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Abstract 

 

Investigation of relationship between psychosocial profile and 

cardiovascular health among African Americans 

 

By Huige Jiang  

 

 

Background: Neighborhood and psychosocial health have known association with cardiovascular 

health and African Americans have been identified as a population with high risk for 

cardiovascular disease. Previous studies have shown that cardiovascular health is affected by 

factors such as depression and neighborhood conditions among different populations. However, a 

thorough study that considers multiple dimensions of neighborhood perceptions and psychosocial 

health in the African American population has not been conducted.  

  

Methods: We examined a sample of 502 African Americans in the metropolitan area from the 

Morehouse Emory Center for Health Equity (MECA) Study. We first identified clusters of 

samples based on their neighborhood perception and psychosocial profile using four unsupervised 

clustering methods. We then compared differences in arterial stiffness (measured by pulse wave 

velocity and augmentation index) among clusters to investigate underlying relationships between 

psychosocial well-being and their vascular function, as a measure of subclinical cardiovascular 

disease. We also used four supervised machine learning methods to identify the most significant 

factors affecting arterial stiffness.  

  

Results: Clustering analysis results show that subjects who are psychosocially healthier have 

better cardiovascular health, indicated by lower augmentation index. However, pulse wave 

velocity is not associated with psychosocial profile. Additionally, different arterial stiffness 

measures are mainly associated with slightly different psychosocial factors.  

  

Conclusion: Neighborhood perceptions and psychosocial profile are associated with arterial 

stiffness, measured by augmentation index among African Americans. Factors such as optimism 

and environmental mastery play a major role in affecting subclinical cardiovascular health.  
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Introduction  

Cardiovascular disease (CVD) is defined as a group of disorders of heart and blood vessels.1 

Cardiovascular disease includes coronary heart disease (CHD), stroke, peripheral vascular 

disease, congenital heart disease, endocarditis, and many other conditions.2 Common CVDs 

include heart attacks and strokes, which occur when oxygenated blood flow to the heart or the 

brain is blocked. 3 CVDs are the top leading cause of death globally and an estimated 17.9 million 

people died from CVDs in 2016, representing 31% of all global deaths. Studies have shown that 

over three quarters of CVD deaths take place in low- and middle-income countries4 and most 

CVDs can be prevented by addressing behavioral risk factors such as tobacco use, unhealthy diet 

and harmful use of alcohol.1 

 

Cecelja et al. (2012) found that arterial stiffness is an independent predictor of cardiovascular 

morbidity and mortality and it is typically measured using pulse wave velocity (PWV) and 

augmentation index (AIX).5 PWV is the measure of the speed of arterial pressure waves traveling 

along the aorta and large arteries, whereas AIX is derived from the ascending aortic pressure 

waveform, and both measurements are inversely related to cardiovascular health. 6 

 

While numerous studies have identified the significance of psychosocial factors for the 

development of CVD, few studies have focused on significant psychosocial factors among the 

African American population, which has higher CVD mortality rates than other ethnic groups in 

the United States.7  Furthermore, in most previous studies, a specific category of the psychosocial 

factors was examined, such as depression, marital stress and job stress. Such approaches could be 

potentially limited in that some significant factors are not considered. For example, Horsten et al. 

(2000) discovered that the presence of two or more depressive symptoms and lack of social 

https://www.ncbi.nlm.nih.gov/pubmed/?term=Horsten%20M%5BAuthor%5D&cauthor=true&cauthor_uid=10843825
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integration independently predicted recurrent cardiac events in women with coronary heart 

disease;8 Wulsin et al. (2005) conducted an analysis based on the Framingham Heart Study, 

which included US adults (mostly Caucasians) aged 18–77 and their findings underscored the 

importance of further research into the pathogenesis and prevention of excess mortality 

experienced with depressive symptoms;9 Lee et al. (2003) examined the Nurses' Health Study 

among 54,412 women aged 46 to 71 years who were registered nurses and arrived at the 

conclusion that High levels of care provision to grandchildren (and possibly children) may 

increase the risk of CHD among women10. Felix et al. (2019) reported that stressful life events are 

related to CVD whereas resilience is not among older African American women.11As can be seen, 

few of these studies were based on an African American cohort and most of them examined one 

single specific aspect of psychosocial factors. In our study, we consider an extensive list of 

relevant psychosocial factors in multiple categories simultaneously, including depression, 

neighborhood wellness, social support, etc. Therefore, we offer some more up-to-date machine 

learning strategies to analyze and discover relationships between psychosocial factors and CVD 

risk in African Americans.  

