structures, white matter lesions, cortical volume, and cerebral blood 

flow73-76. The relationship between blood pressure and brain aging is complex, 

multifactorial77, time-dependent, or even non-linear78. Other factors, such as genetics, 

lifestyle, and comorbidities, may also contribute to brain changes and cognitive 

decline in advanced age. Further research is required to fully understand the 

complexities of how these blood pressure measures influence the brain and its 

functions.   

The study has several strengths. First, the two-sample MR approach represents 

a robust method for inferring causality between a modifiable exposure and an 

outcome in observational studies using genetic variants as IVs. MR methods reduced 

the influence from confounding factors and reverse causation, thus enhancing the 

validity of the causal inference. Secondly, we used large-sample high-quality 

genotype and phenotype data from UKB and conducted both linear association and a 

two-sample MR analysis in overall and age- and sex-stratified groups facilitating a 

more comprehensive understanding of the causal relationship between blood pressure 

and WM BAG. Thirdly, we calculated WM BAG by training an optimal ML model 

and adjusted for age bias, which resulted in an excellent predictive performance of the 

chronological age. Lastly, we conducted several sensitivity analyses in both 

association tests and two-sample MR to provide a more valid and robust estimation. 

Our study also has some limitations. First, our study only included the 

participants without taking anti-hypertensive medicine, which aims to include a better 

genetically predicted BP data, and hence the ascertainment bias may have been 

introduced. Reassuringly, our sensitivity analysis by including the participants who 
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took anti-hypertensive medicine had consistent findings, so the bias is unlikely. 

Second, due to the lack of data for younger individuals (i.e., age < 40), the potential 

impact of BP on WM brain aging over a lifetime is not investigated in our current 

study. Third, although we demonstrated significant causal effects of BP on WM 

BAG, the molecular mechanisms of selected valid IVs remain unclear. It is critical to 

integrate other advanced methods (i.e., transcriptome-wide association analysis) 

and/or to use multiple omics data (i.e., proteins and RNA) that would allow us to 

obtain a better understanding of the biological system underlying the causal pathway 

between BP and WM BAG.  

Perspectives 

Our study has shown that the non-hypertension group and women had 

younger brains (WM BAG) across all the mid-to-older year cycles. Hypertension and 

genetic predisposition to higher BP (i.e., SBP/DBP) can accelerate brain WM aging 

in an age- and sex-dependent manner. These findings shed insight on understanding 

the abnormal WM brain changes due to high blood pressure and further provide 

evidence to reduce the incidence of late-life cognitive impairment and dementia, 

reflecting the effective control of BP in age and sex awareness would be essential for 

rational planning of health services. 
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Table 9. Characteristics of Participants in Genetic-Exposure Association Set (MR sample 1), Genetic-Outcome Association set 

(MR sample 2 including non-HTN and HTN testing dataset) and the non-HTN training dataset (see Fig 7) from UK Biobank. 

Characteristics Level 
Non-HTN 

Training Dataset 

Genetic-Outcome Dataset 

Genetic-Exposure Dataset 
Non-HTN Testing 

Dataset 

HTN Testing 

Dataset 

n  7728 7425 1397 203,067 

Age (mean (SD))  54.23 (7.35) 54.31 (7.36) 58.48 (6.53) 56.71 (8.02) 

Sex (%) 
female 4215 ( 54.5) 4116 ( 55.4) 639 ( 45.7) 111296 (54.81) 

male 3513 ( 45.5) 3309 ( 44.6) 758 ( 54.3) 91771 (45.19) 

SBP (mean (SD))  26.06 (3.96) 26.07 (3.93) 28.54 (4.64) 137.97 (18.58) 

DBP (mean (SD))  132.49 (16.48) 132.38 (16.51) 145.33 (17.95) 82.25 (10.08) 

BMI (mean (SD))  80.26 (9.38) 80.01 (9.32) 86.32 (10.64) 27.23 (4.65) 

Smoking Status (%) 

Never 4916 (63.71) 4665 (62.83) 797 (57.05) 111814 (55.06) 

Previous 2351 (30.47) 2332 (31.41) 536 (38.37) 70756 (34.84) 

Current 449 ( 5.82) 428 ( 5.76) 64 ( 4.58) 20497 (10.09) 

Alcohol drinker status (%) 

Never 159 ( 2.06) 143 ( 1.93) 28 ( 2.00) 6036 ( 2.97) 

Previous 153 ( 1.98) 122 ( 1.64) 38 ( 2.72) 6826 ( 3.36) 

Current 7414 (95.96) 7160 (96.43) 1331 (95.28) 190205 (93.67) 

Fruit Consumption (mean (SD))  3.07 (2.40) 3.07 (2.28) 3.13 (2.47) 2.99 (2.48) 

Vegetable Consumption (mean (SD))  4.72 (2.91) 4.71 (2.71) 4.94 (3.17) 4.81 (3.08) 

Sedentary Lifestyle (mean (SD))  4.16 (2.39) 4.20 (2.33) 4.80 (2.45) 4.53 (2.48) 
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Table 10. Linear association (left) and two-sample MR analysis (right) results. Multiple potential confounders are adjusted in 

both models. Results for both overall analysis (i.e. without stratification) and stratified analysis by age and sex are shown.   

BP Group 

Linear Association MR analysis 

Beta Estimate 
Lower 

95% CI 

Upper 

95% CI 

BH adjusted p 

value 

Standardized 

Estimate 

Lower 

95% CI 

Upper 

95% CI 
P value 

Without Stratification 

SBP 
Whole 

0.0120 0.0083 0.0156 4.30E-10 *** -0.0048 -0.0234 0.0137 6.09E-01 

DBP 0.0175 0.0111 0.0239 1.31E-07 *** 0.0371 0.0034 0.0709 3.11E-2 * 

With Age Stratification 

SBP 
40-49 

0.0070 -0.0016 0.0156 1.64E-01 -0.0460 -0.0860 -0.0060 2.44E-2 * 

DBP 0.0117 -0.0013 0.0246 1.18E-01 0.0069 -0.0539 0.0676 8.25E-01 

SBP 
50-59 

0.0163 0.0103 0.0223 3.74E-07 *** -0.0002 -0.0290 0.0287 9.91E-01 

DBP 0.0259 0.0154 0.0364 5.54E-06 *** 0.0151 -0.0357 0.0659 5.60E-01 

SBP 
60-69 

0.0086 0.0032 0.0140 4.25E-03 ** 0.0230 -0.0099 0.0559 1.70E-01 

DBP 0.0147 0.0048 0.0246 7.11E-03 ** 0.0991 0.0414 0.1568 7.68E-04 *** 

With Sex Stratification 

SBP 
Female 

0.0149 0.0100 0.0197 7.38E-09 *** 0.0112 -0.0130 0.0355 3.64E-01 

DBP 0.0233 0.0146 0.0319 3.59E-07 *** 0.0484 0.0062 0.0905 2.45E-02 * 

SBP 
Male 

0.0074 0.0017 0.0131 2.05E-02 * -0.0281 -0.0635 0.0073 1.20E-01 

DBP 0.0094 -0.0001 0.0189 9.54E-02 ~. 0.0297 -0.0293 0.0887 3.24E-01 

With Age by Sex Stratification 

SBP 40-49 

female 

0.0053 -0.0056 0.0161 3.44E-01 -0.0529 -0.0983 -0.0075 2.23E-02 * 

DBP 0.0095 -0.0075 0.0265 2.75E-01 -0.0139 -0.0893 0.0615 7.17E-01 
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SBP 40-49 

male 

-0.0004 -0.0150 0.0141 9.54E-01 -0.0495 -0.1222 0.0231 1.81E-01 

DBP 0.0072 -0.0139 0.0283 5.04E-01 0.0201 -0.0781 0.1184 6.88E-01 

SBP 50-59 

female 

0.0153 0.0077 0.0228 7.36E-05 *** 0.0329 -0.0029 0.0688 7.18E-02 ~. 

DBP 0.0352 0.0212 0.0492 8.91E-07 *** 0.0686 0.0054 0.1318 3.35E-02 * 

SBP 50-59 

male 

0.0125 0.0027 0.0223 1.24E-02 * -0.0438 -0.0986 0.0109 1.17E-01 

DBP 0.0127 -0.0035 0.0288 1.24E-01 -0.0441 -0.1245 0.0363 2.83E-01 

SBP 60-69 

female 

0.0114 0.0038 0.0190 3.46E-03 ** 0.0137 -0.0263 0.0537 5.01E-01 

DBP 0.0177 0.0034 0.0319 1.50E-02 * 0.0962 0.0209 0.1714 1.22E-02 * 

SBP 60-69 

male 

0.0007 -0.0070 0.0085 8.51E-01 0.0289 -0.0214 0.0793 0.2602 

DBP 0.0104 -0.0037 0.0246 1.47E-01 0.0949 -0.0029 0.1926 5.71E-02 ~. 

~. p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001 
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Figure 7. Flowchart of our main analysis procedures and the number of subjects 

included at each step of the analysis.  

The main analyses are in three parts: (1) Estimation of age bias corrected WM BAG 

using machine learning model (Gray); (2) Linear association analysis between BP and 
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BAG (Blue); (3) Two-sample MR analysis to evaluate causal effect of BP on BAG 

(Orange).  In the directed acyclic graph of MR analysis (Orange box), the solid 

arrows correspond to the causal relationship, the dashed arrows with cross correspond 

to the IV assumptions (ii) and (iii) in MR (see Supplementary Materials section 1.7), 

the red arrow is the causal relationship of interest in MR model.    
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Figure 8. A total of 25 FA features were selected from the random forest model 

for the prediction of WM BAG. 

The color scale represents the negative natural log of minimum p-values of 

association coefficients between BP (i.e., SBP/DBP) and WM BAG.  
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Figure 9. (A) Predicted brain age vs. chronological without age bias correction. 

(B) Predicted brain age vs. chronological with age bias correction. (C) Box plots 

of estimated WM BAG in HTN vs. non-HTN test datasets. (D) Box plots of 

A. B. 

D. C. 

Non-HTN Train: R=0.81, MAE=3.84 

Non-HTN Test: R=0.58, MAE=4.90 

HTN Test: R=0.58, MAE=4.69 

Non-HTN Train: R=0.95, MAE=2.02 

Non-HTN Test: R=0.89, MAE=2.64 

HTN Test: R=0.88, MAE=2.48 

P = 0.0006785 

P = 0.03442 

P = 2.00E-11 

P = 4.58E-12 

E. 

P = 7.66E-17 

P = 1.39E-23 

P = 3.23E-11 

0.28 
-0.029 
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estimated WM BAG in HTN vs. non-HTN test datasets in different age groups. 

(E) Box plots of estimated WM BAG between women and men in different age 

groups.  

 

 

 

Figure 10. Scatterplots and linear relationships between BAG and BP ((A): SBP 

and (B): DBP) in different sex and age subgroups. 
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Chapter 5: Gene-environment interactions in white matter brain 

aging: exploring the impact of Life’s Essential 8 and APOE4 

allele on brain aging in the UK Biobank 

Target journals: Journal of Epidemiology and Community Health, 

Neuroepidemiology, American Journal of Epidemiology, Alzheimer’s & Dementia 

 

Introduction 

Gene-environment interactions (G x E) are increasingly recognized as pivotal 

in the etiology and progression of Alzheimer’s Disease and Related Dementias 

(ADRD) and other neurodegenerative diseases. These complex conditions are 

influenced by the dynamic interaction between genetic predispositions and the 

environment1-3. Although numerous genes affect the development and progression of 

ADRD, the APOE4 allele among the genetic risk factors stands out due to its most 

significant association with an increased risk of ADRD4, emphasizing the critical role 

of genetics in these diseases. Simultaneously, lifestyle factors encompassing diet, 

physical activity, and smoking, in conjunction with clinical conditions including 

blood lipid levels, blood sugar, and hypertension, exert pivotal influences on disease 

risk and its progression3. Some research also showed that APOE4 may mitigate the 

protective effect from the environment5, and sex may exhibit different effects6, 

calling for further investigations. 
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Human brain aging, characterized by microstructural alterations within grey 

and white matter, is a precursor to cognitive decline and potential neurodegenerative 

diseases7.  To understand the complications of this process, our study employs 

machine learning algorithm8-10 to predict the White Matter Brain Age Gap (BAG), a 

metric indicative of the discrepancy between chronological age and neurobiological 

age10,11. The age-adjusted BAG estimates from a machine model with minimal 

predictive biases12,13 is proven to be linked to physical and brain health 10,14-18, and 

serves as a surrogate biological brain age marker. Although single favorable 

modifiable risk factors were reported to have a protective effect on reducing brain 

aging10,11,19, joint modifiable risk factors, collectively quantified as Life's Essential 8 

(LE8), representative of cardiovascular health (CVH), are increasingly recognized for 

their magnified impact on neurological health20. Among genetic factors, one form of 

apolipoprotein E (APOE), the APOE4 allele, is known for its association with 

increased risks of Alzheimer's disease by promoting the accumulation of beta-

amyloid plaques and tau protein abnormalities, causing inflammation, compromising 

vascular health, and reducing neuroprotection in the brain21,22.Also, the APOE4 allele 

may present modification effects on neurodegenerative risks20, potentially interacting 

with LE8 elements to influence brain aging. Hence, in our study, we aim to utilize 

LE8 as a comprehensive set of combined modifiable risk factors to assess their 

impact on the surrogate marker for early dementia, White Matter Brain Age Gap 

(WM BAG). Additionally, we seek to investigate the potential modification effect of 

the APOE4 allele in an age and sex-dependent manner.  
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The foundational concept of “Life's Simple 7” (LS7) introduced by the 

American Heart Association underscores the importance of four modifiable behaviors 

(not smoking, healthy weight, eating healthy and being physically active) and three 

biometric measurements (blood pressure, cholesterol and blood sugar) that can help 

individuals optimize their cardiovascular health23. Building upon this, “Life's 

Essential 8” (LE8)20 emerges in 2022 as an expanded framework incorporating 

additional determinants of health, healthy sleep. LE8 has updated the categories into 

two major areas: health behaviors (eat better, be more active, quit tobacco, get healthy 

sleep,) and health factors (manage weight, control cholesterol, manage blood sugar, 

manage blood pressure). LE8 can better measure, evaluate, predict, and modify CVH 

by revising the cholesterol parameter as non-high-density lipoprotein cholesterol 

(non-HDL)24, improving the healthy diet pattern recognition25, and creating a ranged 

0-100 score system for joint and individual parameters, which is more sensitive to 

capture inter- and intra-individual difference with full-scope of health behavior and 

CVH factors in a dose-response manner26,27. Evidence from meta-analysis including 

14 longitudinal studies suggests that adherence to LS7 guidelines may confer 

protective benefits to dementia28, potentially mediated through mechanisms such as 

improved vascular health29,30.  

This investigation first seeks to understand the effects of the LE8 CVH status, 

LE8 score, and its individual components on WM BAG, considering their joint and 

unique contributions. Amidst this, the APOE4 allele's role, associated with 

heightened risk of Alzheimer's and cardiovascular diseases31, is examined for its 

interaction with LE8 in modulating white matter aging. By dissecting the collective 
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and singular effects of LE8 within the 40-69-year-old participants in the UK Biobank 

cohort, we aim to uncover the associations between modifiable risk factors (lifestyle 

and cardiovascular risk factors) and potential genetic moderations impacting brain 

health. Furthermore, we conduct stratified analyses to determine if these associations 

or genetic modifications differ by age and sex, providing a detailed understanding of 

the interplay among lifestyle factors, genetic background, and demographic (age and 

sex) variables in brain aging. The study's findings can contribute to the development 

of targeted public health interventions and personalized healthcare plans for 

individuals at risk of ADRD and neurodegenerative diseases, potentially reducing the 

burden of these conditions on public health systems. 

Methods 

Study Population and Variables 

The data used in the present study were from the UK Biobank (UKB), which 

is a large-scale population-based longitudinal cohort study recruiting 502,413 

individuals aged 40 to 69 years in 22 recruitment centers across the UK at baseline 

from 2006-2010 and collecting comprehensive physical, environmental, genomic, and 

health data. Beginning in 2014, the brain imaging phenotypic data (N=~4K) were 

collected32. 

The non-pregnant, self-reported whites (N=285,096) who had all life’s 

essential (LE) 8 variables at baseline were included to estimate the LE8 score, and 

then such participants were merged with 30,375 white responders who had age-

adjusted WM BAG in the testing dataset. The sample of N=18,817 was prepared for 
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the association analysis between LE8 and BAG. After further excluding participants 

who were genetic kinship or lacked genetic data, the final analytic sample of 

N=12,573 was prepared for the exploration of the modification effect by APOE4 

gene. The details of the inclusion and exclusion criteria, data processing, and steps of 

the multiple statistical methods can be found in Figure 1.  

Neuroimaging data 

Our main outcome, the BAG, was computed based the FA measures collected 

from DTI data from UKB imaging assessment10. This study focuses on 39 WM FA 

tracks which cover multiple brain regions (see the list of 39 regional WM FA 

measures in Table S1). In accordance with the ENIGMA protocol, the average value 

for each white matter tract in the brain was computed using Track-Based Spatial 

Statistics analysis applied to the DTI FA images33. The FA measurement, which falls 

within the range of 0 to 1, reflects the level of anisotropy in a diffusion process and 

the integrity of the cortical white matter34.   

