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Abstract

BACKGROUND: Identification of factors that may help to preserve cognitive function in late 

life could illucidate mechanisms, facilitate interventions to improve the lives of millions of 

people. However, the large number of potential factors associated with cognitive function poses an 

analytical challenge.

OBJECTIVE: We used data from the longitudinal Women’s Health Initiative Memory Study and 

machine learning to investigate 50 demographic, biomedical, behavioral, social, and psychological 

predictors of preserved cognitive function in later life.

METHODS: Participants who were at least 80 years old and had at least one cognitive assessment 

following their 80th birthday were classified as either cognitively preserved or impaired. Preserved 

cognitive function was defined as having a score≥39 on the most recent administration of 

the modified Telephone Interview for Cognitive Status(TICSm) and a mean score across all 

assessments≥ 39. Cognitively impaired participants were those adjudicated to have probable 

dementia or at least two adjudications of mild cognitive impairment within the 14 years of 

follow-up and a last TICSm score <31. Random Forests was used to rank the predictors of 

preserved cognitive function.

RESULTS: Discrimination between groups based on area under the curve was 0.80(95% CI 0.76–

0.85). Women with preserved cognitive function were younger, better educated, less forgetful, less 

depressed and more optimistic at baseline. They also reported better physical function, less sleep 

disturbance and had lower systolic blood pressure, hemoglobin, and blood glucose levels.

CONCLUSIONS: The predictorsof preserved cognitive function are diverse and include 

demographic, psychological, physical, metabolic and vascular factors suggesting a complex mix 

ofpotential contributors.
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Introduction

Identifying factors that may protect and preserve cognitive functioning in late life can have 

substantial public health benefits, as the number of people worldwide surviving to old age 

grows. Such research could inform public policy, identify targets for intervention and help 

elucidate underlying mechanisms. However, the potential contributors to preserved cognitive 
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aging are complexly arranged and multivariable. Biological, behavioral, psychological, 

social, economic, and environmental variables all may play important roles in protecting 

the brain and cognitive functions and this fact poses an analytical challenge. Conventional 

approaches emphasize hypothesis testing that require a priori assumptions about causation 

and limit the number of predictors. Machine learning (ML) approaches, on the other 

hand, are especially useful in population studies with large phenotypic data sets, allowing 

studies to go beyond well-known predictors [1–3]. Some machine learning methods have 

embedded variable selection mechanisms, which can provide valuable information about 

the comparative relevance or importance of predictors in the data set, and thus can capture 

subtle multivariate relationships, nonlinearities and even interactions that are otherwise 

difficult to detect.

Recently machine learning methods have been used to study cognitive resilience in the 

presence of Alzheimer’s disease neuropathology[4], genetic risk[5, 6] and hippocampal 

atrophy[7]. They have also been used to predict preserved cognitive function, cognitive 

trajectories and cognitive impairment[8–11].

The Women’s Health Initiative (WHI) has been collecting diverse types of information from 

a large cohort of women over the past 25 years. The WHI Memory Study (WHIMS) and 

its several extensions collected cognitive performance data annually on a sub-cohort of WHI 

participants and adjudicated mild cognitive impairment (MCI) and dementia. The richly 

phenotyped WHIMS cohort, provides an excellent opportunity to evaluate the comparative 

relevance of a diverse set of demographic, lifestyle, social, medical and psychological 

predictors of well-preserved cognitive functioning into late life.

Methods

Participants

The Women’s Health Initiative Hormone Therapy trials assessed the effects of two hormone 

therapy regimens, conjugated equine estrogens (CEE) with or without medroxyprogesterone 

acetate (MPA) versus placebo, on coronary heart disease, fractures and breast cancer 

among postmenopausal women[12]. WHIMS was an ancillary study to the WHI Hormone 

Therapy trials designed to assess the effect of postmenopausal hormone therapy (CEE 

with or without MPA versus placebo) on the incidence of all-cause probable dementia 

and global cognitive functioning, through annual in-person cognitive assessments, in 7479 

women between 65 and 79 years of age at enrollment into WHI [13]. Following the 

early termination of the WHI CEE+MPA trial (July, 2002) and WHI CEE-Alone trial 

(March 2004), WHIMS participants continued their annual assessments during the WHIMS-

Extension Study which lasted until June 2008 when they were enrolled in the WHIMS-

Epidemiology of Cognitive Health Outcomes (WHIMS-ECHO, 2008–2021) study. At that 

point cognitive assessments transitioned from in-person to telephone-based. In addition to 

WHIMS, the WHI study collected a wide range of information from participants throughout 

all phases of the study which continues today. The present study cohort includes WHIMS 

and WHIMS-ECHO participants who met criteria, as described below. All women provided 

written informed consent and all protocols were approved by local Institutional Review 

Boards.
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Cognitive assessments

In WHIMS and WHIMS-Extension, the Modified Mental State Exam (3MSE; [14]), was 

administered annually to all participants. The 3MSE is a measure of global cognitive 

function and includes items assessing orientation, memory, attention, language, visuo-

construction, and executive function. Women scoring below a pre-set cut-point were 

administered additional cognitive tests, a neuropsychiatric evaluation by a physician 

specialist, optional computerized tomography (CT) of the brain and blood tests. 