 

In this study, we use a dataset of 502 African Americans with their psychosocial and 

demographic information. The analysis will begin with a cluster analysis to identify clusters of 

subjects based on personal wellness and neighborhood wellness factors; the purpose of this step is 

to examine if there is significant difference in arterial stiffness between these clusters, which 

could be an indication of a crucial relationship between psychosocial factors and vascular health. 

Consequently, several machine learning methods will be applied to identify the most significant 

psychosocial predictors of vascular health using the two measures of arterial stiffness as outcome 

variables, respectively.  
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Methods  

Study Participants  

The data for our study was obtained from the Morehouse-Emory Cardiovascular Center for 

Health Equity Study (MECA). The goal of the MECA study was to identify neighborhoods where 

cardiovascular disease (CVD) rates among African Americans are higher and lower than average 

as well as to investigate characteristics associated with resilient and at-risk areas.12 For our study, 

we obtained individual-level data on personal wellness and neighborhood wellness of 502 African 

Americans residing in Atlanta metropolitan area from the MECA study. Nearly all 502 subjects 

were included in the unsupervised cluster analysis. However, for any subsequent analysis 

associated with the outcome variables (PWV and AIX), we only used a subset of the 502 subjects. 

This is due to some unavoidable loss of samples throughout the analysis process, which is 

depicted in Figure 1. As an example, for k-means only 427 subjects were included for subsequent 

outcome-related analysis, and the remaining 75 subjects were excluded. The demographic 

information, education level, and health-related characteristic information (e.g., smoking habits) 

are summarized and compared in Table 1 between the subjects included in the analysis and those 

who were excluded. We used the same 427 subjects for supervised machine learning analysis.  

Psychosocial Factors: Personal Wellness and Neighborhood Wellness  

Domains of personal wellness and neighborhood wellness were assessed via telephone survey in 

55 subjects between August 2016 and October 2016 and in-person visit in 477 subjects between 

August 2017 and July 2019.14 The variables selected included factors that previous studies have 

shown to be associated with cardiovascular health. More specifically, discrimination15, emotional 

abuse, environmental mastery, traumatic experiences, physical punishment, optimism16,17, life 

purpose18,19, resilience towards difficulties20, forced sexual experiences, depression level21, social 

support and religious practices were selected as measures of personal wellness. Social support 
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was evaluated based on responses from survey questionnaire using an eight-item modified 

Medical Outcomes Study Social Support Survey (mMOS-SS) method proposed by Moser et.al 

(2012).23 Activity, aesthetic quality, cohesion, healthy food access, safety, violence, walking 

environment were selected to assess neighborhood wellness.22 These information are summarized 

in Table 2.  

Vascular Function Variables 

The outcome variables in our study are carotid-femoral artery pulse wave velocity (PWV), which 

was determined using transcutaneous Doppler flow velocity recordings simultaneously over the 

common carotid artery and the femoral artery, and augmentation index (AIX), a composite 

measure of the magnitude of arterial wave reflections and systemic arterial stiffness.13 A total of 

463 out of the 502 subjects had complete outcome measures recorded. PWV is found to be 

affected by systolic blood pressure, age and gender whereas AIX is affected by systolic blood 

pressure, age, gender and height. Therefore, PWV and AIX were adjusted for these factors, 

respectively using linear regression. The residuals of linear regression were extracted for the 

subsequent analysis.  