Assessment of Life’s Essential 8 

The Life’s essential 8 (LE8) Cardiovascular Health (CVH) score is aligned 

with guidance from the American Heart Association26 and the previous studies25,35,36 

and comprises eight key metrics divided into lifestyle behaviors (diet, physical 

activity, smoking, sleep) and health factors (Body Mass Index (BMI), lipid (non-HDL 

cholesterol), blood glucose (HbA1c), and blood pressure (SBP and DBP)). In this 

study, the scoring criteria of diet in UK Biobank were according to the Dietary 

Approaches to Stop Hypertension (DASH)-style diet. Each metric is assessed on a 

scale from 0 to 100, with the comprehensive 1) LE8-total score being the mean of 
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these eight individual scores without weighted adjustments, 2) LE8-lifestyle score 

being the mean of the four lifestyle behaviors, and 3) LE8-health score being the 

mean of the four health factors. The scoring categories for CVH status are as follows: 

scores between 80 and 100 signify ideal CVH health, scores from 50 to 79 represent 

intermediate CVH health, and scores from 0 to 49 suggest poor CVH health. The 

detail of how we measure the Life’s Essential 8 metrics can be found in 

supplementary Table S12 and Table S13. 

APOE Genotype 

The genotype data were assayed with UK BiLEVE Axiom Array and with UK 

Biobank AxiomTM platforms37,38. Our secondary analysis focused on individuals of 

European ancestry without kinship or more than 2% missing genotypes processed 

using PLINK39 (version 1.9, www.cog-genomics.org/plink/1.9/). The APOE genotype 

of participants was determined by the two APOE isoform coding single nucleotide 

polymorphisms40, rs429358 and rs7412, located on chromosome 19. Individuals were 

categorized as APOE4-carriers if they possessed the APOE ε3/ε4 or APOE e4/e4 

combinations, while those with the APOE ε3/ ε3, APOE ε2/ ε2, APOE ε2/ε3 were 

classified as non-APOE4-carriers. APOE ε2/ε4 is usually removed because it has 

potentially risk and protective alleles41. We elected for an e4 dominant (i.e. present 

vs. absent) rather than dose model (i.e. 0/1/2) because there were relatively few ε4 

homozygotes.   

Potential Confounders  

We included potential confounding factors from baseline in UKB: continuous 

age, categorical age groups (40-49, 50-59, 60-69), sex (females and males), education 



 

 

105 

 

(College or University degree and others), Townsend Deprivation Index (an area-

based score, continuous), household income (less than 18k, 18k-31k, 31k-52k, 52k-

100k, more than 100k), moderate alcohol consumption (women: ≤1 unit/day, men: ≤2 

unit/day, yes/no), sedentary behavior (Hours of watch TV as the proxy), social 

connection (0-active, 1-moderate active, 2/3-isolated), and baseline health condition 

(yes or no; hypertension, cardiovascular diseases, type 2 diabetes, cancer, brain 

disease). The missing rate for education (6.27%), Townsend Deprivation Index 

(0.085%), household income (6.85%), moderate alcohol consumption (10.55%), TV 

time (6.77%), social connection (0.36%) can be found in Table 1. Because these 

covariates' missingness did not occur randomly, we performed multiple imputations 

by chained equations (MICE)42.  

Statistical Analysis  

Descriptive characteristics for the study variables by categorized LE8 scores 

(poor, intermediate, and ideal) were examined. The comparison of the distribution of 

the variables between the three groups will be executed by 2 for categorical 

variables, and an ANOVA test for numerical ones. This is for testing the homogeneity 

of the three groups.  

Firstly, we defined the disease population who were previous or current 

smokers, had hypertension, CVD, diabetes, and brain diseases as the Disease testing 

dataset (N=21,806). We split the Non-disease population into Non-disease testing 

(N=8,569) and Non-disease training dataset (N=8,570) in a 1:1 ratio. We then applied 

the ML model to estimate the outcome WM BAG based on 39 regional FA measures 

and the chronological age among the Non-disease training dataset (Figure 1). We 
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used random forest (RF) regression to generate a function for estimating unbiased 

brain age in a training set of participants. The parameters of the RF regression were 

tuned based on the coefficients of determination (R) between the chronological age 

and estimated brain age and mean absolute error (MAE) criteria to achieve the 

optimum predictive performance using a 5-fold cross-validation. The RF regression 

was also used to select a set of FA features that have the most significant impact on 

brain aging. The locked ML model was then applied to the testing samples to predict 

the brain age. The WM BAG was calculated by subtracting individuals’ chronological 

age from their predicted brain age. The age-dependent bias has been noted to distort 

clinical interpretation in many brain age prediction studies18,43. We further used a 

simple linear regression model44 to remove brain age prediction bias from WM BAG 

and evaluated the performance of our correction method by the MAE. The WM BAG 

after age adjustment from the testing dataset (Non-Disease and Disease, N=30,375) 

was used as our outcome.  

The relationships between the multiple exposures: categories of 

cardiovascular health (CVH) status (poor, intermediate, ideal), as well as scores from 

total LE8-total, LE8-lifestyle, LE8-health, and individual LE8 metrics, will be 

analyzed in relation to the outcome WM BAG using adjusted general linear 

regression models within the testing group. Model 1 were adjusted for age and sex. 

Model 2 will be further adjusted for education, Townsend deprivation index, 

moderate alcohol consumption, sedentary behavior, and social connection. Model 3 

will be further adjusted for the prevalent diseases (yes or no) based on model 2. The 

Inverse Probability Weighting method45 was employed as a sensitivity analysis to 
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reinforce the rigor of our study. This method tested the robustness of the association 

between CVH status/LE8 and WM BAG, as observed in our third model. In this 

process, we used propensity scores as weights, controlling for the same covariates, to 

ensure a thorough and comprehensive assessment of our findings.  

Stratified analyses and joint analyses were also conducted to assess possible 

effect modification among LE8 and WM BAG in the participants with or without the 

APOE4 gene by categorized age at baseline (40-49, 50-59, 60-69) and sex (female or 

male). These analyses will determine if the association between LE8 and WM BAG 

varies by APOE4 status, and whether this potential modification effect is consistent 

across different age categories (40-49, 50-59, 60-69 years) and sex. 

All statistical analyses were conducted using R (version 4.0.5)46. R packages, 

including “MICE” (version 3.14.0), “Hmisc” (version 5.1.0) were used to perform 

multiple imputation by chained equations and inverse probability weighting analyses. 

Results 

Descriptive statistics  

The main analytic sample included 18,817 white participants with a mean 

(SD) age of 55.45 (7.46) years and 49.22% women. The mean LE8-total score 

(ranging from 0-100) is 71.90 (SD, 10.34), LE8-lifestyle score (ranging from 0-100) 

is 78.33 (11.85) and LE8-health score is 65.48 (15.96). Participants with an ideal LE8 

CVH status were younger, more women, had college degree, more household income, 

lower Townsend deprivation index, more active social activity, more no or moderate 

alcohol consumption compared to the poor LE8 CVH status (Table 11).  
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In the subsample analytic sample (N=12,573) for exploring the effect modification of 

APOE4 allele, 25.75% were APOE4 carriers. There is disparity in Townsend 

deprivation index, sedentary behavior, and LE8-lifestyle score among APOE4 

carriers and non-carriers (Table S14). On the other hand, APOE4 carriers had lower 

LE8-total score, LE8-health score, nonHDL score and higher HbA1c score. In the 

gender-specific and overall association between the health status and APOE4 status, 

we also observed that men carrying the APOE4 allele had increased odds ratio of 

cardiovascular disease (ORcrude 1.17, 95% CI: 0.99-1.38) compared to women APOE4 

carriers (ORcrude 1.13, 95% CI: 0.89-1.43) (Table S15). Interestingly, the odds for 

diabetes mellitus (DM) were lower in the overall APOE4 carrier population (ORcrude 

0.72, 95% CI: 0.58-0.88) and this protective effect was more pronounced in men 

(ORcrude 0.59, 95% CI: 0.44-0.77) than in women (Table S15). No significant 

association was found between APOE4 carriers and non-carriers for the status of 

cancer or brain diseases when considering both genders together and separately 

(Table S15). 

Estimation of white matter BAG 

The optimal random forest regression model selected 16 fractional anisotropy 

measures for BAG estimation (Table S1). After correcting age-bias on white matter 

BAG, the adjusted predicted BAG achieved R= 0.89, MAE = 2.74 years in both 

Disease test dataset and Non-disease test dataset (Figure 12B), greatly improving the 

prediction performance in testing data when the bias is not corrected (Figure 12A). 

The Disease group is on average 0.28 years (95%CI= 0.19 to 0.36; P = 4.91E-10) 

older in WM brain age than the Non-disease group. Furthermore, our data showed 
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that women on average had 0.77 years (95%CI= 0.69 to 0.84; P = 2.89E-83) younger 

brain age than men (results not shown), which is consistent with our previous and 

Goyal et al.’s findings10,47. The APOE4 carrier group is on average 0.18 years (p 

=0.0096) older in WM BAG than the non-APOE4 carrier group, and such trend is 

consistent in the female group but not the male group (Figure 12C-D). 

Relationship between LE8 and WM BAG 

The regression analyses revealed significant associations between LE8 and 

WM BAG. Participants with the intermediate CVH showed a significantly reduced 

WM BAG (β = -0.88, 95% CI: -1.23 to -0.53, P<0.001), and ideal CVH showed a 

stronger effect on the decreased WM BAG (β= -1.34, 95% CI: -1.71 to -0.99, 

P<0.001) compared to poor CVH (as reference) in model 3, indicating a younger 

brain age relative to chronological age among participants with intermediate and ideal 

CVH status compared to the poor status. This pattern held across all models adjusting 

for demographic, socioeconomic, and medical conditions. Each 10-incremental point 

in the LE8 score was associated with a reduced WM BAG (βmodel1 = -0.42, βmodel2 = -

0.39, βmodel3 = -0.31, all P < 0.001), with diminishing effect sizes in models 

accounting for additional covariates. The steepest decline in WM BAG with 

increasing LE8 score is observed in the 50-59 age group (Figure 14). Consistent 

beneficial associations in all models were also observed for individual LE8 factors 

such as a favorable diet, no smoking, physical activity, favorable BMI, and normal 

blood pressure and blood glucose levels (Table 12 and Figure 15). Notably, sleep as 

both a continuous and categorical variable did not maintain significance in model 3. 

Moreover, while continuous non-HDL cholesterol levels showed no significant effect 
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across models 1 and 2, there was only a marginal association in model 3. In contrast, 

when non-HDL cholesterol was categorized into normal and non-normal levels, it 

demonstrated significant associations with WM BAG in all models, highlighting the 

potential importance of optimal cholesterol levels in brain aging (see more details in 

Table 12). There is no sex difference in the association between LE8-total score and 

WM BAG in each age group (all P for interaction > 0.05) (Figure 14).  

Modification effect of APOE4 genotype 

The modification effect of the APOE4 genotype on the association between 

LE8 score and WM BAG was analyzed. Interestingly, the modification effects of the 

APOE4 genotype reveal a complex pattern. In non-APOE4-carriers, a consistent 

decrease in WM BAG was observed with higher LE8 scores across all age groups and 

sexes. However, in APOE4 carriers, the effect was less consistent, with some age 

groups and the sex subgroup (females and males aged 40-49 and 60-69) not showing 

a significant association (Table 13).  

While no sex differences were observed in the main effect of LE8 on WM 

BAG, sex disparities emerged when considering APOE4 status. For non-APOE4 

carriers, men showed a lesser reduction in WM BAG across most LE8 factors 

compared to women (e.g., βLE8-total_male = -0.023, p < 0.001 vs. βLE8-total_female = -0.038, 

p < 0.001). In contrast, among APOE4 carriers, the protective effect of favorable LE8 

factors on WM BAG was not as pronounced in either sex (Table 14). In the further 

analysis of sex differences, we observed a significant interaction between LE8 scores 

and APOE4 status in women aged 40-49 (P interaction = 0.048) but not in men in all age 

groups (all P for interaction >0.05, Figure 16). For the individual LE8 factors, the 
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analysis reveals significant sex-specific effects only in females, with a significant 

APOE4 by BMI interaction (p = 0.007) (Table 15). The observed patterns indicate 

that CVH health behaviors/factors may differentially affect brain aging and that this 

impact is further modulated by APOE4 status across sexes.  

Discussion 

Our study significantly advances the understanding of how Life's Essential 8 

(with updated AHA’s updated LE8 metrics) correlates with brain aging (machine 

learning-based biological brain age prediction), considering multiple adjustments and 

the modifying effect of the APOE4 allele among a large prospective cohort in the 

UK. Our findings highlight that higher LE8 scores and better CVH status (ideal, 

intermediate) are more influential than individual risk factors in decelerating brain 

aging. Individuals with ideal CVH status exhibit WM brain age 1.34 years younger, 

with intermediate CVH status corresponding to brains 0.88 years younger, relative to 

those with poor CVH status. Our analyses reveal that LE8 health factors, blood sugar, 

blood pressure, and blood lipid – exhibit a 31.58% greater effect on reducing WM 

BAG compared to lifestyle like diet, smoking, physical activity, and sleep (βhealth =      

-0.025, βlifestyle = -0.019, both p < 0.001). This is further influenced by the APOE4 

allele's modification effects, where non-APOE4 carriers showed a consistent 

reduction in WM BAG across all demographics, and APOE4 carriers displayed 

negligible or diminished effects. Notably, our findings highlighted sex and age 

disparities, particularly among APOE4 carriers, where the expected protective 

influence of LE8 was not uniformly evident. 
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To the best of our knowledge, we are the first to report the association 

between LE8 and the WM BAG after multiple adjustments in a large cohort study. 

Our general findings regarding improved LE8 on reducing WM BAG are consistent 

with the previous studies showing improving CVH healthy lifestyle behavior and 

cardiovascular health metrics (LS7, LE8 and related) is associated with better 

cognition, lower dementia risk, and better micro-/macro-brain structures48-55. For 

example, Dandan Liu et al.’s cross-sectional studies51,53 show an inverse relationship 

between LE8 scores and cerebral small vessel disease scores (lacunes, microbleeds, 

perivascular spaces, and white matter hyperintensity) in community-dwelling older 

adults from Lishui City in China. Similarly, Yan Fu et al.'s study54 indicates that LS7 

scores are positively linked with white matter health in a broad age range from the 

UK Biobank cohort. Hannah Gardener el al.’s longitudinal study48 underscores that 

an increase in ideal cardiovascular health factors is associated with better white 

matter health in a diverse older population living in Northern Manhattan, New York, 

including a significant proportion of Hispanic individuals. These findings collectively 

highlight the importance of cardiovascular lifestyle behavior and health metrics in 

maintaining brain integrity across various demographics and ages.  

Our analysis revealed that while all individual CVH LE8 factors generally had 

protective effects on WM BAG (Table 2), sleep was an exception in model 3 (further 

adjusts for medical conditions). Intriguingly, in models 1 and 2, which accounted for 

demographic, socioeconomic, and behavior confounders, sleep did show a beneficial 

association, aligning with previous studies56-58 that reported sleep's positive impact on 

brain health. However, these studies may not have fully considered the influence of 
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underlying medical conditions, which could mask the protective role of sleep 

observed in less adjusted models. 

Our findings reveal the complexity of the gene-lifestyle interaction in 

neurodegenerative risk, especially in the context of the APOE4 allele. While a higher 

LE8 score is associated with a lower WM BAG regardless of APOE4 status, we 

observe an attenuated effect size of LE8 in APOE4 carriers. This attenuation suggests 

a potential limit to the neuroprotective effects of lifestyle factors in individuals 

carrying the APOE4 allele, as evidenced by the observed diminished or absent impact 

of certain individual LE8 factors on WM BAG in these carriers. This observation is in 

line with previous studies that have reported similar findings, whether the outcome is 

white matter integrity59 or dementia20,60-62. These observations may be explained 

partly in the prior research63 from our lab, which highlighted a moderating effect of 

APOE4 on the relationship between plasma metabolites and white matter 

microstructural integrity. Specifically, while certain metabolites within the lipid 

spectrum detrimentally affect FA in critical neural tracts for APOE4 carriers, they 

maintain a protective or beneficial association in non-carriers. Evidence showed sex-

APOE4 interaction exists in brain health and far from being clear64,65, hence we have 

further investigated the APOE4 modification effect on a sex manner and observed 

women and men experienced varying degrees of brain health benefit from positive 

lifestyle changes with or without APOE4 allele (Table 4 and Figure 5). This addition 

specifies the need for further research to understand the biological underpinnings of 

sex differences in response to lifestyle changes, especially considering the influence 

of the APOE4 allele. Together, these findings highlight the necessity of incorporating 
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a joint lifestyle and cardiovascular health factors into strategies designed to decelerate 

brain aging, while also considering genetic predispositions and sex differences to 

optimize the effectiveness of such interventions. 

Our study presents several strengths. Firstly, the study leverages a large-scale 

dataset from UK Biobank. Secondly, the utilization of a machine learning to compute 

the biological brain age introduces an innovative and potentially more accurate 

method of assessing brain aging, which allows us to detect subtle changes in brain 

aging that traditional methods might overlook. Additionally, we offered a 

comprehensive evaluation of cardiovascular health through the LE8 metrics including 

a wide range of modifiable behaviors and health factors as a holistic approach. 

Moreover, the inclusion of the APOE4 modification effect together with age- and sex 

-sex-stratification analysis addresses an important aspect of personalized and 

precision medicine. Lastly, our approach is strengthened by the use of robust and 

rigorous statistical tools. This includes regression models with multiple adjustments 

for confounding factors and the use of the Inverse Probability Weighting method as a 

rigorous sensitivity analysis tool. 