 

Statistical analysis  

Unsupervised cluster analysis  

We first conducted cluster analysis to identify groups of subjects with similar psychosocial 

conditions. Four clustering techniques are considered- k-means, partition around medoids (PAM), 

divisive hierarchical clustering and agglomerative hierarchical clustering  

 

1) K-means  
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K-means clustering algorithm is based on iterative refinement. To begin with, k samples are 

randomly selected as cluster centers (centroids). Next, all other samples are assigned to the 

nearest centroid, where nearest is defined based on Euclidean distance. After centroid assignment, 

each cluster is “updated” to be its mean and every sample is re-examined to be assigned to the 

newly closest centroid. This process is repeated until cluster assignment for all samples remain 

constant. 24 

 

2) PAM 

PAM is a more robust alternative for k-means clustering. The algorithm starts by selecting k 

samples to be medoids and assigning all other samples to the nearest medoid. Next, each selected 

medoid and non-selected sample is swapped if the sum of dissimilarities could be decreased. This 

process is iterated until the sum of dissimilarities cannot be reduced. 25 One advantage of PAM is 

that it handles ordinal variables easily. Due to the way our data was collected, a number of 

variables in our study could be reasonably treated as ordinal and therefore PAM is a better choice 

in this regard.  

 

3) Divisive hierarchical clustering 

Divisive hierarchical clustering works from top to bottom. It begins with one single cluster with 

all samples, and at each iteration step, the most heterogeneous cluster is divided into two. The 

iteration continues until each sample is in its own cluster.26 
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4) Agglomerative hierarchical clustering 

In contrast, agglomerative hierarchical clustering works from bottom to top. Initially, each sample 

is regarded as a single cluster. Then at each step of the iteration, two of the clusters that are most 

similar are combined to become a new big cluster. The procedure continues until all samples are 

included in one single cluster. 26 

 

Selecting optimal number of clusters 

To aid the clustering analysis process, the optimal number of clusters is first determined. We 

consider three methods here: elbow method, Silhouette method and gap statistic method. Each 

method will have its own optimal number of clusters, and we select the number which the 

majority of methods decide on. The elbow algorithm plots the total within-cluster sum of square 

over a range of possible numbers of clusters, and the location of a bend (elbow) in the plot is 

considered as an indicator of the appropriate number of clusters; the Silhouette method utilizes 

the concept of average silhouette score, which is an indicator of how well each subject lies within 

a cluster, and picks the optimal number of clusters that maximizes average silhouette score; the 

gap statistic method picks the optimal number of clusters that makes the clustering structure most 

far away from uniform distribution of points generated using Monte Carlo simulations of the 

sampling process.24 

Once the clusters are determined using each method, we examined the differences of each 

personal wellness and neighborhood wellness variable; we processed variables to make all 

variables to be “in the same direction” so that higher values indicate better psychosocial 

condition. Additionally, we compared adjusted PWV and adjusted AIX between clusters by two-

sample t-test.  
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Remarks  

Among the four clustering methods considered, k-means and PAM clustering require the user to 

pre-specify the number of clusters while hierarchical clustering does not. Since k-means and 

hierarchical clustering considered handle only continuous variables, frequency of religious 

practices was excluded during the clustering analysis process and all continuous variables were 

standardized to have a mean of 0 and standard deviation of 1. Unlike the other measures, PAM 

does not require all continuous measures but rather allows for various types of categorical 

variables, including ordinal as well as symmetric and asymmetric nominal variables. Therefore all 

psychosocial variables were included in the PAM analysis. This is important for the current data, 

as the psychosocial measures are predominantly ordinal in nature and therefore have restricted 

variance. While clusters are identified in a parallel fashion in k-means and PAM, hierarchical 

clustering builds clusters incrementally, resulting in a tree like structure or a parent child 

relationship among clusters. Consequently, hierarchical clustering is most applicable when the 

underlying data has a hierarchical structure and the recovery of the hierarchy is desired. On the 

contrary, k-means has the advantage of dealing with datasets with a large number of variables and 

is less sensitive to outliers.27 Since k-means and PAM start with random selection of samples as 

centroids, results might not be consistent for multiple runs unless a seed is predetermined; on the 

contrary, results from hierarchical clustering are reproducible.  