This study also has some limitations. Firstly, it includes potential selection 

bias due to the relatively healthy volunteers of the UK Biobank population66, which 

may not fully represent the general population. Secondly, reliance on self-reported 

data collected at baseline for the lifestyle factors could introduce recall or 

misclassification bias. Furthermore, while multiple confounding factors were 

accounted for, unmeasured variables such as other genetic predispositions, 

environmental factors, or psychosocial stressors might influence outcomes. Finally, 



 

 

115 

 

the limitation of tracking the changes of LE8 and brain aging over time may hamper 

our capacity to establish causal relationships. Future studies involving ongoing 

longitudinal cohorts, such as the Adolescent Brain Cognitive Development study67 

and the Baltimore Longitudinal Study of Aging68, could provide more comprehensive 

insights. 

Conclusion 

In conclusion, our research provides the evidence that a holistic approach to 

cardiovascular health, encapsulated in Life's Essential 8 (LE8), is vital in slowing the 

progression of brain aging, particularly in the context of the APOE4 genotype and 

between different sexes. The implications of our findings are profound, suggesting 

that concerted efforts to improve cardiovascular health can significantly contribute to 

preserving brain health and delaying the aging process of the brain, with tailored 

prevention plans for those with different genetic predispositions and sex. Future 

research should delve into the causal mechanisms behind these associations and 

explore the potential of personalized medicine in optimizing brain health outcomes. 
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Table 11. Baseline characteristics of participants in the UK Biobank by overall and cardiovascular health status (poor, 

intermediate and ideal) in the main analysis. 

    Overall Cardiovascular health (CVH) Status   

  level   Poor Intermediate Ideal p 

n   18817 345 14074 4398   

Age group (%) 40-49 4622 (24.56) 64 (18.55) 2922 (20.76) 1636 (37.20) <0.001 

  50-59 7636 (40.58) 175 (50.72) 5754 (40.88) 1707 (38.81)  

  60-69 6559 (34.86) 106 (30.72) 5398 (38.35) 1055 (23.99)   

Sex (%) Female 9261 (49.22) 121 (35.07) 6185 (43.95) 2955 (67.19) <0.001 

  Male 9556 (50.78) 224 (64.93) 7889 (56.05) 1443 (32.81)   

Education (%) College 8731 (46.40) 112 (32.46) 6265 (44.51) 2354 (53.52) <0.001 

  Non-college 8907 (47.33) 193 (55.94) 6812 (48.40) 1902 (43.25)  

  NA 1179 ( 6.27) 40 (11.59) 997 ( 7.08) 142 ( 3.23)   

Household income (%) less than 18k 2049 (10.89) 54 (15.65) 1606 (11.41) 389 ( 8.84) <0.001 

  18k-31k 3867 (20.55) 75 (21.74) 3000 (21.32) 792 (18.01)  

  31k-52k 5252 (27.91) 104 (30.14) 3907 (27.76) 1241 (28.22)  

  52k-100k 4999 (26.57) 73 (21.16) 3660 (26.01) 1266 (28.79)  

  more than 100k 1361 ( 7.23) 16 ( 4.64) 925 ( 6.57) 420 ( 9.55)  

  NA 1289 ( 6.85) 23 ( 6.67) 976 ( 6.93) 290 ( 6.59)   

Social activity (%) Active 10683 (56.77) 152 (44.06) 7863 (55.87) 2668 (60.66) <0.001 

  Moderate active 6707 (35.64) 146 (42.32) 5106 (36.28) 1455 (33.08)  

  Isolated 1359 ( 7.22) 46 (13.33) 1057 ( 7.51) 256 ( 5.82)  

  NA 68 ( 0.36) 1 ( 0.29) 48 ( 0.34) 19 ( 0.43)   

Moderate Drink (%) Yes 6020 (31.99) 93 (26.96) 4344 (30.87) 1583 (35.99) <0.001 
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  No 10812 (57.46) 215 (62.32) 8313 (59.07) 2284 (51.93)  

  NA 1985 (10.55) 37 (10.72) 1417 (10.07) 531 (12.07)   

HTN (%) Yes 4645 (24.69) 166 (48.12) 4030 (28.63) 449 (10.21) <0.001 

  No 14172 (75.31) 179 (51.88) 10044 (71.37) 3949 (89.79)   

CVD (%) Yes 1814 ( 9.64) 50 (14.49) 1487 (10.57) 277 ( 6.30) <0.001 

  No 17003 (90.36) 295 (85.51) 12587 (89.43) 4121 (93.70)   

DM (%) Yes 907 ( 4.82) 85 (24.64) 765 ( 5.44) 57 ( 1.30) <0.001 

  No 17910 (95.18) 260 (75.36) 13309 (94.56) 4341 (98.70)   

Cancer (%) Yes 2637 (14.01) 49 (14.20) 2052 (14.58) 536 (12.19) <0.001 

  No 16180 (85.99) 296 (85.80) 12022 (85.42) 3862 (87.81)   

Brain disease (%) Yes 3506 (18.63) 131 (37.97) 2673 (18.99) 702 (15.96) <0.001 

  No 15311 (81.37) 214 (62.03) 11401 (81.01) 3696 (84.04)   

Age (mean (SD))   55.45 (7.46) 55.49 (6.55) 56.47 (7.15) 53.94 (7.68) <0.001 

Townsend deprivation Index 

(mean (SD))   -1.88 (2.70) -1.05 (3.02) -1.84 (2.73) -1.99 (2.64) 

<0.001 

Sedentary behavior (TV) 

(mean (SD))   2.57 (1.41) 3.41 (2.36) 2.71 (1.41) 2.30 (1.29) 

<0.001 

Diet score (mean (SD))   55.45 (22.89) 36.42 (20.33) 50.70 (22.13) 63.34 (21.61) <0.001 

Smoking score (mean (SD))   69.33 (31.98) 35.19 (30.93) 61.23 (32.32) 82.84 (25.71) <0.001 

Physical activity score (mean 

(SD))   97.73 (13.18) 69.88 (44.20) 97.34 (14.02) 99.58 (4.33) 

<0.001 

Sleep score (mean (SD))   90.80 (16.80) 71.25 (27.00) 88.77 (18.16) 94.69 (12.36) <0.001 

BMI score (mean (SD))   72.93 (26.59) 33.61 (24.74) 64.22 (26.58) 87.58 (17.75) <0.001 

nonHDL score (mean (SD))   48.43 (28.61) 24.75 (22.68) 39.30 (25.26) 62.98 (27.15) <0.001 

hba1c score (mean (SD))   93.99 (15.70) 70.00 (27.73) 91.87 (17.67) 98.22 (8.65) <0.001 

BP score (mean (SD))   46.55 (32.42) 19.16 (20.52) 34.12 (27.13) 66.14 (29.97) <0.001 
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LE8-lifestyle score (mean 

(SD))   78.33 (11.85) 53.18 (13.16) 74.51 (10.91) 85.11 (8.61) 

<0.001 

LE8-health score (mean (SD))   65.48 (15.96) 36.88 (11.31) 57.38 (11.82) 78.73 (10.95) <0.001 

LE8-total score (mean (SD))   71.90 (10.34) 45.03 (4.25) 65.94 (6.09) 81.92 (5.26) <0.001 
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Table 12. Associations between individual/joint life's essential 8-Cardiovascular Health Metrics and white matter Brain Age 

Gap by sex 

 Model 1 Model 2 Model 3 
CVH-Cardiovascular 

Health Status 
beta CIL CIU p Sig. beta CIL CIU p Sig. beta CIL CIU p Sig. 

Poor Reference Reference Reference 

Intermediate -1.294 -1.640 -0.948 2.41E-13 *** -1.213 -1.561 -0.866 7.42E-12 *** -0.882 -1.230 -0.534 6.75E-07 *** 

Ideal -1.914 -2.270 -1.558 7.86E-26 *** -1.775 -2.134 -1.416 3.92E-22 *** -1.343 -1.705 -0.982 3.35E-13 *** 

 

LE8 Score 

(Continuous) 
beta CIL CIU p Sig. beta CIL CIU p Sig. beta CIL CIU p Sig. 

Total -0.042 -0.046 -0.037 1.94E-69 *** -0.039 -0.044 -0.034 2.62E-58 *** -0.031 -0.036 -0.026 3.51E-36 *** 

Lifestyle -0.019 -0.023 -0.015 2.25E-20 *** -0.015 -0.019 -0.011 1.13E-13 *** -0.015 -0.019 -0.011 2.36E-13 *** 

Health -0.025 -0.028 -0.022 3.90E-57 *** -0.024 -0.027 -0.021 4.05E-52 *** -0.018 -0.021 -0.015 5.09E-27 *** 

Diet -0.004 -0.006 -0.002 3.91E-05 *** -0.003 -0.005 -0.001 2.43E-03 ** -0.003 -0.005 -0.001 1.46E-03 ** 

Smoking -0.006 -0.007 -0.004 3.86E-14 *** -0.004 -0.006 -0.003 2.75E-09 *** -0.005 -0.007 -0.004 1.63E-11 *** 

Physical activity -0.006 -0.010 -0.003 4.39E-04 *** -0.006 -0.009 -0.002 1.36E-03 ** -0.005 -0.008 -0.001 8.84E-03 ** 

Sleep -0.005 -0.007 -0.002 1.16E-03 ** -0.004 -0.007 -0.001 6.54E-03 ** -0.002 -0.004 0.001 0.221 No 

BMI -0.011 -0.013 -0.010 9.28E-37 *** -0.011 -0.013 -0.009 2.64E-33 *** -0.008 -0.009 -0.006 2.16E-16 *** 

BP -0.011 -0.012 -0.009 4.35E-43 *** -0.010 -0.012 -0.009 4.54E-39 *** -0.008 -0.009 -0.006 5.81E-21 *** 

hba1c -0.017 -0.020 -0.014 1.07E-29 *** -0.017 -0.020 -0.014 9.95E-29 *** -0.011 -0.014 -0.008 2.01E-10 *** 

nonHDL -0.001 -0.003 0.001 0.1870 No -0.001 -0.002 0.001 0.3140 No -0.002 -0.003 0.000 6.49E-02 .~ 

 

Favorable Lifestyle 

(Binary) 
beta CIL CIU p Sig. beta CIL CIU p Sig. beta CIL CIU p Sig. 

Favorable diet (>=80) -0.159 -0.258 -0.060 1.64E-03 ** -0.119 -0.218 -0.019 1.92E-02 * -0.118 -0.217 -0.019 1.90E-02 * 
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No smoking -0.327 -0.420 -0.233 7.05E-12 *** -0.259 -0.354 -0.164 9.01E-08 *** -0.305 -0.400 -0.211 2.41E-10 *** 

Favorable physical 

activity (MET >=150 
min) 

-0.357 -0.588 -0.127 2.36E-03 ** -0.322 -0.553 -0.091 6.21E-03 ** -0.248 -0.477 -0.019 3.37E-02 * 

Favorable sleep (7-9 

hours) 
-0.175 -0.277 -0.073 7.97E-04 *** -0.152 -0.254 -0.050 3.61E-03 ** -0.077 -0.179 0.025 0.139 No 

Favorable BMI (<=25) -0.656 -0.775 -0.537 2.76E-27 *** -0.629 -0.749 -0.510 8.56E-25 *** -0.424 -0.546 -0.302 9.96E-12 *** 

Normal BP -0.578 -0.710 -0.445 1.38E-17 *** -0.543 -0.675 -0.410 1.13E-15 *** -0.408 -0.541 -0.275 2.11E-09 *** 

Normal HbA1c -0.697 -0.835 -0.560 3.41E-23 *** -0.685 -0.822 -0.547 2.10E-22 *** -0.423 -0.570 -0.275 2.20E-08 *** 

Normal nonHDL -0.230 -0.370 -0.089 1.33E-03 ** -0.215 -0.355 -0.075 2.65E-03 ** -0.185 -0.324 -0.046 9.27E-03 ** 

~. p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001 
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Table 13. Stratified Impact of LE8 Score on WM BAG by Age, Sex, and APOE4 Genotype adjusting for education, Townsend 

deprivation index, moderate drink, sedentary behavior, social connection, medical conditions. 

 Non_APOE-e4 Carriers APOE-e4 Carriers 

 beta CIL CIU p Significance beta CIL CIU p Significance 

overall -0.0328 -0.0398 -0.0259 p<0.001 *** -0.0257 -0.0378 -0.0136 p<0.001 *** 

4049 -0.0306 -0.0439 -0.0172 p<0.001 *** -0.0224 -0.0453 0.0005 0.0554 .~ 

5059 -0.0397 -0.0510 -0.0283 p<0.001 *** -0.0463 -0.0664 -0.0262 p<0.001 *** 

6069 -0.0310 -0.0429 -0.0190 p<0.001 *** -0.0134 -0.0336 0.0068 0.1935 No 

female -0.0383 -0.0483 -0.0284 p<0.001 *** -0.0233 -0.0407 -0.0059 0.0087 ** 

male -0.0264 -0.0363 -0.0165 p<0.001 *** -0.0286 -0.0457 -0.0114 0.0011 ** 

4049female -0.0398 -0.0572 -0.0224 p<0.001 *** -0.0166 -0.0469 0.0138 0.2839 No 

4049male -0.0194 -0.0403 0.0015 0.0692 .~ -0.0293 -0.0659 0.0073 0.1167 No 

5059female -0.0420 -0.0577 -0.0262 p<0.001 *** -0.0453 -0.0727 -0.0179 0.0012 ** 

5059male -0.0362 -0.0529 -0.0196 p<0.001 *** -0.0438 -0.0739 -0.0137 0.0044 ** 

6069female -0.0418 -0.0607 -0.0229 p<0.001 *** -0.0091 -0.0435 0.0254 0.6044 No 

6069male -0.0207 -0.0362 -0.0053 0.0085 ** -0.0165 -0.0414 0.0084 0.1926 No 

 ~. p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001 
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Table 14. Association of LE8 Individual Components with WM BAG in APOE4 Carriers and Non-Carriers by Sex in model 3 

adjusting for age, education, Townsend deprivation index, moderate drink, sedentary behavior, social connection, medical 

conditions. 

 Women 
 Non_APOE4 Carriers APOE4 Carriers 

Continuous 

Variables 
beta CIL CIU p Sig. beta CIL CIU p Sig. 

LE8 Total -0.038 -0.048 -0.028 4.11E-14 *** -0.023 -0.041 -0.006 8.73E-03 ** 

LE8-Lifestyle -0.019 -0.027 -0.011 6.05E-06 *** -0.013 -0.027 0.002 8.81E-02 .~ 

LE8-Health -0.021 -0.028 -0.015 2.47E-10 *** -0.012 -0.023 -0.001 3.80E-02 * 

Diet -0.007 -0.011 -0.003 7.92E-04 *** -0.002 -0.009 0.006 0.664 No 

Smoke -0.005 -0.008 -0.002 1.75E-03 ** -0.006 -0.011 -0.001 2.87E-02 * 

Physical activity -0.007 -0.015 0.000 6.01E-02 .~ 0.000 -0.013 0.013 0.999 No 

Sleep -0.002 -0.008 0.004 0.522 No 0.000 -0.010 0.010 0.996 No 

BMI -0.009 -0.013 -0.006 7.37E-07 *** 0.000 -0.006 0.006 0.991 No 

BP -0.009 -0.012 -0.006 1.94E-08 *** -0.006 -0.012 -0.001 2.23E-02 * 

HbA1c -0.012 -0.020 -0.005 9.44E-04 *** -0.004 -0.017 0.010 0.565 No 

nonHDL -0.002 -0.005 0.002 0.292 No -0.005 -0.011 0.001 9.58E-02 .~ 
 

Categorical 

Variables 
beta CIL CIU p Sig. beta CIL CIU p Sig. 

Ideal CVH (LE8 

Total >=80) 
-0.595 -0.807 -0.382 4.39E-08 *** -0.601 -0.971 -0.232 1.44E-03 ** 
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Favorable diet 

(>=80) 
-0.268 -0.464 -0.073 7.23E-03 ** -0.262 -0.596 0.073 0.125 No 

No smoking -0.315 -0.508 -0.121 1.43E-03 ** -0.345 -0.679 -0.011 4.30E-02 * 

Favorable 

physical activity 

(MET >=150 min) 

-0.442 -0.932 0.049 7.77E-02 .~ -0.019 -0.940 0.901 0.967 No 

Favorable sleep 

(7-9 hours) 
-0.066 -0.279 0.147 0.546 No 0.081 -0.282 0.444 0.661 No 

Favorable BMI 

(<=25) 
-0.442 -0.701 -0.182 8.60E-04 *** 0.140 -0.306 0.586 0.539 No 

Normal BP -0.445 -0.678 -0.211 1.90E-04 *** -0.338 -0.728 0.052 8.96E-02 .~ 

Normal HbA1c -0.420 -0.734 -0.106 8.86E-03 ** -0.085 -0.660 0.489 0.771 No 

Normal nonHDL -0.129 -0.381 0.123 0.316 No -0.518 -1.064 0.029 6.33E-02 .~ 

 
 Men 
 Non_APOE4 Carriers APOE4 Carriers 

Continuous 

Variables 
beta CIL CIU p Sig. beta CIL CIU p Sig. 