 

Supervised machine learning analysis  

In order to identify some of the most crucial personal wellness and neighborhood wellness 

features that have the most significant impact on arterial stiffness, we also applied supervised 

machine learning algorithms to explore the relationships. Here we considered random forest, 

support vector machine (SVM), and relevance vector machine (RVM).  
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1) Random forest  

Random forest is an ensemble of decision trees: each decision tree produces its own prediction 

and the class with the most votes serve as the final prediction of random forest; it utilizes bagging 

and feature randomness when building each single tree to create an uncorrelated forest of 

trees whose prediction more accurate than that of any individual tree. 28 

 

 

2) SVM 

The objective of SVM is to find a hyperplane in an N-dimensional space (N is the number of 

features) that separates the data points as much as possible. In the SVM algorithm, we aim to 

maximize the margin between the data points and the hyperplane. The loss function helps 

maximize the margin and a regularization parameter is added to balance the margin maximization 

and loss.29 

 

3) RVM 

RVM is a Bayesian treatment of a generalized linear model of identical functional form to the 

SVM and provides probabilistic classification.30 

 

Measures of importance  

For random forest, we considered three different measures of importance, mean decrease in 

accuracy, mean decrease in MSE and average absolute deviation from the median (AAD) 
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produced by 1 dimensional sensitivity analysis (1D-SA). Mean decrease in accuracy is measured 

as a result of variable being permuted; mean decrease in MSE relates to the loss function; 1D-SA 

examines the impact of each feature by observing the change in the model’s outcome as we 

change the feature value. For SVM and RVM, we only consider one type of importance measure: 

AAD produced by 1D-SA.  

 

 

Remarks  

Different from most of the clustering analysis methods, all three supervised machine learning 

methods are able to handle both continuous and categorical variables simultaneously, therefore all 

psychosocial factors are included. Furthermore, variables are allowed to be on various scales and 

do not need to be standardized. Machine learning methods are usually used to make predictions in 

either classification or regression, but here we only use them to rank feature importance. Random 

forest performs better in situations with large data sets but results might not be consistent for 

multiple runs with different seeds. On the contrary, SVM performs better in cases where number 

of dimensions is greater than the sample size.  

 

 

Results 

The study cohort consisted of 502 subjects with the majority of psychosocial data. As described 

in Methods, only 427 subjects were assigned a cluster and had complete outcome data and 

therefore were included for subsequent outcome-related analysis, and the remaining 75 subjects 

were excluded. Table 1 summarizes these characteristics for each group and compares the 
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differences between the two groups. Compositions of these two groups are similar for alcohol 

consumption in past 30 days, smoking status, annual household income, average PWV, age and 

household size; however, there are significant differences in gender, education level, diabetes 

status, hypertension status, high cholesterol status and AIX. For example, males comprised 40.5% 

of the samples in the larger group (N=427) whereas only 21.3% in the smaller group (N=75).  

 

 

Unsupervised machine learning analysis 

Since preliminary analysis indicated that the optimal number of clusters for all 4 clustering 

methods is two, we grouped all subjects into 2 clusters using each method. Cluster assignment of 

subjects are slightly different based on the 4 clustering methods. Cluster-specific means for all the 

18 psychosocial variables were used to describe the characteristics for each cluster profile (Table 

3). Although the 4 methods did not cluster subjects exactly same, cluster 1 in general has better 

psychosocial health indicators, while cluster 2 has lower psychosocial health indicators. 

Additionally, we also compared the average PWV (adjusted for systolic blood pressure, age and 

gender) and average AIX (adjusted for systolic blood pressure, age, gender and height) between 

the 2 clusters. Relevant results are summarized in Figure 2. Shown in Figure A1-A4, the adjusted 

average PWV of the 2 clusters are similar. Upon conducting a student t-test, the p-values for 

difference in adjusted PWV between the 2 clusters based on k-means, PAM, agglomerative 

hierarchical clustering and divisive hierarchical clustering are 0.77, 0.74, 0.89 and 0.96, 

respectively, showing no significant difference. In contrast, adjusted AIX appears to be different 

between the 2 clusters. Shown in Figure B1-B4, the adjusted AIX of cluster 1 is generally lower 

than cluster 2, indicating better vascular function. Upon conducting a student t-test, the p-values 

for difference in adjusted AIX between the 2 clusters based on k-means, PAM, agglomerative 
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hierarchical clustering and divisive hierarchical clustering are 0.034, 0.032, 0.022 and 0.076, 

respectively, showing mildly to strongly significant difference. This implies that AIX is 

associated with psychosocial status whereas PWV is not, after adjusting for covariates. 

Specifically, better psychosocial well-being is associated with better vascular function as seen in 

the two clusters.  

Supervised machine learning analysis 

Supervised machine learning analysis provides further investigation towards variable importance. 

Shown in Figure 3A-5A, based on adjusted average PWV, the top 4 significant factors are 

environmental mastery, optimism, depression and neighborhood walking environment were 

ranked highest by random forest;  optimism, forced sexual event, emotional abuse and 

neighborhood activity by SVM; social support, depression, neighborhood cohesion and 

neighborhood safety by RVM. Shown in Figure 3B-5B, based on adjusted AIX, the top 4 

significant factors are neighborhood safety, optimism, environmental mastery and purpose in life 

are ranked higher by random forest; purpose in life, environmental mastery, optimism and 

religious practice by SVM; neighborhood cohesion, depression, neighborhood safety and 

optimism by RVM. As can be seen, variable importance ranking is outcome driven and also 

depends on selection of methods. Nevertheless, optimism, environmental mastery, neighborhood 

safety seemed to be the most commonly top ranked factors related to arterial stiffness.  

Discussion  

Our results have shown that between the two arterial stiffness measures, PWV and AIX, AIX 

seems to be closely associated with psychosocial well-being. Each arterial stiffness measure is 

mainly associated with a particular set of psychosocial factors. More specifically, based on the 

supervised learning results, adjusted PWV is most associated with optimism and depression; 

adjusted AIX is most related to optimism, environmental mastery and purpose in life.  
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The results from our study are quite consistent with the findings from previous studies. Optimism 

has been reported to alleviate the risk of CVD31; Depression has long been shown to largely affect 

cardiovascular health8. In addition, our results offer some novel perspectives on the relationship 

between particularly arterial stiffness and psychosocial well-being.  

Our study has a number of limitations. First, there were differences in sex, education level, 

diabetes status, hypertension status, high cholesterol status and AIX between the subjects 

included in the analysis and those who were excluded. This gap could potentially cause bias in 

our results, therefore statistical correction in the future is much needed. Possible approaches 

include stratification and imposing weights to various samples. Second, all eligible variables were 

considered in the unsupervised cluster analysis and no preliminary feature selection step was 

involved. This might bring noise to the cluster assignment process. Currently, there is no 

standardized feature selection methods for the four methods in our study. Future work includes 

the development of effective feature selection procedures. Third, small sample size and lack of 

validation of the results from cluster analysis imposes uncertainty to our conclusions. Fourth, this 

was a cross-sectional observational study. The observed association may not indicate a causal 

relationship. Lastly, we treated some psychosocial variables as continuous in our study for k-

means and hierarchical clustering, causing a larger separation of clusters that might not reflect the 

truth, since processing variables as continuous deflates the variance when there are many ties, 

which could be a false premise. In comparison, when the same set of psychosocial variables are 

treated as ordinal for PAM, separation is smaller.  