LE8 Total -0.026 -0.036 -0.016 1.86E-07 *** -0.029 -0.046 -0.011 1.09E-03 ** 

LE8-Lifestyle -0.011 -0.019 -0.003 8.49E-03 ** -0.005 -0.019 0.008 0.459 No 

LE8-Health -0.016 -0.023 -0.010 1.61E-06 *** -0.024 -0.035 -0.012 1.03E-04 *** 

Diet -0.002 -0.006 0.002 0.390 No 0.005 -0.002 0.012 0.165 No 

Smoke -0.003 -0.006 0.000 3.81E-02 * -0.005 -0.010 0.000 6.65E-02 .~ 

Physical activity -0.004 -0.010 0.003 0.244 No -0.003 -0.017 0.010 0.615 No 

Sleep -0.003 -0.009 0.002 0.226 No -0.001 -0.010 0.009 0.880 No 

BMI -0.009 -0.013 -0.005 4.02E-06 *** -0.012 -0.018 -0.005 7.54E-04 *** 

BP -0.007 -0.010 -0.003 1.48E-04 *** -0.009 -0.015 -0.003 2.13E-03 ** 
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HbA1c -0.011 -0.017 -0.005 4.91E-04 *** -0.019 -0.031 -0.007 1.30E-03 ** 

nonHDL 0.000 -0.003 0.003 0.892 No 0.000 -0.006 0.006 0.925 No 

 

Categorical 

Variables 
beta CIL CIU p Sig. beta CIL CIU p Sig. 

Ideal CVH (LE8 

Total >=80) 
-0.451 -0.706 -0.197 5.12E-04 *** -0.162 -0.626 0.303 0.495 No 

Favorable diet 

(>=80) 
0.083 -0.119 0.285 0.421 No 0.204 -0.143 0.551 0.249 No 

No smoking -0.128 -0.315 0.060 0.181 No -0.360 -0.687 -0.032 3.13E-02 * 

Favorable 

physical activity 

(MET >=150 min) 

-0.178 -0.603 0.246 0.410 No -0.044 -0.829 0.742 0.913 No 

Favorable sleep 

(7-9 hours) 
-0.288 -0.489 -0.088 4.83E-03 ** 0.088 -0.266 0.442 0.626 No 

Favorable BMI 

(<=25) 
-0.491 -0.728 -0.254 4.84E-05 *** -0.725 -1.145 -0.306 7.16E-04 *** 

Normal BP -0.357 -0.689 -0.025 3.51E-02 * -0.599 -1.206 0.008 5.30E-02 .~ 

Normal HbA1c -0.474 -0.752 -0.196 8.36E-04 *** -0.682 -1.181 -0.183 7.44E-03 ** 

Normal nonHDL -0.109 -0.399 0.181 0.461 No 0.075 -0.625 0.776 0.833 No 

 ~. p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001 
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Table 15. Gene -  life's essential 8 interaction effect with WM BAG by Sex in model 3 adjusting for age, education, Townsend 

deprivation index, moderate drink, sedentary behavior, social connection, medical conditions 

 
~. p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001 

  

 Women Men 

Interaction beta 95% CIL 95% CIU p beta 95% CIL 95% CIU p 

LE8 Total X APOE4 0.0176 -0.0004 0.0355 5.52E-02 .~ 0.001 -0.017 0.020 8.81E-01 

LE8-Lifestyle X APOE4 0.0069 -0.0091 0.0229 3.99E-01 0.008 -0.007 0.023 2.85E-01 

LE8-Health X APOE4 0.0104 -0.0008 0.0215 6.78E-02 .~ -0.006 -0.018 0.007 3.91E-01 

Diet X APOE4 0.0053 -0.0028 0.0134 1.96E-01 0.007 0.000 0.015 6.12E-02 .~ 

Smoke X APOE4 -0.0008 -0.0067 0.0051 7.80E-01 -0.002 -0.007 0.004 5.96E-01 

Physical activity X APOE4 0.0068 -0.0076 0.0212 3.56E-01 0.004 -0.011 0.018 6.06E-01 

Sleep X APOE4 0.0030 -0.0081 0.0141 5.99E-01 0.005 -0.006 0.016 3.74E-01 

BMI X APOE4 0.0093 0.0026 0.0160 6.58E-03 ** -0.001 -0.008 0.006 7.94E-01 

BP X APOE4 0.0050 -0.0005 0.0105 7.39E-02 .~ -0.002 -0.008 0.004 5.27E-01 

HbA1c X APOE4 0.0053 -0.0076 0.0183 4.20E-01 -0.010 -0.022 0.001 7.98E-02 .~ 

nonHDL X APOE4 -0.0028 -0.0094 0.0037 3.99E-01 0.000 -0.006 0.007 9.11E-01 
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Figure 11. Flow chart of participants selection and data processing procedures. 

Flowchart of our analysis procedures and the number of subjects included at 

each step of the analysis.  

It details three key analytical processes: (1) Utilizing a machine learning model to 

estimate age bias-corrected white matter (WM) brain age gap (BAG) (shown in gray); 

(2) Analyzing the linear relationship between Life's Essential 8 (LE8) and WM BAG 

(highlighted in blue); and (3) Assessing the modification effect of the APOE4 allele 

on this association (indicated in green).  
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Figure 12. Directed Acyclic Graph (DAG) illustrating the association between 

cardiovascular health metrics and white matter brain age gap (WM BAG), 

controlling for confounders and modulated by the effect of APOE4. 
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Figure 13. (A) Predicted brain age vs. chronological without age bias correction. 

(B) Predicted brain age vs. chronological with age bias correction. (C) Box plots 

of estimated WM BAG in ApoE-e4 carriers vs. non-ApoE-e4 carriers. (D) Box 

plots of estimated WM BAG in APOE4 carriers vs. non-APOE4 carriers 

between women and men.  

Mean Absolute Error (MAE): MAE is a measure of the average absolute difference 

between the predicted values and the actual values. It quantifies the magnitude of 

errors without considering their direction (positive or negative).  
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Figure 14. Impact of life’s essential 8 (LE8) score on white matter brain age gap 

(WM BAG) across age groups (up) and sex (down). 
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Figure 15. Forest plot of the effect sizes with 95% confidence intervals for joint 

and individual life's essential 8 (LE8) scores on white matter brain age gap (WM 

BAG) in regression model 3. 
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Figure 16. Age and Sex-specific Effects joint LE8 score on WM BAG in APOE4 

Carriers and Non-Carriers 
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Chapter 6:  Summary 
 

Aging, a natural and inevitable process, brings with it a host of challenges that 

extend beyond individual health to broader societal concerns. With an aging 

population, we see a rise in chronic diseases such as Type 2 Diabetes and 

hypertension, as well as an increase in brain aging and other age-related conditions. 

These trends not only impact the quality of life for the elderly but also impose 

significant economic and social burdens. Healthcare systems are burdened by the 

growing demand for long-term care, while societies deal with increased healthcare 

costs and the need for supportive infrastructure. Additionally, there's a gap in research 

that comprehensively addresses aging by efficient and precise strategy, especially 

when considering the interplay of genetic, demographic, and environmental factors. 

This gap presents a crucial opportunity to explore and implement precision medicine 

approaches in the realm of aging. 

Considering these challenges, my goal is to harness the power of precision 

medicine to create targeted strategies for aging populations. Precision medicine, a 

rapidly evolving field, involves tailoring healthcare based on individual genetic 

profiles, demographic characteristics, and environmental exposures. It's about 

understanding that aging is not a one-size-fits-all process. Genetic predispositions, 

coupled with lifestyle and environmental factors, contribute to how individuals 

experience aging and related diseases. By focusing on these aspects, I aim to use 

precision medicine to identify and apply modifiable factors to protect and improve 

health during aging. This approach includes a thorough analysis of non-modifiable 
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factors like age, sex, and genetics alongside modifiable factors such as diet, physical 

activity, smoking, sleep, and cardiovascular risk factors. My research goal is to help 

the policymakers, healthcare systems, insurance companies, health industries and 

households apply personalized, effective interventions that not only mitigate the 

effects of aging on health but also reduce the associated economic and social burdens. 

Here are the three key angles of my goal through the summaries of my 

research projects. 

Manuscript 1: 

Several studies have clearly described trends in medication usage, metabolic 

control, and mortality among US patients with diabetes, yet little is known about their 

lifestyle quality as a cornerstone for diabetes management. Using data from a large 

sample of U.S. adults (n=7,410) from NHANES 1999-2018, we evaluated the 

lifestyle quality of patients with diabetes, using a score that includes 4 well-

established factors (never smoking, moderate drinking, adequate physical activity, 

and healthy diet) and have the following critical findings. First, the estimated overall 

lifestyle quality of people with diabetes was low and only slightly improved, with 

only 22.0% achieving 3-4 low risk lifestyle factors in 2015-2018. Second, the non-

Hispanic Black group closed their gaps in lifestyle quality with other ethnic groups, 

but Americans with lower income levels, education attainment, or health insurance 

had significantly lower lifestyle score than their counterparts. Third, we observed 

inverse associations of lifestyle score with total and cause-specific mortality, 

including those from other causes, that are independent of the metabolic control 

status. Collectively, these findings underlie great potential for lifestyle quality 
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improvement among Americans with diabetes. Given that the use of medications has 

plateaued while the proportions of deaths from other causes have increased in this 

vulnerable group, the importance of lifestyle management needs to be further 

strengthened in clinical settings. 

This work is an original study that was accepted by the American Journal of 

Epidemiology in December 2013 and will be published soon. The current abstract has 

been presented at EPI|Lifestyle Scientific Sessions 2023. 

Manuscript 2:  

Hypertension, a global health concern affecting over 1.13 billion people, is 

linked to cardiovascular diseases and cognitive decline. With the world's aging 

population, understanding the relationship between high blood pressure (BP) and 

brain aging is crucial. This study, utilizing UK Biobank data, investigates the causal 

relationship between BP and white matter (WM) brain aging using machine learning 

(ML) and Mendelian Randomization (MR) methods. 

Focusing on 219,968 non-pregnant, unrelated European individuals aged 40-

69 with genotype and BP data, the study constructs an age-adjusted WM Brain Age 

Gap (BAG) using diffusion tensor imaging. MR analysis, incorporating genetic 

variants associated with BP, assesses the causal effect of systolic (SBP) and diastolic 

blood pressure (DBP) on WM BAG, adjusted for confounders like BMI and lifestyle 

habits. Sensitivity analyses enhance robustness. 

Key findings include the hypertension group showing older WM brain age by 0.31 

years compared to the non-hypertension group. Notably, women exhibited younger 

brain ages than men, with late middle-aged women showing the most significant 
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causal effect of DBP on WM BAG. The study underscores an age- and sex-dependent 

relationship between BP and brain aging, with DBP having a stronger impact than 

SBP. 

This research, the first of its kind combining ML and MR, highlights the 

importance of BP control, especially in post-menopausal women, for preventing brain 

aging and related diseases. It paves the way for public health policies and clinical 

practices focused on hypertension management in aging populations, potentially 

reducing cognitive impairment and dementia risks. 

This work is an original study that was published in the Journal of 

Hypertension in November 2013. The current abstract has been presented at 

EPI|Lifestyle Scientific Sessions 2023. Based on this project, Li Feng was also 

awarded the Finalist of the 2023 APHA/STATA Scholar Student Research 

Competition from the Applied Public Health Statistics Section of the American 

Public Health Association 2023 and was invited to present orally at the international 

conference.  

Manuscript 3: 

Assessing the impact of Life's Essential 8 (LE8), a comprehensive measure of 

cardiovascular health (CVH), on white matter brain aging is critical for understanding 

cognitive and neurological health. This relationship remains under-explored, 

especially in the context of the APOE4 genotype, a significant factor in 

neurodegeneration. Our study aims to elucidate the association between LE8 and the 

White Matter (WM) Brain Age Gap (BAG), with a particular focus on how the 

Apolipoprotein E- ε4 (APOE4) genotype may modify this relationship. 
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The study includes 18,817 non-pregnant European ancestries aged 40-69 

without extreme white matter hyperintensities for the LE8-WM BAG analysis and 

12,573 for examining the APOE4 modification effect among the UK Biobank using a 

series of multiple linear regression models. WM BAG was computed by a machine 

learning model from regional fractional anisotropy measures derived from diffusion 

tensor imaging data (2014+), while LE8 score waaas calculated based on lifestyle 

behaviors (diet, physical activity, smoking, sleep) and health factors (Body Mass 

Index, blood lipid, blood glucose, and blood pressure) at baseline (2006-2010). The 

APOE genotype was determined for categorization into APOE4 carriers and non-

carriers. 

Higher LE8 scores correlated with a reduced WM BAG, indicating a younger 

brain age. This relationship persisted across various models adjusting for 

demographic, socioeconomic, and medical conditions. Notably, the joint effect of 

LE8 factors on WM BAG was more significant than individual components in all 

groups, especially in APOE4 carriers. However, the APOE4 genotype showed 

complex modification effects. Non-APOE4 carriers consistently exhibited a decrease 

in WM BAG with higher LE8 scores, while APOE4 carriers displayed less consistent 

effects. Furthermore, sex differences and specific interactions between LE8 scores 

and APOE4 status were observed. 

The study highlights the significance of joint healthy CVH metrics in 

mitigating brain aging, as reflected by WM BAG. The findings emphasize the 

importance of a holistic approach in brain health strategies, considering both lifestyle 
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factors and genetic predispositions. The differential impact of LE8 in APOE4 carriers 

suggests the need for personalized health strategies tailored to genetic profiles. 
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Chapter 7:  Future studies 

 

The compelling research presented in the three manuscripts highlights the 

importance of modifiable lifestyle and cardiovascular risk factors in preventing aging 

or reducing mortality among healthy adults or those with chronic diseases when 

considering age, sex, genetic, and socio-economic disparities. However, there remain 

several designs for future studies to expand upon this foundation. 

One critical area for future research is the exploration of causal relationships 

through longitudinal studies. While the current studies offer valuable insights, 

longitudinal research would allow for a more definitive understanding of how 

lifestyle changes, cardiovascular risk control, and interventions impact brain aging 

and cardiovascular health over time. These studies should aim to track changes in 

lifestyle factors, cardiovascular health metrics, and brain aging indicators across 

different life stages, providing a clearer picture of the dynamic interplay between 

these elements. 

Another vital aspect to consider is the generalization of findings to more 

diverse populations. UK Biobank recruits relatively mid-to-early-old healthier 

volunteers and the majority is from European ancestries. Future studies should aim to 

include a broader range of racial and ethnic groups, as well as late-old populations. 

This expansion is crucial to understand if and how these relationships differ across 

various demographics, and to ensure that findings are applicable to a wider segment 

of the population. 



 

 

144 

 

Incorporating psychosocial factors into this research is also essential. Factors 

such as stress, social support, and mental health have significant impacts on aging, 

cardiovascular health, and brain function. Understanding the role of these 

psychosocial factors, alongside the physical and genetic elements already studied, 

will provide a more comprehensive view of aging and health as a more holistic 

approach.  

Incorporating advanced statistical and AI technologies is a pivotal aspect of 

my research goals in the realm of precision medicine for aging populations. The use 

of these cutting-edge tools is essential for effectively analyzing and interpreting the 

complex and enormous data involved in these studies, particularly when dealing with 

omics data like genomics, proteomics, metabolomics, and other biomolecular 

information. 

By leveraging machine learning and deep learning algorithms, I aim to delve 

deeper into the intricate patterns and associations within this data, uncovering insights 

that traditional statistical methods might miss. These AI-driven approaches are 

particularly adept at handling the high dimensionality and heterogeneity of omics or 

imaging data, enabling more accurate predictions and personalized insights into aging 

and associated health conditions.  

Finally, future studies should integrate the findings from these various aspects 

and advanced statistical and AI approaches to develop more personalized and 

effective strategies for precision medicine in aging populations. By considering the 

multifaceted nature of aging -- including genetic, lifestyle, environmental, and 
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psychosocial factors -- these strategies can be tailored more effectively to individual 

needs, thereby improving health outcomes and quality of life for the aging population. 
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Appendices 
 

Table S1. A list of 39 regional white matter (WM) integrity measured by fractional antitropy (FA). 

Region of Interest  Abbreviations Hemisphere 

Inferior cerebellar peduncle ICP / 

Genu of corpus callosum GCC / 

Body of corpus callosum BCC / 

Splenium of corpus callosum SCC / 

Fornix FX / 

Corticospinal tract CST-L Left 

Corticospinal tract CST-R Right 

Anterior limb of internal capsule ALIC-L Left 

Anterior limb of internal capsule ALIC-R Right 

Posterior limb of internal capsule PLIC-L Left 

Posterior limb of internal capsule  PLIC-R Right 

Retrolenticular part of internal capsule  RLIC-L Left 

Retrolenticular part of internal capsule  RLIC-R Right 

Anterior corona radiata ACR-L Left 

Anterior corona radiata ACR-R Right 

Superior corona radiata  SCR-L Left 

Superior corona radiata  SCR-R Right 

Posterior corona radiata  PCR-L Left 

Posterior corona radiata  PCR-R Right 

http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25074
http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25076
http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25076
http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25080
http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25080
http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25082
http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25082
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Posterior thalamic radiation PTR-L Left 

Posterior thalamic radiation PTR-R Right 

Sagittal stratum  SS-L Left 

Sagittal stratum  SS-R Right 

External capsule EX-L Left 

External capsule EX-R Right 

Cingulum cingulate gyrus  CGC-L Left 

Cingulum cingulate gyrus  CGC-R Right 

Cingulum hippocampus  CHG-L Left 

Cingulum hippocampus  CHG-R Right 

Fornix (cres)/stria terminalis FXST-L Left 

Fornix (cres)/stria terminalis FXST-R Right 

Superior longitudinal fasciculus SLF-L Left 

Superior longitudinal fasciculus SLF-R Right 

Superior fronto-occipital fasciculus SFO-L Left 

Superior fronto-occipital fasciculus SFO-R Right 

Uncinate fasciculus UN-L Left 

Uncinate fasciculus UN-R Right 

Tapetum TAP-L Left 

Tapetum TAP-R Right 

 

  

http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25086
http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25086
http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25091
http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25091
http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25093
http://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=25093
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Table S2. Self-report neurological characteristics of participants from two independent association sample sets for the two-

sample Mendelian Randomization analysis. 

 

Characteristics % 

Genetics-exposure 

association sample set 

(N=203067) 

Genetics-outcome association 

sample set (N = 8822) 

viral infections of the CNS 146 ( 0.07) 4 (0.05) 

HIV 63 ( 0.03) 3 (0.03) 

Helminthiases 74 ( 0.04) 6 (0.07) 

malignant neoplasms of meninges 6 ( 0.00) 0 (0.00) 

malignant neoplasms of brain 321 ( 0.16) 1 (0.01) 

malignant neoplasms of CNS 15 ( 0.01) 0 (0.00) 

Organic, including symptomatic, mental disorders 1351 ( 0.67) 4 (0.05) 

mental and behavioral disorders due to psychoactive 

substance use 
9049 ( 4.46) 164 (1.86) 

schizophrenia, schizotypal, and delusional disorders 527 ( 0.26) 4 (0.05) 

Bipolar affective disorder 521 ( 0.26) 12 (0.14) 

mental retardation 24 ( 0.01) 1 (0.01) 

disorders of psychological development 169 ( 0.08) 2 (0.02) 

behavioral and emotional disorders with onset usually 

occurring in childhood and adolescence 
133 ( 0.07) 5 (0.06) 

inflammatory disease of CNS 331 ( 0.16) 12 (0.14) 

systemic atrophies primarily affecting CNS 250 ( 0.12) 1 (0.01) 

extrapyramidal and movement disorders 1379 ( 0.68) 20 (0.23) 
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other degenerative disease of the nervous system 730 ( 0.36) 1 (0.01) 

demyelinating diseases of the CNS 786 ( 0.39) 29 (0.33) 

episodic and paroxysmal disorders 7761 ( 3.82) 267 (3.03) 

nerve, nerve root, and plexus disorders 9782 ( 4.82) 325 (3.68) 

polyneuropathies and other disorders of the peripheral 

nervous system 
1106 ( 0.54) 26 (0.29) 

disease of myoneural junction and muscle 267 ( 0.13) 8 (0.09) 

cerebral palsy and other paralytic syndromes 1162 ( 0.57) 10 (0.11) 

other disorders of the nervous system 2467 ( 1.21) 44 (0.50) 

cerebrovascular diseases 4375 ( 2.15) 62 (0.70) 

Congenital malformations of the nervous system 136 ( 0.07) 1 (0.01) 

abnormal findings on diagnostic imaging of CNS 203 ( 0.10) 1 (0.01) 

abnormal results of function studies of CNS 11 ( 0.01) 1 (0.01) 

injuries to the head 4061 ( 2.00) 117 (1.33) 

injury of cranial nerves 6 ( 0.00) 0 (0.00) 

intracranial injury 676 ( 0.33) 17 (0.19) 

traumatic amputation of part of head 4 ( 0.00) 0 (0.00) 

other and unspecified injuries of head 1043 ( 0.51) 34 (0.39) 

Insulin-dependent diabetes mellitus (self-reported)  1428 ( 0.70) 27 (0.31) 

Non-insulin-dependent diabetes mellitus (self-reported)  10451 ( 5.15) 275 (3.12) 

Hypertensive heart disease (self-reported)  194 ( 0.10) 0 (0.00) 

Chronic ischaemic heart disease (self-reported) 12505 ( 6.16) 270 (3.06) 
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Table S3. Characteristics of participants included in ML training and testing data sets in UK Biobank 

 

Characteristics level NonHTN-Testing NonHTN-Training p Value 

n  7728 7728  

Age (mean (SD))  54.27 (7.35) 54.23 (7.35) p > 0.05 

Sex (%) 
female 4271 (55.3) 4215 (54.5) p > 0.05 

male 3457 (44.7) 3513 (45.5)  

BMI (mean (SD))  26.05 (3.95) 26.06 (3.96) p > 0.05 

SBP (mean (SD))  132.33 (16.51) 132.49 (16.48) p > 0.05 

DBP (mean (SD))  79.98 (9.31) 80.26 (9.38) p > 0.05 
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Table S4. WM BAG difference among females and males across different age groups and testing groups 

 

Group Female Mean Male Mean 
Difference 

95CI_L 
Difference 95CI_U P-value 

All-test + All Age -0.3554 0.4591 -0.9493 -0.6798 3.77E-32 

All-test + 40-49 1.1781 2.2682 -1.3444 -0.8358 7.66E-17 

All-test + 50-59 -0.6940 0.3821 -1.2854 -0.8668 1.39E-23 

All-test + 60-70 -1.3681 -0.6612 -0.9149 -0.4988 3.23E-11 

NonHTN-test + All Age -0.4042 0.4389 -0.9917 -0.6945 1.66E-28 

NonHTN-test + 40-49 1.1624 2.2160 -1.3152 -0.7919 4.78E-15 

NonHTN-test + 50-59 -0.8476 0.2588 -1.3298 -0.8830 5.64E-22 

NonHTN-test + 60-70 -1.5575 -0.8564 -0.9467 -0.4555 2.45E-08 

HTN-test + All Age -0.0370 0.5476 -0.9120 -0.2572 4.74E-04 

HTN-test + 40-49 1.4745 2.8564 -2.4998 -0.2641 1.57E-02 

HTN-test + 50-59 0.3758 1.0581 -1.2598 -0.1048 2.07E-02 

HTN-test + 60-70 -0.7219 -0.1852 -0.9263 -0.1471 7.01E-03 

 

Table S5. Two-sample t-tests to compare predicted brain age in complete case vs missingness group in MR sample 2 

 

Univariate Group 1 Group 2 n1 n2 missing rate df p 

Bonferroni 

Adjusted P 

BH 

adjusted P 

Fruit Complete  Missingness 9054 119 1.30% 121.53 0.04346 0.13038 0.06534 

Vegetable Complete  Missingness 9081 92 1.00% 92.734 0.2946 0.8838 0.2946 

Sedentary Complete  Missingness 9032 141 1.54% 144.84 0.4356 0.13068 0.06534 
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Table S5. Gene annotations for our determined valid IVs carried into the two-sample Mendelian Randomization (MR) 

analysis.  

  

Variant Chromosome Position rsID 
Gencode Comprehensive 

Category 
Gencode Comprehensive Info 

SBP 

10-102801599-T-A 10 102801599 rs2482507 intronic WBP1L 

11-1878732-G-A 11 1878732 rs12360772 intronic LSP1 

2-65065436-G-C 2 65065436 rs2901749 intronic CEP68 

10-100792906-G-C 10 100792906 rs11190709 intronic PAX2 

18-12664237-C-T 18 12664237 rs35815040 intronic CEP76,PSMG2 

5-128521800-A-G 5 128521800 rs17677603 intronic FBN2 

1-3412820-C-T 1 3412820 rs2493291 intronic PRDM16 

3-124876108-T-A 3 124876108 rs1948696 intronic ITGB5 

11-1863123-G-A 11 1863123 rs72843938 intronic LSP1 

11-1920716-T-A 11 1920716 rs909116 intronic TNNT3 

10-94316738-C-G 10 94316738 rs942676 exonic PLCE1 

11-100808626-C-A 11 100808626 rs11224461 intronic ARHGAP42 

11-100808626-C-G 11 100808626 rs11224461 intronic ARHGAP42 

11-100808626-C-T 11 100808626 rs11224461 intronic ARHGAP42 

8-42467247-T-C 8 42467247 rs2978456 intronic SLC20A2 

8-140088796-C-T 8 140088796 rs7820198 intronic TRAPPC9 

10-18380342-G-A 10 18380342 rs11013938 intronic CACNB2 

10-100792906-G-A 10 100792906 rs11190709 intronic PAX2 
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20-64077921-G-C 20 64077921 rs12625329 intronic RGS19 

5-158834155-C-T 5 158834155 rs17715065 intronic EBF1 

7-106791074-A-T 7 106791074 rs7801016 ncRNA_intronic LINC02577 

10-18467952-G-A 10 18467952 rs10828749 intronic CACNB2 

5-123140763-G-A 5 123140763 rs13359291 intronic PRDM6 

8-140101220-G-T 8 140101220 rs6986614 intronic TRAPPC9 

11-100641721-T-C 11 100641721 rs1032777 downstream RN7SL222P 

11-100710589-G-A 11 100710589 rs1234988 intronic ARHGAP42 

1-11850405-A-G 1 11850405 rs55714388 intergenic NPPA(dist=2060),NPPB(dist=7059) 

5-32716368-CTT-C 5 32716368 rs34628434 intronic NPR3 

1-10736490-G-T 1 10736490 rs17035646 intronic CASZ1 

10-102938024-C-T 10 102938024 rs12414777 intronic CNNM2 

1-11794419-T-G 1 11794419 rs1801131 exonic MTHFR 

10-102801599-T-C 10 102801599 rs2482507 intronic WBP1L 

12-89631845-G-A 12 89631845 rs2681485 intronic ATP2B1 

2-37332212-C-A 2 37332212 rs6734118 upstream RNU6-939P 

3-14884844-T-A 3 14884844 rs34991912 intronic FGD5 

4-168804876-C-T 4 168804876 rs13129779 intronic PALLD 

5-32713026-G-A 5 32713026 rs3811971 intronic NPR3 

11-1899025-T-G 11 1899025 rs7483477 ncRNA_intronic LINC01150 

11-1920716-T-C 11 1920716 rs909116 intronic TNNT3 

19-11416089-T-A 19 11416089 rs167479 exonic RGL3 

15-90873320-C-A 15 90873320 rs17514846 intronic FURIN 

1-15437552-A-G 1 15437552 rs2744787 upstream CTRC 

18-50606871-C-T 18 50606871 rs61148001 intronic MAPK4 

19-11416089-T-G 19 11416089 rs167479 exonic RGL3 

1-112503773-T-C 1 112503773 rs351365 intronic WNT2B 

10-94135370-G-A 10 94135370 rs2901761 intronic PLCE1 

11-100719539-T-C 11 100719539 rs6590814 intronic ARHGAP42 

7-151007755-G-T 7 151007755 rs891511 intronic NOS3 

7-92584141-A-T 7 92584141 rs6955925 intronic FAM133B 

11-1863795-C-T 11 1863795 rs673791 intronic LSP1 

12-89547597-G-A 12 89547597 rs4842665 ncRNA_exonic POC1B-AS1 

7-151007755-G-A 7 151007755 rs891511 intronic NOS3 
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11-100722169-T-G 11 100722169 rs4753983 intronic ARHGAP42 

11-100641721-T-G 11 100641721 rs1032777 downstream RN7SL222P 

11-10251005-C-T 11 10251005 rs7941511 intronic SBF2 

4-85826776-A-G 4 85826776 rs1563000 intronic ARHGAP24 

17-45075867-C-T 17 45075867 rs71373532 intronic NMT1 

10-94265734-A-C 10 94265734 rs3740360 intronic PLCE1 

10-114045297-G-C 10 114045297 rs1801253 exonic ADRB1 

11-100719539-T-A 11 100719539 rs6590814 intronic ARHGAP42 

2-65065436-G-T 2 65065436 rs2901749 intronic CEP68 

3-124876108-T-G 3 124876108 rs1948696 intronic ITGB5 

2-26696561-T-C 2 26696561 rs11694327 intronic KCNK3 

6-25863422-T-C 6 25863422 rs17271121 intronic SLC17A3 

10-18165113-A-G 10 18165113 rs2183719 intronic CACNB2 

3-14884844-T-C 3 14884844 rs34991912 intronic FGD5 

11-1870492-C-T 11 1870492 rs686722 exonic LSP1 

10-102801599-T-G 10 102801599 rs2482507 intronic WBP1L 

7-106797165-T-C 7 106797165 rs12539561 ncRNA_intronic LINC02577 

5-32716998-C-A 5 32716998 rs561188083 intronic NPR3 

8-140101220-G-A 8 140101220 rs6986614 intronic TRAPPC9 

9-110392967-T-G 9 110392967 rs10817007 intronic SVEP1 

1-41899206-G-T 1 41899206 rs1408945 intronic HIVEP3 

5-123140763-G-C 5 123140763 rs13359291 intronic PRDM6 

10-103308462-G-A 10 103308462 rs147124747 intronic PCGF6 

11-1852842-G-A 11 1852842 rs907611 upstream LSP1 

10-94206601-C-T 10 94206601 rs7908334 intronic PLCE1 

20-59176062-A-G 20 59176062 rs6015450 intronic ZNF831 

4-145879770-C-G 4 145879770 rs17020769 intronic ZNF827 

20-64077921-G-A 20 64077921 rs12625329 intronic RGS19 

10-18165113-A-C 10 18165113 rs2183719 intronic CACNB2 

10-18170521-A-T 10 18170521 rs7076319 intronic CACNB2 

11-10251005-C-A 11 10251005 rs7941511 intronic SBF2 

7-106774710-A-G 7 106774710 rs12705391 upstream LINC02577 

11-1863795-C-G 11 1863795 rs673791 intronic LSP1 
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2-65057022-C-

CGTGGATGCAGCA 2 65057022 rs111524356 intronic CEP68 

17-45089082-G-C 17 45089082 rs7502512 intronic NMT1 

1-41899206-G-A 1 41899206 rs1408945 intronic HIVEP3 

2-215435759-T-A 2 215435759 rs1250259 exonic FN1 

1-10736490-G-A 1 10736490 rs17035646 intronic CASZ1 

5-32713026-G-C 5 32713026 rs3811971 intronic NPR3 

10-102938024-C-G 10 102938024 rs12414777 intronic CNNM2 

17-2055315-T-C 17 2055315 rs4480845 intronic HIC1 

19-7258394-G-C 19 7258394 rs11671314 intronic INSR 

7-106791074-A-C 7 106791074 rs7801016 ncRNA_intronic LINC02577 

7-106791074-A-G 7 106791074 rs7801016 ncRNA_intronic LINC02577 

10-18187384-G-A 10 18187384 rs1779240 intronic CACNB2 

11-100722169-T-C 11 100722169 rs4753983 intronic ARHGAP42 

2-65057022-C-

CGTGTATGCAGCA 2 65057022 rs111524356 intronic CEP68 

4-168804876-C-A 4 168804876 rs13129779 intronic PALLD 

8-140101220-G-C 8 140101220 rs6986614 intronic TRAPPC9 

2-26700227-C-T 2 26700227 rs1275978 intronic KCNK3 

18-50606871-C-G 18 50606871 rs61148001 intronic MAPK4 

4-145879770-C-T 4 145879770 rs17020769 intronic ZNF827 

1-153689947-G-A 1 153689947 rs35479618 exonic NPR1 

15-90873320-C-G 15 90873320 rs17514846 intronic FURIN 

10-114045297-G-A 10 114045297 rs1801253 exonic ADRB1 

19-7233182-C-T 19 7233182 rs12982634 intronic INSR 

19-11416089-T-C 19 11416089 rs167479 exonic RGL3 

1-112503773-T-G 1 112503773 rs351365 intronic WNT2B 

7-92584141-A-G 7 92584141 rs6955925 intronic FAM133B 

11-1989975-G-A 11 1989975 rs11564745 upstream MRPL23-AS1 

3-124876108-T-C 3 124876108 rs1948696 intronic ITGB5 

8-140073517-T-A 8 140073517 rs10875448 intronic TRAPPC9 

1-11816605-G-A 1 11816605 rs17376328 intronic CLCN6 

4-145879770-C-A 4 145879770 rs17020769 intronic ZNF827 

10-18170521-A-G 10 18170521 rs7076319 intronic CACNB2 
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19-2177626-T-G 19 2177626 rs55678414 intronic DOT1L 