In conclusion, the results from our study shed light on the relationship between cardiovascular 

health and psychosocial well-being among African Americans on various levels. First, multiple 

clustering analysis strategies confirmed that clusters based on psychosocial well-being have 

notable distinctions in arterial stiffness. Second, compared to PWV, AIX seems to be much more 

closely connected to psychosocial well-being. Third, our results are in agreement with previous 
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findings in that cardiovascular health is associated with various psychosocial factors. By applying 

multiple supervised machine learning analysis, we identified that PWV is mainly related to 

optimism and depression; AIX is mostly related to optimism, environmental mastery and purpose 

in life. These findings could potentially guide the intervention and prevention of CVD. Based off 

what we found so far, future research could be conducted to explore if varying significant 

psychosocial factors within patients could improve their cardiovascular health, as well as the 

underlying interactions among these factors, which would serve as a further step into CVD 

intervention.  
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Tables and Figures 

Table 1. Distribution of the Baseline Characteristics (Discrete variables are described with N 

and %; normally distributed continuous variables are described with mean and standard deviation; 

non-normal continuous variables are described as median, 25% and 75% quartiles) for the 

subjects included in the analysis (N=427) and those excluded from the analysis (N=75).   
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 Subjects included 

in the analysis 

(N=427) 

Subjects excluded 

from the analysis 

(N=75) 

P-value* 

Gender   

     Male  173 (40.5) 16 (21.3) 0.0016 

     Female  254 (59.5) 59 (78.7) 

Education attainment     

     Elementary school 4 (0.9) 3 (4.2) 0.018 

     Some high school 27 (6.3) 6 (8.3)  

     High school graduate 97 (22.7) 13 (18.1)  

     Some college or technical school 155 (36.3) 29 (40.3)  

     College graduate 144 (33.7) 21 (29.2)  

Alcohol consumption in past 30 days    

    Never 217 (51.5) 39 (52) 0.99 

    1-2 times/week 47 (11.1) 9 (12)  

    3-4 times/week 14 (3.3) 2 (2.7)  

    5-6 times/week 4 (0.94) 0 (0)  

    Daily 9 (2.1) 1 (1.3)  

    Once/month 74 (17.4) 14 (18.7)  

    2-3 times/month 60 (14.1) 10 (13.3)  

Smoking status    

    Current smoker 98 (23) 18 (24) 0.8303 

    Quit smoking < = 12 months ago 18 (4.2) 4 (5.3)  

    Never smoked/quit > 12 months ago 311 (72.8) 53 (70.6)  

Annual household income     

    Less than $10,000 92 (22.7) 13 (19.4) 0.5769 

    $10,000 to less than $15,000 40 (9.9) 10 (14.9)  

    $15,000 to less than $20,000 34 (8.4) 7 (10.4)  

    $20,000 to less than $25,000 35 (8.6) 5 (7.5)  

    $25,000 to less than $35,000 63 (15.5) 6 (9.0)  

    $35,000 to less than $50,000 53 (13.1) 9 (13.4)  

    $50,000 to less than $75,000 53 (13.1) 10 (14.9)  

    $75,000 or more 36 (8.9) 7 (10.4)  

Diabetes status    

    Yes 105 (25.2) 28 (37.8) 0.0051 

    No 314 (75.3) 46 (62.2)  

Hypertension status    

    Yes 225 (52.9) 50 (69.4) 0.0021 

    No 200 (47.1) 22 (30.6)  

High cholesterol status     

    Yes 155 (36.6) 40 (9.5) 0.00040 

    No 268 (63.4) 33 (7.8)  

 Mean (SD) Mean (SD)  

Average pulse wave velocity  7.60 (2.09) 7.54 (1.50) 0.91 

Augmentation index adjusted for heart 

rate  19.96 (12.98) 

23.95 (9.84) 0.035 

 Median (Q1, Q3) Median (Q1, Q3)  
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*P-values for comparing the two groups were obtained using two-proportions z-test for 

categorical variables and 2-sample t-test for continuous variables 

 

Table 2. Summary of the Baseline Psychosocial Information (discrete variables are described 

with N and %; continuous variables are described as median, 25% and 75% quartiles) in the study 

subjects (N=502) 

Psychosocial factor (possible range) Median  (Q1, Q3) 

Discrimination score (1-4) 1.5 (1.1, 2.0) 

Emotional abuse score (0-1) 0.2 (0.0, 0.6) 

Total environmental mastery score (1-6) 4.8 (4.0, 5.4) 

General traumas score (0-1) 0.4 (0.3, 0.5) 

Purpose in life score (1-6) 5.1 (4.4,5.6) 

Neighborhood activity score (1-4) 2.6 (2.0, 3.2) 

Neighborhood aesthetic quality score (1-5) 3.8 (3.2, 4.4) 

Neighborhood cohesion score (1-5) 3.5 (3.0, 4.4) 

Neighborhood healthy food access score (1-5) 3.3 (2.6, 4.0) 

Neighborhood safety score (1-5) 3.3 (2.7, 4.0) 

Neighborhood violence score (1-4) 1.3 (1.0, 1.8) 

Neighborhood walking environment score (1-5) 3.8 (3.2, 4.3) 

Optimism score (1-5) 4.2 (3.5, 4.7) 

Physical punishment score (0-1) 0.4 (0.0, 0.6) 

Resilience score (0-4) 3.2 (2.7, 3.7) 

Forced sexual event score (0-1) 0.0 (0.0, 0.3) 

Depression score (0-63) 5.0 (2.0, 11.0) 

Social support score (0-100) 12.5 (0.0, 34.4) 

 N % 

Religious practices frequency   

    At least weekly 184 37.0 

    At least monthly 169 34.0 

    At least yearly 110 22.1 

    Never 35 7.0 

 

 

 

 

 

Age 56 (47,61) 56 (49,61) 0.90 

Household size  2 (1,3) 2 (1,4) 0.17 
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Table3. Summary of psycho-social and neighborhood perception variables of 2 cluster by 4 

different clustering analysis methods in the form of mean (standard deviation).  
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         Methods  

 

 

Variables   

K-means  PAM  Agglomerative 

hierarchical 

clustering 

Divisive 

hierarchical 

clustering 

Cluster 1 Cluster 2  Cluster 1 Cluster 2 Cluster 1 Cluster 2 Cluster 1 Cluster 2 

Discrimination 

score (1-4) 
1=more discrimination  

4=less discrimination  

3.28(0.5) 3.09(0.6) 3.31(0.48) 3.01(0.62) 3.42(0.39) 3.03(0.6) 3.3(0.49) 2.79(0.61) 

Emotional abuse 

score (0-1) 
0=more abuse  

1=less abuse 

0.66(0.37) 0.64(0.38) 0.72(0.36) 0.6(0.38) 0.9(0.21) 0.53(0.38) 0.75(0.34) 0.41(0.36) 

Total environmental 

mastery score (1-6) 
1=less mastery  

6=more mastery  

4.68(0.88) 4.61(0.84) 4.83(0.89) 4.39(0.74) 5.19(0.59) 4.31(0.82) 4.9(0.75) 3.8(0.61) 

General traumas 

score (0-1) 
0=more trauma  

1=less trauma 

0.62(0.21) 0.6(0.23) 0.62(0.21) 0.59(0.23) 0.66(0.21) 0.57(0.22) 0.64(0.21) 0.51(0.22) 

Purpose in life score 

(1-6) 
1=less purpose  

6=more purpose  

4.92(0.86) 4.86(0.85) 5.05(0.8) 4.66(0.87) 5.42(0.46) 4.56(0.87) 5.12(0.73) 4.11(0.8) 

Neighborhood 

activity score (1-4) 
1=less activity  

4=more activity  

2.51(0.82) 2.46(0.81) 2.63(0.8) 2.35(0.8) 2.73(0.79) 2.38(0.8) 2.66(0.78) 2.03(0.74) 

Neighborhood 

aesthetic quality 

score (1-5) 
1=less aesthetic 

5=more aesthetic 

3.92(0.74) 3.66(0.79) 3.95(0.73) 3.55(0.78) 4.16(0.61) 3.56(0.78) 3.98(0.67) 3.12(0.76) 