3-124897669-T-A 3 124897669 rs6810148 intronic ITGB5 

7-151007755-G-C 7 151007755 rs891511 intronic NOS3 

8-140073517-T-C 8 140073517 rs10875448 intronic TRAPPC9 

10-18165113-A-T 10 18165113 rs2183719 intronic CACNB2 

17-45089082-G-T 17 45089082 rs7502512 intronic NMT1 

7-92635096-T-C 7 92635096 rs2282978 intronic CDK6 

10-18380342-G-C 10 18380342 rs11013938 intronic CACNB2 

10-94265734-A-G 10 94265734 rs3740360 intronic PLCE1 

15-90873320-C-T 15 90873320 rs17514846 intronic FURIN 

2-26696561-T-A 2 26696561 rs11694327 intronic KCNK3 

2-65057022-C-

CGTGGATGCGGCA 2 65057022 rs111524356 intronic CEP68 

4-168804876-C-G 4 168804876 rs13129779 intronic PALLD 

3-14884844-T-G 3 14884844 rs34991912 intronic FGD5 

8-140073517-T-G 8 140073517 rs10875448 intronic TRAPPC9 

2-37194929-C-T 2 37194929 rs186895872 intronic SULT6B1 

17-45089082-G-A 17 45089082 rs7502512 intronic NMT1 

9-110392967-T-C 9 110392967 rs10817007 intronic SVEP1 

12-89631845-G-T 12 89631845 rs2681485 intronic ATP2B1 

11-1863795-C-A 11 1863795 rs673791 intronic LSP1 

1-112501706-G-T 1 112501706 rs10776752 intronic WNT2B 

4-80278812-G-A 4 80278812 rs1458046 intronic FGF5 

1-3404570-G-A 1 3404570 rs3795261 intronic PRDM16 

12-89701396-T-C 12 89701396 rs11105379 intronic ATP2B1 

7-27199072-C-G 7 27199072 rs2071265 ncRNA_intronic HOTTIP 

10-18474925-G-A 10 18474925 rs4418698 intronic CACNB2 

4-155499453-A-T 4 155499453 rs6536076 ncRNA_intronic AC107208.1 

12-89719404-G-A 12 89719404 rs4842679 ncRNA_intronic AC009522.1 

2-164070427-A-G 2 164070427 rs413335 ncRNA_intronic AC016766.1 

3-134328147-C-T 3 134328147 rs1529427 intergenic 

LINC02004(dist=6976),AC010207.1(dist=19141

) 

1-11850405-A-C 1 11850405 rs55714388 intergenic NPPA(dist=2060),NPPB(dist=7059) 

7-45970501-C-T 7 45970501 rs10260816 ncRNA_intronic AC073115.2 
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12-20207394-A-G 12 20207394 rs73073694 intergenic 

LINC02468(dist=71231),AC129102.1(dist=1543

38) 

18-44627182-A-G 18 44627182 rs56358311 intergenic 

LINC01478(dist=47229),AC120049.1(dist=4974

5) 

7-106772317-C-G 7 106772317 rs4730186 intergenic AC004917.1(dist=2110),LINC02577(dist=2638) 

4-155585717-T-A 4 155585717 rs716428 intergenic 

AC107208.1(dist=65364),GUCY1A1(dist=80994

) 

5-32831833-T-C 5 32831833 rs12656497 intergenic NPR3(dist=40109),AC010343.3(dist=56403) 

4-53935061-T-G 4 53935061 rs60991988 intronic AC058822.1 

5-32804020-A-G 5 32804020 rs13187101 intergenic NPR3(dist=12296),AC010343.3(dist=84216) 

5-32855264-G-GA 5 32855264 rs35517746 intergenic NPR3(dist=63540),AC010343.3(dist=32972) 

4-155527911-G-A 4 155527911 rs35398469 intergenic 

AC107208.1(dist=7558),GUCY1A1(dist=138800

) 

4-155472489-T-A 4 155472489 rs4690974 intergenic 

AC097526.1(dist=23879),AC107208.1(dist=2362

1) 

2-164142446-T-G 2 164142446 rs112265631 ncRNA_intronic AC016766.1 

1-56152284-G-T 1 56152284 rs12136896 ncRNA_intronic AL353681.1 

3-169468116-AT-A 3 169468116 rs140006697 ncRNA_intronic AC074033.1 

11-107219508-G-T 11 107219508 rs1991198 intergenic 

GUCY1A2(dist=200984),AP000766.1(dist=9262

4) 

12-20207394-A-T 12 20207394 rs73073694 intergenic 

LINC02468(dist=71231),AC129102.1(dist=1543

38) 

15-90864764-G-T 15 90864764 rs7497418 intergenic RN7SL363P(dist=8557),FURIN(dist=3824) 

4-80262313-G-T 4 80262313 rs72658333 intergenic PRDM8(dist=57984),FGF5(dist=4286) 

10-94226238-G-A 10 94226238 rs2860749 ncRNA_intronic AL389885.1 

2-26674633-G-C 2 26674633 rs1275957 upstream AC015977.2 

12-89713948-C-G 12 89713948 rs1590008 ncRNA_intronic AC009522.1 

5-32881943-T-C 5 32881943 rs146345612 intergenic NPR3(dist=90219),AC010343.3(dist=6293) 

5-33018253-C-T 5 33018253 rs10546919 ncRNA_intronic AC010343.3,AC034223.1 

14-98056338-T-C 14 98056338 rs75989961 intergenic 

LINC01550(dist=78214),AL163932.1(dist=1182

3) 

5-32831833-T-G 5 32831833 rs12656497 intergenic NPR3(dist=40109),AC010343.3(dist=56403) 

12-89713948-C-A 12 89713948 rs1590008 ncRNA_intronic AC009522.1 
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16-60628679-C-T 16 60628679 rs12446328 intergenic 

AC009081.1(dist=105429),AC092125.2(dist=100

9554) 

14-98056338-T-G 14 98056338 rs75989961 intergenic 

LINC01550(dist=78214),AL163932.1(dist=1182

3) 

12-89907902-G-A 12 89907902 rs10858938 ncRNA_intronic AC009522.1 

5-32804020-A-T 5 32804020 rs13187101 intergenic NPR3(dist=12296),AC010343.3(dist=84216) 

7-106772317-C-A 7 106772317 rs4730186 intergenic AC004917.1(dist=2110),LINC02577(dist=2638) 

11-100594947-A-C 11 100594947 rs658072 intergenic CNTN5(dist=236062),RN7SL222P(dist=47028) 

11-100590367-C-A 11 100590367 rs11224306 intergenic CNTN5(dist=231482),RN7SL222P(dist=51608) 

2-164209199-C-A 2 164209199 rs13022802 ncRNA_intronic AC016766.1 

4-80235944-T-C 4 80235944 rs6848130 intergenic PRDM8(dist=31615),FGF5(dist=30655) 

10-103269633-T-

TTTGA 10 103269633 rs111971984 intergenic RPEL1(dist=21617),INA(dist=7505) 

10-113960755-G-C 10 113960755 rs151597 intergenic NHLRC2(dist=43561),ADRB1(dist=83301) 

11-69967622-G-A 11 69967622 rs10898037 intergenic 

AP007216.2(dist=40809),AP003555.3(dist=1825

4) 

1-56152284-G-A 1 56152284 rs12136896 ncRNA_intronic AL353681.1 

1-11854017-G-A 1 11854017 rs12411044 intergenic NPPA(dist=5672),NPPB(dist=3447) 

10-102876898-G-T 10 102876898 rs3740393 intronic AS3MT,BORCS7-ASMT 

8-94244498-G-T 8 94244498 rs2607073 intergenic CDH17(dist=27195),GEM(dist=4755) 

4-155470155-A-G 4 155470155 rs17033041 intergenic 

AC097526.1(dist=21545),AC107208.1(dist=2595

5) 

7-45970501-C-G 7 45970501 rs10260816 ncRNA_intronic AC073115.2 

15-90864764-G-A 15 90864764 rs7497418 intergenic RN7SL363P(dist=8557),FURIN(dist=3824) 

16-60628679-C-A 16 60628679 rs12446328 intergenic 

AC009081.1(dist=105429),AC092125.2(dist=100

9554) 

4-155472489-T-G 4 155472489 rs4690974 intergenic 

AC097526.1(dist=23879),AC107208.1(dist=2362

1) 

10-73645877-T-G 10 73645877 rs41280404 UTR3 

SYNPO2L(ENST00000372873.8:c.*841A>C,EN

ST00000394810.3:c.*841A>C) 

14-52927385-G-T 14 52927385 rs10873062 ncRNA_intronic AL139317.5 

2-26674633-G-T 2 26674633 rs1275957 upstream AC015977.2 

7-106772317-C-T 7 106772317 rs4730186 intergenic AC004917.1(dist=2110),LINC02577(dist=2638) 
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11-107219508-G-A 11 107219508 rs1991198 intergenic 

GUCY1A2(dist=200984),AP000766.1(dist=9262

4) 

12-89713948-C-T 12 89713948 rs1590008 ncRNA_intronic AC009522.1 

5-32804020-A-C 5 32804020 rs13187101 intergenic NPR3(dist=12296),AC010343.3(dist=84216) 

11-9909266-A-G 11 9909266 rs7111257 ncRNA_intronic AC011092.2 

7-92597500-G-A 7 92597500 rs6973439 intergenic FAM133B(dist=7106),CDK6(dist=7421) 

1-15683319-G-A 1 15683319 rs12760698 upstream AL121992.2 

14-52927385-G-A 14 52927385 rs10873062 ncRNA_intronic AL139317.5 

3-134328147-C-G 3 134328147 rs1529427 intergenic 

LINC02004(dist=6976),AC010207.1(dist=19141

) 

7-106771636-G-A 7 106771636 rs62481856 intergenic AC004917.1(dist=1429),LINC02577(dist=3319) 

17-45145949-C-CAT 17 45145949 rs112981250 downstream AC142472.1 

5-32831833-T-A 5 32831833 rs12656497 intergenic NPR3(dist=40109),AC010343.3(dist=56403) 

11-100662891-A-C 11 100662891 rs10750594 intergenic 

RN7SL222P(dist=20618),AP001351.1(dist=2127

1) 

4-155472489-T-C 4 155472489 rs4690974 intergenic 

AC097526.1(dist=23879),AC107208.1(dist=2362

1) 

4-155499453-A-C 4 155499453 rs6536076 ncRNA_intronic AC107208.1 

11-9909266-A-T 11 9909266 rs7111257 ncRNA_intronic AC011092.2 

2-164151656-C-G 2 164151656 rs73029563 ncRNA_intronic AC016766.1 

4-155527911-G-C 4 155527911 rs35398469 intergenic 

AC107208.1(dist=7558),GUCY1A1(dist=138800

) 

14-52927385-G-C 14 52927385 rs10873062 ncRNA_intronic AL139317.5 

2-164209199-C-T 2 164209199 rs13022802 ncRNA_intronic AC016766.1 

11-100662891-A-G 11 100662891 rs10750594 intergenic 

RN7SL222P(dist=20618),AP001351.1(dist=2127

1) 

11-100662891-A-T 11 100662891 rs10750594 intergenic 

RN7SL222P(dist=20618),AP001351.1(dist=2127

1) 

5-33167069-C-A 5 33167069 rs35860535 ncRNA_intronic AC010343.3 

2-164151656-C-A 2 164151656 rs73029563 ncRNA_intronic AC016766.1 

3-169459768-A-AC 3 169459768 rs11383131 ncRNA_intronic AC074033.1 

11-100590367-C-T 11 100590367 rs11224306 intergenic CNTN5(dist=231482),RN7SL222P(dist=51608) 

2-55967638-C-T 2 55967638 rs981037 ncRNA_intronic AC011306.1,MIR217HG 

2-164142446-T-C 2 164142446 rs112265631 ncRNA_intronic AC016766.1 



 

 

160 

 

10-102876898-G-C 10 102876898 rs3740393 intronic AS3MT,BORCS7-ASMT 

19-49102448-G-A 19 49102448 rs73046792 UTR3 SNRNP70(ENST00000401730.5:c.*309G>A) 

2-164070427-A-C 2 164070427 rs413335 ncRNA_intronic AC016766.1 

4-155585717-T-G 4 155585717 rs716428 intergenic 

AC107208.1(dist=65364),GUCY1A1(dist=80994

) 

4-155585717-T-C 4 155585717 rs716428 intergenic 

AC107208.1(dist=65364),GUCY1A1(dist=80994

) 

12-89907902-G-T 12 89907902 rs10858938 ncRNA_intronic AC009522.1 

7-92597500-G-C 7 92597500 rs6973439 intergenic FAM133B(dist=7106),CDK6(dist=7421) 

2-55967638-C-G 2 55967638 rs981037 ncRNA_intronic AC011306.1,MIR217HG 

11-100594947-A-G 11 100594947 rs658072 intergenic CNTN5(dist=236062),RN7SL222P(dist=47028) 

11-100594947-A-T 11 100594947 rs658072 intergenic CNTN5(dist=236062),RN7SL222P(dist=47028) 

2-164151656-C-T 2 164151656 rs73029563 ncRNA_intronic AC016766.1 

5-33167069-C-T 5 33167069 rs35860535 ncRNA_intronic AC010343.3 

7-45970501-C-A 7 45970501 rs10260816 ncRNA_intronic AC073115.2 

11-69967622-G-C 11 69967622 rs10898037 intergenic 

AP007216.2(dist=40809),AP003555.3(dist=1825

4) 

DBP 

20-11014319-A-T 20 11014319 rs6108803 ncRNA_intronic C20orf187 

11-100725921-T-A 11 100725921 rs11224413 intronic ARHGAP42 

3-124879679-A-G 3 124879679 rs10804564 intronic ITGB5 

6-25866152-C-A 6 25866152 rs72843590 intronic SLC17A3 

3-124879679-A-T 3 124879679 rs10804564 intronic ITGB5 

3-169443360-C-T 3 169443360 rs73172097 intronic MECOM 

5-148985138-C-T 5 148985138 rs4560536 intronic SH3TC2 

10-100792906-G-C 10 100792906 rs11190709 intronic PAX2 

11-100725921-T-C 11 100725921 rs11224413 intronic ARHGAP42 

20-10476141-A-G 20 10476141 rs601918 intronic SLX4IP 

21-38601745-C-G 21 38601745 rs2836554 intronic ERG 

11-100744892-G-A 11 100744892 rs11224426 intronic ARHGAP42 

4-80268449-A-T 4 80268449 rs3822015 intronic FGF5 

4-101163174-T-C 4 101163174 rs1527351 intronic PPP3CA 

20-10618931-C-G 20 10618931 rs55931874 intronic SLX4IP 

10-100792906-G-A 10 100792906 rs11190709 intronic PAX2 
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5-123139653-G-C 5 123139653 rs11241673 intronic PRDM6 

1-3414113-G-A 1 3414113 rs2493290 intronic PRDM16 

11-100641721-T-C 11 100641721 rs1032777 downstream RN7SL222P 

11-100710589-G-A 11 100710589 rs1234988 intronic ARHGAP42 

1-11850405-A-G 1 11850405 rs55714388 intergenic NPPA(dist=2060),NPPB(dist=7059) 

12-89697090-A-G 12 89697090 rs12230074 intronic ATP2B1 

2-182401485-A-T 2 182401485 rs34889222 intronic PDE1A 

16-20346926-A-C 16 20346926 rs9928003 intronic UMOD 

20-59127395-T-A 20 59127395 rs75777337 intronic ZNF831 

4-80268449-A-G 4 80268449 rs3822015 intronic FGF5 

6-51973465-A-G 6 51973465 rs9296668 intronic PKHD1 

16-20346926-A-T 16 20346926 rs9928003 intronic UMOD 

11-10336619-G-A 11 10336619 rs2923092 intronic AMPD3 

18-10879255-T-G 18 10879255 rs11661818 intronic PIEZO2 

1-11794419-T-G 1 11794419 rs1801131 exonic MTHFR 

2-144967963-A-T 2 144967963 rs11674165 ncRNA_intronic TEX41 

21-38447907-C-A 21 38447907 rs2836411 intronic ERG 

7-45921046-G-C 7 45921046 rs2854746 exonic IGFBP3 

15-74419428-C-G 15 74419428 rs8025655 intronic SEMA7A 

19-11416089-T-A 19 11416089 rs167479 exonic RGL3 

13-110247764-C-A 13 110247764 rs7338606 intronic COL4A1 

18-50606871-C-T 18 50606871 rs61148001 intronic MAPK4 

19-11416089-T-G 19 11416089 rs167479 exonic RGL3 

1-112503773-T-C 1 112503773 rs351365 intronic WNT2B 

11-100767683-C-G 11 100767683 rs17713163 intronic ARHGAP42 

7-151007755-G-T 7 151007755 rs891511 intronic NOS3 

20-10476141-A-T 20 10476141 rs601918 intronic SLX4IP 

7-151007755-G-A 7 151007755 rs891511 intronic NOS3 

9-133657152-C-T 9 133657152 rs6271 exonic DBH 

11-100641721-T-G 11 100641721 rs1032777 downstream RN7SL222P 

11-100767683-C-T 11 100767683 rs17713163 intronic ARHGAP42 

5-148966880-G-A 5 148966880 rs7737361 intronic SH3TC2 

12-20064514-T-A 12 20064514 rs2728553 ncRNA_intronic LINC02398 

20-10618931-C-A 20 10618931 rs55931874 intronic SLX4IP 
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20-10618931-C-T 20 10618931 rs55931874 intronic SLX4IP 

5-123139653-G-T 5 123139653 rs11241673 intronic PRDM6 

12-20030169-C-G 12 20030169 rs6487057 ncRNA_intronic LINC02398 

10-114045297-G-C 10 114045297 rs1801253 exonic ADRB1 

12-20030169-C-T 12 20030169 rs6487057 ncRNA_intronic LINC02398 

7-45921046-G-T 7 45921046 rs2854746 exonic IGFBP3 

14-58906273-C-A 14 58906273 rs56348104 ncRNA_intronic LINC01500 

5-128436422-G-A 5 128436422 rs427025 intronic FBN2 

5-32713002-G-C 5 32713002 rs3828591 intronic NPR3 

6-25863422-T-C 6 25863422 rs17271121 intronic SLC17A3 

3-57891260-T-C 3 57891260 rs13098785 intronic SLMAP 

5-148985138-C-A 5 148985138 rs4560536 intronic SH3TC2 

1-112508363-C-T 1 112508363 rs3828074 intronic WNT2B 

19-17111774-A-G 19 17111774 rs1077795 intronic MYO9B 

1-112641226-A-T 1 112641226 rs11102518 intronic CAPZA1 

11-100821835-A-G 11 100821835 rs35473622 intronic ARHGAP42 

2-144967963-A-G 2 144967963 rs11674165 ncRNA_intronic TEX41 

12-89697090-A-T 12 89697090 rs12230074 intronic ATP2B1 

20-59181887-C-A 20 59181887 rs116954015 intronic ZNF831 

12-111277393-C-T 12 111277393 rs1265565 intronic CUX2 

2-182346716-G-A 2 182346716 rs12693302 intronic PDE1A 

1-112641226-A-C 1 112641226 rs11102518 intronic CAPZA1 

12-111652218-C-G 12 111652218 rs10744774 intronic BRAP 

6-51973465-A-T 6 51973465 rs9296668 intronic PKHD1 

13-110302163-T-C 13 110302163 rs9521686 intronic COL4A1 

2-96349335-T-C 2 96349335 rs810057 intronic NCAPH 

5-128436422-G-T 5 128436422 rs427025 intronic FBN2 

5-148985138-C-G 5 148985138 rs4560536 intronic SH3TC2 

12-111652218-C-A 12 111652218 rs10744774 intronic BRAP 

2-182346716-G-T 2 182346716 rs12693302 intronic PDE1A 

11-10253871-C-A 11 10253871 rs59807815 intronic SBF2 

11-100744892-G-T 11 100744892 rs11224426 intronic ARHGAP42 

1-230710048-A-G 1 230710048 rs699 exonic AGT 

15-74419428-C-A 15 74419428 rs8025655 intronic SEMA7A 
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20-11018106-C-A 20 11018106 rs913221 ncRNA_intronic C20orf187 

11-100725921-T-G 11 100725921 rs11224413 intronic ARHGAP42 

5-123585409-G-A 5 123585409 rs1579036 intronic CSNK1G3 

11-100875759-G-

GGT 11 100875759 rs147014235 intronic ARHGAP42 

10-94240525-G-A 10 94240525 rs7069316 intronic PLCE1 

2-182346716-G-C 2 182346716 rs12693302 intronic PDE1A 

18-10879255-T-A 18 10879255 rs11661818 intronic PIEZO2 

12-124336159-A-C 12 124336159 rs1271309 intronic NCOR2 

3-169443360-C-G 3 169443360 rs73172097 intronic MECOM 

12-50109299-A-G 12 50109299 rs836179 intronic GPD1 

2-182343355-G-A 2 182343355 rs1370666 intronic PDE1A 

21-38586057-T-C 21 38586057 rs112005532 intronic ERG 

4-80268449-A-C 4 80268449 rs3822015 intronic FGF5 

13-50525961-G-T 13 50525961 rs3118904 ncRNA_intronic DLEU1 

18-50606871-C-G 18 50606871 rs61148001 intronic MAPK4 

1-112508363-C-G 1 112508363 rs3828074 intronic WNT2B 

15-74419428-C-T 15 74419428 rs8025655 intronic SEMA7A 

20-59181887-C-T 20 59181887 rs116954015 intronic ZNF831 

1-153689947-G-A 1 153689947 rs35479618 exonic NPR1 

1-243307890-A-G 1 243307890 rs953492 intronic SDCCAG8 

2-182401485-A-C 2 182401485 rs34889222 intronic PDE1A 

10-61765543-G-A 10 61765543 rs973237 intronic CABCOCO1 

10-114045297-G-A 10 114045297 rs1801253 exonic ADRB1 

13-110247764-C-T 13 110247764 rs7338606 intronic COL4A1 

19-11416089-T-C 19 11416089 rs167479 exonic RGL3 

1-112503773-T-G 1 112503773 rs351365 intronic WNT2B 

6-25577612-A-T 6 25577612 rs3827503 intronic CARMIL1 

2-26699987-G-A 2 26699987 rs1275977 intronic KCNK3 

21-38447907-C-T 21 38447907 rs2836411 intronic ERG 

5-123585409-G-C 5 123585409 rs1579036 intronic CSNK1G3 

7-151007755-G-C 7 151007755 rs891511 intronic NOS3 

7-45921046-G-A 7 45921046 rs2854746 exonic IGFBP3 

13-110302163-T-A 13 110302163 rs9521686 intronic COL4A1 
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20-11018106-C-T 20 11018106 rs913221 ncRNA_intronic C20orf187 

5-128436422-G-C 5 128436422 rs427025 intronic FBN2 

12-124336159-A-T 12 124336159 rs1271309 intronic NCOR2 

20-11014319-A-G 20 11014319 rs6108803 ncRNA_intronic C20orf187 

1-112501706-G-T 1 112501706 rs10776752 intronic WNT2B 

14-58906273-C-G 14 58906273 rs56348104 ncRNA_intronic LINC01500 

6-25577612-A-G 6 25577612 rs3827503 intronic CARMIL1 

1-3404570-G-A 1 3404570 rs3795261 intronic PRDM16 

13-50525961-G-A 13 50525961 rs3118904 ncRNA_intronic DLEU1 

7-150993088-C-T 7 150993088 rs3918226 intronic NOS3 

20-11018106-C-G 20 11018106 rs913221 ncRNA_intronic C20orf187 

7-27199072-C-G 7 27199072 rs2071265 ncRNA_intronic HOTTIP 

12-20064514-T-G 12 20064514 rs2728553 ncRNA_intronic LINC02398 

12-124336159-A-G 12 124336159 rs1271309 intronic NCOR2 

14-58906273-C-T 14 58906273 rs56348104 ncRNA_intronic LINC01500 

4-155739911-C-A 4 155739911 rs56256623 intergenic AC104083.1(dist=2849),GUCY1B1(dist=19081) 

10-114021768-T-C 10 114021768 rs2782980 intergenic NHLRC2(dist=104574),ADRB1(dist=22288) 

1-230712956-C-T 1 230712956 rs2004776 ncRNA_intronic AL512328.1 

1-11845794-A-G 1 11845794 rs61764044 UTR3 

NPPA(ENST00000376480.7:c.*215T>C,ENST00

000610706.1:c.*209T>C) 

1-11850405-A-C 1 11850405 rs55714388 intergenic NPPA(dist=2060),NPPB(dist=7059) 

2-182525674-T-C 2 182525674 rs74680771 intergenic PDE1A(dist=2936),DNAJC10(dist=190367) 

11-100632976-G-T 11 100632976 rs1502282 intergenic CNTN5(dist=274091),RN7SL222P(dist=8999) 

12-20198342-A-T 12 20198342 rs73073676 intergenic 

LINC02468(dist=62179),AC129102.1(dist=16339

0) 

15-94779089-T-C 15 94779089 rs2219814 intergenic 

AC022308.1(dist=52570),AC107976.1(dist=7649

7) 

18-44622962-G-A 18 44622962 rs34039016 intergenic 

LINC01478(dist=43009),AC120049.1(dist=53965

) 

12-20271295-A-G 12 20271295 rs17375682 intergenic 

LINC02468(dist=135132),AC129102.1(dist=9043

7) 

6-126617300-C-G 6 126617300 rs4427021 intergenic 

RNU6-

200P(dist=26907),AL035603.1(dist=102260) 

20-10985350-G-T 20 10985350 rs1887320 ncRNA_intronic AL050403.2 
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20-10762917-G-T 20 10762917 rs77289079 ncRNA_intronic AL050403.2,AL135937.1 

15-96092669-T-G 15 96092669 rs4984496 ncRNA_intronic AC012409.2 

20-10762917-G-A 20 10762917 rs77289079 ncRNA_intronic AL050403.2,AL135937.1 

11-100595229-T-C 11 100595229 rs639494 intergenic CNTN5(dist=236344),RN7SL222P(dist=46746) 

12-20183218-C-T 12 20183218 rs16922722 intergenic 

LINC02468(dist=47055),AC129102.1(dist=17851

4) 

6-78683819-C-G 6 78683819 rs237113 intergenic 

AL121718.1(dist=77783),AL450327.1(dist=12589

6) 

12-115494467-C-A 12 115494467 rs4767332 intergenic 

AC078880.2(dist=129722),AC009803.2(dist=749

27) 

10-62792847-G-A 10 62792847 rs1509966 ncRNA_intronic AC067751.1 

11-95587822-G-A 11 95587822 rs11021233 ncRNA_intronic AP000820.2 

15-94835014-T-C 15 94835014 rs6496047 intergenic 

AC022308.1(dist=108495),AC107976.1(dist=205

72) 

5-32865929-G-A 5 32865929 rs6883119 intergenic NPR3(dist=74205),AC010343.3(dist=22307) 

4-80262313-G-T 4 80262313 rs72658333 intergenic PRDM8(dist=57984),FGF5(dist=4286) 

2-26674633-G-C 2 26674633 rs1275957 upstream AC015977.2 

7-100899511-A-G 7 100899511 rs13245899 intergenic ACHE(dist=2537),RN7SL549P(dist=6780) 

15-94768842-T-C 15 94768842 rs12906962 intergenic 

AC022308.1(dist=42323),AC107976.1(dist=8674

4) 

12-89713948-C-G 12 89713948 rs1590008 ncRNA_intronic AC009522.1 

12-89713948-C-A 12 89713948 rs1590008 ncRNA_intronic AC009522.1 

18-44622962-G-T 18 44622962 rs34039016 intergenic 

LINC01478(dist=43009),AC120049.1(dist=53965

) 

1-112994462-C-A 1 112994462 rs773435 ncRNA_intronic AL390242.1,SLC16A1-AS1 

11-100632976-G-C 11 100632976 rs1502282 intergenic CNTN5(dist=274091),RN7SL222P(dist=8999) 

2-42940738-A-C 2 42940738 rs76326501 intergenic HAAO(dist=148155),AC016735.1(dist=60617) 

7-100935107-C-A 7 100935107 rs4637750 intergenic RN7SL549P(dist=28535),MUC3A(dist=14427) 

7-100920067-T-C 7 100920067 rs9691107 intergenic RN7SL549P(dist=13495),MUC3A(dist=29467) 

7-100920067-T-A 7 100920067 rs9691107 intergenic RN7SL549P(dist=13495),MUC3A(dist=29467) 

7-100899511-A-T 7 100899511 rs13245899 intergenic ACHE(dist=2537),RN7SL549P(dist=6780) 

11-100590367-C-A 11 100590367 rs11224306 intergenic CNTN5(dist=231482),RN7SL222P(dist=51608) 

12-20010214-T-A 12 20010214 rs2579287 ncRNA_intronic AC024901.1 
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15-94779089-T-A 15 94779089 rs2219814 intergenic 

AC022308.1(dist=52570),AC107976.1(dist=7649

7) 

4-80235944-T-C 4 80235944 rs6848130 intergenic PRDM8(dist=31615),FGF5(dist=30655) 

6-78683819-C-T 6 78683819 rs237113 intergenic 

AL121718.1(dist=77783),AL450327.1(dist=12589

6) 

1-11854017-G-A 1 11854017 rs12411044 intergenic NPPA(dist=5672),NPPB(dist=3447) 

10-62988546-A-G 10 62988546 rs73300318 intergenic EGR2(dist=169379),RNU6-543P(dist=121593) 

7-100920067-T-G 7 100920067 rs9691107 intergenic RN7SL549P(dist=13495),MUC3A(dist=29467) 

10-114063765-G-T 10 114063765 rs855715 intergenic ADRB1(dist=16857),AC022023.1(dist=46091) 

8-6503708-A-C 8 6503708 rs2979666 intronic ANGPT2,MCPH1 

3-48146771-T-A 3 48146771 rs4858892 intergenic RN7SL664P(dist=51666),CDC25A(dist=10375) 

11-61510774-T-C 11 61510774 rs751984 UTR3 LRRC10B(ENST00000378075.4:c.*897T>C) 

3-48146771-T-C 3 48146771 rs4858892 intergenic RN7SL664P(dist=51666),CDC25A(dist=10375) 

10-113962652-A-T 10 113962652 rs180940 intergenic NHLRC2(dist=45458),ADRB1(dist=81404) 

10-114041494-T-C 10 114041494 rs2429511 intergenic NHLRC2(dist=124300),ADRB1(dist=2562) 

11-130401783-T-G 11 130401783 rs747250 ncRNA_intronic AP002986.1 

15-94779089-T-G 15 94779089 rs2219814 intergenic 

AC022308.1(dist=52570),AC107976.1(dist=7649

7) 

2-26674633-G-T 2 26674633 rs1275957 upstream AC015977.2 

12-89713948-C-T 12 89713948 rs1590008 ncRNA_intronic AC009522.1 

5-32831564-T-C 5 32831564 rs13154066 intergenic NPR3(dist=39840),AC010343.3(dist=56672) 

11-100662891-A-C 11 100662891 rs10750594 intergenic 

RN7SL222P(dist=20618),AP001351.1(dist=21271

) 

11-100563848-G-A 11 100563848 rs4754689 intergenic CNTN5(dist=204963),RN7SL222P(dist=78127) 

5-32865929-G-T 5 32865929 rs6883119 intergenic NPR3(dist=74205),AC010343.3(dist=22307) 

5-123803526-A-G 5 123803526 rs154293 intergenic 

CSNK1G3(dist=186481),LINC01170(dist=256268

) 

1-11845794-A-T 1 11845794 rs61764044 UTR3 

NPPA(ENST00000376480.7:c.*215T>A,ENST00

000610706.1:c.*209T>A) 

2-164151656-C-G 2 164151656 rs73029563 ncRNA_intronic AC016766.1 

5-32831564-T-A 5 32831564 rs13154066 intergenic NPR3(dist=39840),AC010343.3(dist=56672) 

7-100935107-C-G 7 100935107 rs4637750 intergenic RN7SL549P(dist=28535),MUC3A(dist=14427) 

11-100662891-A-G 11 100662891 rs10750594 intergenic 

RN7SL222P(dist=20618),AP001351.1(dist=21271

) 
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11-100550600-C-T 11 100550600 rs1939309 intergenic CNTN5(dist=191715),RN7SL222P(dist=91375) 

11-130401783-T-C 11 130401783 rs747250 ncRNA_intronic AP002986.1 

10-62792847-G-T 10 62792847 rs1509966 ncRNA_intronic AC067751.1 

6-25638236-A-T 6 25638236 rs9467545 ncRNA_intronic AL022170.1 

10-114063765-G-A 10 114063765 rs855715 intergenic ADRB1(dist=16857),AC022023.1(dist=46091) 

11-100662891-A-T 11 100662891 rs10750594 intergenic 

RN7SL222P(dist=20618),AP001351.1(dist=21271

) 

6-126976288-T-A 6 126976288 rs988693 intergenic AL035603.1(dist=254510),RSPO3(dist=142383) 

2-164151656-C-A 2 164151656 rs73029563 ncRNA_intronic AC016766.1 

3-169459768-A-AC 3 169459768 rs11383131 ncRNA_intronic AC074033.1 

6-78683819-C-A 6 78683819 rs237113 intergenic 

AL121718.1(dist=77783),AL450327.1(dist=12589

6) 

1-243119776-G-A 1 243119776 rs12091108 intergenic RNU6-747P(dist=38517),CEP170(dist=4652) 

11-100590367-C-T 11 100590367 rs11224306 intergenic CNTN5(dist=231482),RN7SL222P(dist=51608) 

20-10985350-G-A 20 10985350 rs1887320 ncRNA_intronic AL050403.2 

3-48146771-T-G 3 48146771 rs4858892 intergenic RN7SL664P(dist=51666),CDC25A(dist=10375) 

10-114021768-T-A 10 114021768 rs2782980 intergenic NHLRC2(dist=104574),ADRB1(dist=22288) 

2-59674507-C-T 2 59674507 rs13013442 ncRNA_intronic AC007100.1,AC007179.2 

5-123803526-A-C 5 123803526 rs154293 intergenic 

CSNK1G3(dist=186481),LINC01170(dist=256268

) 

10-113962652-A-G 10 113962652 rs180940 intergenic NHLRC2(dist=45458),ADRB1(dist=81404) 

10-93983330-A-G 10 93983330 rs11593126 intergenic SLC35G1(dist=27268),PLCE1(dist=47482) 

11-100632976-G-A 11 100632976 rs1502282 intergenic CNTN5(dist=274091),RN7SL222P(dist=8999) 

20-10985350-G-C 20 10985350 rs1887320 ncRNA_intronic AL050403.2 

1-112994462-C-T 1 112994462 rs773435 ncRNA_intronic AL390242.1,SLC16A1-AS1 

12-20010214-T-G 12 20010214 rs2579287 ncRNA_intronic AC024901.1 

5-32865929-G-C 5 32865929 rs6883119 intergenic NPR3(dist=74205),AC010343.3(dist=22307) 

3-141357242-T-C 3 141357242 rs9866391 ncRNA_intronic AC117383.1 

6-126976288-T-C 6 126976288 rs988693 intergenic AL035603.1(dist=254510),RSPO3(dist=142383) 

1-115273344-G-T 1 115273344 rs113806982 ncRNA_intronic AL049825.1 

10-114021768-T-G 10 114021768 rs2782980 intergenic NHLRC2(dist=104574),ADRB1(dist=22288) 

3-169455882-G-A 3 169455882 rs10804833 ncRNA_intronic AC074033.1 

9-136625367-C-T 9 136625367 rs12379849 intergenic AL590226.2(dist=8186),AL590226.1(dist=23243) 

10-114041494-T-A 10 114041494 rs2429511 intergenic NHLRC2(dist=124300),ADRB1(dist=2562) 
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  10-62847301-T-C 10 62847301 rs10761664 intergenic EGR2(dist=28134),NONE(dist=NONE) 

6-126617300-C-T 6 126617300 rs4427021 intergenic 

RNU6-

200P(dist=26907),AL035603.1(dist=102260) 

1-230712956-C-G 1 230712956 rs2004776 ncRNA_intronic AL512328.1 

2-164151656-C-T 2 164151656 rs73029563 ncRNA_intronic AC016766.1 
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Table S6. Numbers of candidate IVs determined in each step of our statistical method.  