Neighborhood 

cohesion score (1-5) 
1=less cohesion 

5=more cohesion  

3.55(0.71) 3.4(0.85) 3.63(0.76) 3.25(0.78) 3.81(0.7) 3.26(0.76) 3.68(0.67) 2.77(0.74) 

Neighborhood 

healthy food access 

score (1-5) 
1=less access 

5=more access  

3.38(1.08) 3.17(1.13) 3.45(1.06) 3.04(1.13) 3.71(0.99) 3.02(1.09) 3.51(1.01) 2.52(1.08) 

Neighborhood 

safety score (1-5) 
1=less safety 

5=more safety  

3.43(0.96) 3.3(0.93) 3.56(0.89) 3.08(0.95) 3.7(0.87) 3.14(0.93) 3.59(0.84) 2.57(0.86) 

Neighborhood 

violence score (1-4) 
1=more violence 

4=less violence  

3.68(0.5) 3.4(0.73) 3.65(0.54) 3.38(0.72) 3.71(0.51) 3.43(0.68) 3.69(0.48) 3.02(0.8) 

Neighborhood 

walking 

environment score 

(1-5) 
1=less environment  

5=more environment  

3.7(0.81) 3.66(0.75) 3.83(0.76) 3.47(0.76) 3.94(0.66) 3.51(0.8) 3.86(0.69) 3.04(0.73) 

Optimism score (1-

5) 
1=less optimism  

5=more optimism  

4.05(0.75) 4.04(0.8) 4.14(0.78) 3.93(0.75) 4.51(0.48) 3.77(0.79) 4.19(0.7) 3.59(0.83) 

Physical 

punishment score 

(0-1) 

0.62(0.33) 0.57(0.33) 0.61(0.33) 0.57(0.33) 0.74(0.29) 0.51(0.33) 0.63(0.33) 0.51(0.34) 
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0=more punishment   

1=less punishment  

Resilience score (0-

4) 
0=less resilience 

4=more resilience  

3.15(0.66) 3.11(0.77) 3.2(0.74) 3.03(0.66) 3.45(0.44) 2.93(0.77) 3.28(0.63) 2.62(0.74) 

Forced sexual event 

score (0-1) 
0=more events 

1=less events  

0.8(0.29) 0.75(0.27) 0.86(0.26) 0.77(0.3) 0.93(0.14) 0.76(0.32) 0.87(0.23) 0.69(0.36) 

Depression score (-

6-63) 
6=more depression  

63=less depression 

32.23(7.5

2) 

32.12(8.18) 33.86(7.0

4) 

30.21(8.3

5) 

36.4(3.37) 29.81(8.6

9) 

34.86(5.0

4) 

23.81(9.4

3) 

Social support score 

(0-100) 
0=less support  

100=more support  

82.34(20.

9) 

77.05(24.31

) 

84.88(26.

34) 

72.14(12.

5) 

91.55(12.

53) 

72.6(24.4) 85.93(17.

92) 

59.38(24.

88) 
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Figure1. Sample sizes in the study  
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Figure 2. (A) Comparison of PWV adjusted for systolic blood pressure, age and gender; (B) 

Comparison of AIX adjusted for systolic blood pressure, age, gender and height of 2 clusters by 

1) k-means 2) PAM clustering 3) agglomerative hierarchical clustering 4) divisive hierarchical 

clustering  

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Psychosocial profile importance rankings by random forest based on (A) average PWV 

adjusted for systolic blood pressure, age and gender (B) AIX adjusted for systolic blood pressure, 

age, gender and height 
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Figure 4. Psychosocial profile importance rankings by SVM based on (A) average PWV adjusted 

for systolic blood pressure, age and gender (B) AIX adjusted for systolic blood pressure, age, 

gender and height 
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Figure 5. Psychosocial profile importance rankings by RVM based on (A) average PWV adjusted 

for systolic blood pressure, age and gender (B) AIX adjusted for systolic blood pressure, age, 

gender and height 
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