Genetics-exposure association sample set (N= 203111) 

GWAS analysis on blood pressure measurements (identified and selected genome-wide significant variants with p < 5e-8) 

Systolic blood pressure (SBP) 4813 

Diastolic blood pressure (DBP) 5646 

LD Clumping (r2=0.5 within window 1000-kb)  

Systolic blood pressure (SBP) 239 

Diastolic blood pressure (DBP) 261 

Remove variants significant associated with confounders (FDR adjusted p > 0.05) 

Systolic blood pressure (SBP) 187 

Diastolic blood pressure (DBP) 195 

Remove genome-wide significant variants of with p > 5e-8 from UKB+ICBP BP GWAS dataset 

Systolic blood pressure (SBP) 180 

Diastolic blood pressure (DBP) 191 

Genetics-outcome association sample set (N=16156) 

Remove variants associated with confounders (FDR adjusted p > 0.05) 

Systolic blood pressure (SBP) 174 

Diastolic blood pressure (DBP) 181 

Remove horizontal pleiotropy variants (FDR adjusted p > 0.1) 

Regress BAG on systolic blood pressure (SBP) with SNP 153 

Regress BAG on diastolic blood pressure (DBP) with SNP 153 
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Table S7. Different results of linear association analysis between three definitions of blood pressure as binary variable (high 

blood pressure and normal) and WM BAG adjusting for multiple potential confounders with/without stratifying age, sex, and 

age * sex.   

 

 

a BP as binary variable 1: define high blood pressure as diagnosed only 

b BP as binary variable 2: define high blood pressure as SBP >139/DBP >89 

c BP as binary variable 3: define high blood pressure as combined diagnosed hypertension and SBP >139/DBP >89 

  

Group 

BP as Binary variable 1 a BP as Binary variable 2 b BP as Binary variable 3 c 

Beta 

Estimate 
BH_p 

Beta 

Estimate 
BH_p 

Beta 

Estimate 
BH_p 

all 0.6831 6.73E-13 0.3689 2.95E-05 0.5795 1.45E-13 

40-49 0.3557 2.65E-01 -0.0926 6.65E-01 0.1267 5.75E-01 

50-59 0.8436 4.29E-07 0.6999 1.48E-06 0.8387 1.81E-10 

60-70 0.6117 2.89E-06 0.2636 6.39E-02 0.5002 2.04E-05 

Female 0.8127 1.33E-08 0.5311 7.60E-05 0.7640 5.15E-11 

Male 0.5564 2.66E-05 0.2140 1.07E-01 0.3996 2.93E-04 

40-49female 0.2292 5.95E-01 -0.3058 3.55E-01 -0.0528 8.58E-01 

40-49male 0.4048 5.19E-01 0.0212 9.35E-01 0.2400 6.02E-01 

50-59female 1.0645 2.16E-05 0.8682 1.38E-04 1.0702 2.27E-08 

50-59male 0.5957 1.80E-02 0.5187 1.70E-02 0.5799 3.14E-03 

60-70female 0.6973 1.21E-03 0.5550 1.77E-02 0.7542 1.01E-04 

60-70male 0.5634 1.29E-03 0.0127 9.38E-01 0.2883 8.61E-02 
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Table S8. Sensitivity Analysis by additionally including participants taking hypertension medicine. Results of linear association 

analysis between BP and WM BAG adjusting for multiple potential confounders with/without stratifying age, sex, and age by sex.   

 

BP Group 

Linear Association 

Beta 

Estimate 
Lower 95% CI Upper 95% CI BH adjusted p value 

Without Stratification 

SBP 
Whole 

0.0099 0.0061 0.0137 5.57E-07 *** 

DBP 0.0118 0.0052 0.0184 7.94E-04 *** 

With Age Stratification 

SBP 
40-49 

0.0075 -0.0018 0.0168 1.99E-01 

DBP 0.0065 -0.0075 0.0204 5.08E-01 

SBP 
50-59 

0.0132 0.0069 0.0195 9.23E-05 *** 

DBP 0.0196 0.0085 0.0308 1.08E-03 ** 

SBP 
60-69 

0.0070 0.0016 0.0124 1.85E-02 * 

DBP 0.0104 0.0003 0.0204 7.49E-02 ~. 

With Sex Stratification 

SBP 
Female 

0.0115 0.0063 0.0167 5.56E-05 *** 

DBP 0.0147 0.0053 0.0241 4.55E-03 ** 

SBP 
Male 

0.0074 0.0019 0.0130 1.62E-02 * 

DBP 0.0076 -0.0017 0.0169 2.00E-01 

With Age by Sex Stratification 

SBP 
40-49 female 

0.0086 -0.0032 0.0204 3.02E-01 

DBP 0.0071 -0.0112 0.0254 7.26E-01 

SBP 40-49 male -0.0056 -0.0213 0.0100 8.86E-01 
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DBP -0.0041 -0.0267 0.0185 9.42E-01 

SBP 
50-59 female 

0.0112 0.0029 0.0195 3.19E-02 * 

DBP 0.0294 0.0138 0.0449 1.29E-03 ** 

SBP 
50-59 male 

0.0111 0.0013 0.0210 7.19E-02 ~. 

DBP 0.0101 -0.0060 0.0262 3.26E-01 

SBP 
60-69 female 

0.0055 -0.0027 0.0137 3.74E-01 

DBP 0.0066 -0.0091 0.0223 5.53E-01 

SBP 
60-69 male 

0.0036 -0.0037 0.0109 4.01E-01 

DBP 0.0154 0.0021 0.0287 5.56E-02 ~. 

      

~. p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001   
 

Table S9. Sensitivity Analysis by additionally including menopause (yes/no) and hormone therapy (yes/no) in the linear 

regression model among women aged 50-59. Results of linear association analysis between BP and WM BAG adjusting for 

multiple potential confounders: age, sex, BMI, smoking status, alcohol drinking status, fruit consumption, vegetable 

consumption, sedentary lifestyle, menopause, and hormone therapy.  

 

BP Group 

Linear Association 

Beta 

Estimate 
Lower 95% CI Upper 95% CI BH adjusted p value 

SBP 50-59 

female 

0.0153 0.0077 0.0228 2.85E-04 *** 

DBP 0.0349 0.0212 0.0492 4.46E-06 *** 
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Table S10. Results of alternative MR approaches 

 

Group 

Standarized 

Estimate 
p-value 

Standarized 

Estimate 
p-value 

SBP DBP 

MR-Presso 

  Overall -0.0048 0.5851 0.0371 0.0160 * 

Age Strata 

40-49 -0.0460 0.0189 * 0.0069 0.8251 

50-59 -0.0002 0.9906 0.0151 0.5126 

60-69 0.0230 0.1721 0.0991 0.0008 *** 

Sex Strata 
Female 0.0112 0.3657 0.0484 0.0213 * 

Male -0.0281 0.1223 0.0297 0.3257 

Age and 

Sex Strata 

40-49 Female -0.0543 0.0137 * -0.0102 0.7850 

40-49 Male -0.0409 0.2204 0.0372 0.4360 

50-59 Female 0.0334 0.0715 ~. 0.0684 0.0355 * 

50-59 Male -0.0438 0.1187 -0.0441 0.2799 

60-69 Female 0.0160 0.4261 0.0990 0.0061 ** 

60-69 Male 0.0270 0.2907 0.0794 0.1093 

    MR-MIX Approach 

  Overall -0.0250 0.6835 0.1250 0.0412 * 

Age Strata 

40-49 -0.2450 0.0585 ~. 0.0300 0.8941 

50-59 0.0000 1.0000 0.0500 0.5766 

60-69 0.0000 1.0000 0.3950 0.0026 ** 

Sex Strata 
Female -0.2200 0.3223 0.1800 0.0500 * 

Male -0.5800 0.6199 0.0000 1.0000 
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Age and 

Sex Strata 

40-49 Female -0.3400 0.0324 * 0.1100 0.6970 

40-49 Male -0.1600 0.4741 0.1450 0.4701 

50-59 Female 0.0000 1.0000 0.9978 0.0910 ~. 

50-59 Male -1.0000 0.0002 ** -0.1450 0.4803 

60-69 Female 1.0000 0.3551 0.3700 0.0291 * 

60-69 Male -0.2200 0.5613 -0.1900 0.6043 

~. p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001 

 

 

Table S11. MR analyses by switching the exposure and the outcome (current exposure: WM BAG; Current outcome: 

SBP/DBP) 

  
Estimate Lower 95%CI Upper 95%CI P-value 

Systolic blood pressure (SBP) 0.0681 -0.4095 0.5457 0.7798 

Diastolic blood pressure (DBP) 0.0220 -0.1940 0.2379 0.8419 
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Table S12. Scoring criteria of diet in UK Biobank according to the DASH-style diet score. 

Component UKB Item Foods Scoring Criteria Score 

Fruits 

1309 All fresh fruits and dry 

fruits 

fruit_servings= df1309 

+ 0.2*df1319 

>median of the whole 

population 

1: If scoring condition met 

0: If scoring condition not met 

(Range: 0-9) 

1319 

  

Vegetables 
1289 All raw and cooked 

vegetables 

>median of the whole 

population 1299 

Red meat and 

processed meat 

1369 

Beef, lamb, pork and 

processed meat 

<median times of the 

whole population 

1379 

1389 

1349 

Fish 
1329 All oily fish and non-

oily fish 

>median times of the 

whole population 
1339 

Cereal 1458 All cereal 
>median of the whole 

population 

Chicken, 

poultry 
1359 Chicken 

<median times of the 

whole population 

Cheese 1408 All cheese ≤4 times per week 

Butter 1428 All butter 
Not using butter as 

spread 

Alcohol 1558 All kinds of alcohol Less than once a day 
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Table S13. CVH metrics for measurement and quantitative assessment. 

 

Domain CVH metrics UKB # 
Method of 

measurement 
Quantification of CVH metric 

Lifestyle 

behaviors 

Diet See Table S12 

Measurement: Self-

reported daily intake of a 

DASH-style eating 

pattern modified 

according to available 

diet variables in UKB 

Points: Modified DASH score 

100 8-9 

80 6-7 

50 4-5 

25 2-3 

0 0-1 

Physical activity 22040 

Self-reported minutes of 

moderate or vigorous PA 

per week 

Points: Minutes: 

100 ≥150  

90 120–149 

80 90–119 

60 60–89 

40 30–59 

20 1–29 

0 0 

Smoking 20116 
Self-reported smoking 

status 

Points: Smoking status: 

100 Never smoker 

50 Previous smoker 
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0 Current smoker 

  1259   
Subtract 20 points (unless score is 0) for 

living with active indoor smoker in home 

Sleep  1160 
Self-reported average 

hours of sleep per night 

Points: Level (hours) 

100 7–<9 

90 9–<10 

70 6–<7 

40 5–<6 or ≥10  

20 4–<5 

0 <4 

  41270, 20002   
 Subtract 20 points (unless score is 0) for 

sleep apnea 

Health 

factors 

BMI 21001 

Body weight (kilograms) 

divided by height squared 

(meters squared) 

Points: BMI (kg/m2) 

100 <25 

70 25.0–29.9 

30 30.0–34.9 

15 35.0–39.9 

0 ≥40.0 

Blood lipids 

(nonHDL) 
30690, 30760 

Plasma total and HDL 

cholesterol with calculation 

of non–HDL cholesterol 

Points: 
Non–HDL cholesterol 

(mg/dL) 

100 <130 

60 130–159 
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40 160–189 

20 190–219 

0 ≥220 

  20003   
If drug-treated level, subtract 20 points (unless 

score is 0) 

Blood glucose 

(HbA1c) 
30750 HbA1c (%) 

Points: Level: 

100 
No history of T2D and 

HbA1c <5.7  

60 
No T2D and HbA1c 5.7–

6.4 (prediabetes)  

40 T2D with HbA1c <7.0  

30 T2D with HbA1c 7.0–7.9  

20 T2D with HbA1c 8.0–8.9  

10 T2D with Hb A1c 9.0–9.9  

0 T2D with HbA1c ≥10.0 

Blood pressure 4079, 4080 
Appropriately measured 

systolic and diastolic BPs 

Points: 
Systolic and diastolic BPs 

(mmHg) 

100 <120/<80 (optimal) 

75 120–129/<80 (elevated) 

50 
130–139 or 80–89 (stage 1 

hypertension) 

25 140–159 or 90–99 

0 ≥160 or ≥100 

  20003   
If drug-treated level, subtract 20 points (unless 

score is 0) 
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Table S14. Baseline characteristics of participants in the UK Biobank by APOE4 status in the secondary analysis. 

 
 Level Non APOE4 Carriers APOE4 Carriers p 

n  9335 3238  

CVH Status (%) Poor 159 ( 1.70) 69 ( 2.13) 0.009 

 Intermediate 6903 (73.95) 2458 (75.91)  

 Ideal 2273 (24.35) 711 (21.96)  

Age Group (%) 40-49 2267 (24.28) 840 (25.94) 0.019 

 50-59 3748 (40.15) 1331 (41.11)  

 60-69 3320 (35.57) 1067 (32.95)  

Sex (%) Female 4499 (48.19) 1638 (50.59) 0.02 

 Male 4836 (51.81) 1600 (49.41)  

Education (%) College 4770 (51.10) 1619 (50.00) 0.291 

 Non-college 4565 (48.90) 1619 (50.00)  

Household income (%) less than 18k 1026 (10.99) 364 (11.24) 0.262 

 18k-31k 2065 (22.12) 661 (20.41)  

 31k-52k 2778 (29.76) 990 (30.57)  

 52k-100k 2688 (28.79) 966 (29.83)  

 more than 100k 778 ( 8.33) 257 ( 7.94)  

Social connection (%) Active 5284 (56.60) 1884 (58.18) 0.237 

 Mod_active 3353 (35.92) 1110 (34.28)  

 Isolated 698 ( 7.48) 244 ( 7.54)  

Moderate drink (%) Yes 3408 (36.51) 1116 (34.47) 0.039 

 No 5927 (63.49) 2122 (65.53)  

HTN (%) HTN 2313 (24.78) 749 (23.13) 0.063 
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 non_HTN 7022 (75.22) 2489 (76.87)  

CVD (%) CVD 854 ( 9.15) 332 (10.25) 0.069 

 non_CVD 8481 (90.85) 2906 (89.75)  

DM (%) DM 470 ( 5.03) 119 ( 3.68) 0.002 

 non_DM 8865 (94.97) 3119 (96.32)  

cancer (%) cancer 1290 (13.82) 449 (13.87) 0.97 

 non_cancer 8045 (86.18) 2789 (86.13)  

Brain_disease (%) Brain_disease 1680 (18.00) 598 (18.47) 0.566 

 non_Brain_disease 7655 (82.00) 2640 (81.53)  
     

Age (mean (SD))  55.54 (7.50) 55.13 (7.35) 0.008 

Townsend deprivation Index (mean (SD))  -1.85 (2.75) -1.92 (2.69) 0.188 

Sedentary (mean (SD))  2.51 (1.42) 2.50 (1.38) 0.515 

Diet score (mean (SD))  55.24 (22.91) 55.90 (23.41) 0.162 

Smoking Score (mean (SD))  69.40 (32.04) 68.43 (31.88) 0.138 

Physical Activity Score (mean (SD))  97.64 (13.52) 97.93 (12.46) 0.279 

Sleep score (mean (SD))  91.01 (16.51) 90.94 (16.63) 0.823 

BMI score (mean (SD))  73.09 (26.61) 73.64 (26.12) 0.306 

nonHDL score (mean (SD))  50.48 (28.76) 42.54 (27.23) <0.001 

Hba1c score (mean (SD))  93.73 (16.08) 94.54 (14.85) 0.012 

BP Score (mean (SD))  46.50 (32.56) 47.73 (32.40) 0.066 

LE8-Lifestyle score (mean (SD))  78.32 (11.84) 78.30 (11.82) 0.924 

LE8-Health score (mean (SD))  65.95 (16.10) 64.61 (15.66) <0.001 

LE8-Total score (mean (SD))  72.14 (10.35) 71.45 (10.20) 0.001 
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Table S15. Gender-specific and overall crude Odds Ratios for common diseases among APOE4 carriers vs non-APOE4 

carriers. 

 

  Overall Women Men 

Diseases Odd Ratio  
Lower 

95% CI 

Upper 

95% CI 
Odd Ratio  

Lower 

95% CI 

Upper 

95% CI 
Odd Ratio  

Lower 

95% CI 

Upper 

95% CI 

HTN 1.03 0.93 1.14 0.97 0.84 1.12 0.89 0.79 1.01 

CVD 1.13 0.99 1.30 1.13 0.89 1.43 1.17 0.99 1.38 

DM 0.72 0.58 0.88 1.03 0.75 1.41 0.59 0.44 0.77 

Cancer 1.00 0.89 1.13 0.95 0.80 1.13 1.06 0.90 1.24 

Brain 

diseases 
1.03 0.93 1.14 0.99 0.85 1.15 1.08 0.93 1.24 
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