Additionally, a knowledgeable friend or family member was interviewed about observed 

cognitive and behavioral changes. [13] In WHIMS-ECHO, participants were administered 

annually a validated telephone cognitive test battery and questionnaires [15] by trained and 

certified staff blinded to treatment assignment. Included in the battery was the modified 

Telephone Interview for Cognitive Status (TICSm), [16] a measure of global cognitive 

function similar to the 3MSE with items assessing orientation, memory, attention, language, 

and executive function. Continuously across WHIMS, WHIMS Extension and WHIMS-

ECHO incident MCI and probable dementia were adjudicated as described below.

Adjudication of cognitive impairment

Throughout all phases of WHIMS, a central, multidisciplinary (geropsychiatry, neurology, 

geropsychology, geriatrics) adjudication panel of experts in the diagnosis of dementia 

and related syndromes identified cases as either probable dementia, mild cognitive 

impairment or no cognitive impairment. Adjudication was triggered by a prespecified 

threshold on the global cognitive function measure (3MSE, TICSm). Each case was 

assigned to two adjudicators blinded to hormone treatment assignment who independently 

reviewed all available data from cognitive tests, clinical evaluations, laboratory tests and 

informant interviews before making their classification following standardized criteria. If the 

adjudicators agreed, their classification was final. If they disagreed, the case was discussed 

on regularly scheduled conference calls until consensus was reached.

Study Groups

The study cohort included women who met the following criteria: (a) previously enrolled in 

the WHIMS and WHIMS ECHO study (b) at least 80 years of age as of January 1, 2018, 

and (c) had at least one WHIMS ECHO annual cognitive assessment following their 80th 

birthday. The cognitively preserved group (N=205) included participants: (a) not previously 

adjudicated to have mild cognitive impairment (MCI) or probable dementia; (b) had a score 

≥39 (high normal) on the most recent administration of the TICSm; and (c) had an average 

of TICSm scores ≥39 across all previous WHIMS-ECHO visits. The cognitively impaired 
group (N=176) included participants: (a) adjudicated with probable dementia within the first 

14 years of follow-up or; (b) who had at least two classifications of MCI within the first 14 

years of follow-up and (c) whose latest TICSm score was <31.

Random Forests

We selected Random Forests (RF), a state of the art machine learning analytical 

approach[17]. RF has several desirable properties including it: 1) is non-linear; 2) is easy 

to use, often needing little tuning; 3) generates several metrics of variable importance; 4) 
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allows data imputation; 5) deals effectively with problems associated with large predictors 

to sample size ratios and 6) has a built-in mechanism to evaluate performance. These 

characteristics make RF an appealing tool for identifying the relative importance of varied 

risk and protective factors. RF belongs to the class of ensemble learning algorithms. 

Ensemble learning refers to methods that combine multiple classifiers (or ‘trees’ in the 

case of RF) to make a final prediction. Usually each individual classifier is “weak” (not a 

good performer in terms of prediction) but the combination of them can lead to powerful 

algorithms. Once the forest is built, predicting class membership of a new sample is 

accomplished by combining the trees, using a majority vote of all classifiers. Because 

each tree in the forest is generated using sampling of the training data with (or without) 

replacement, samples are omitted when building each tree. These out-of-the-bag (OOB) 

samples can be used to assess the performance of the classifier and to build measures of 

variable importance. This OOB mechanism is similar to a built-in cross-validation procedure 

that allows evaluation of performance.

RF classification analyses was used to evaluate the discrimination between cognitively 

preserved vs. cognitively impaired groups and to investigate the relative importance of 

each predictor of preserved cognitive function. RF contains built-in metrics of variable 

importance (e.g. Gini, permutation and minimal depth indexes) which allow the evaluation 

of the relative relevance for prediction of each variable in a RF model. The two main hyper 

parameters are the number of trees to grow (ntree) in the ensemble and the number of 

variables selected at random (mtry) to define the best split at each node.

Candidate Predictors—We employed a diverse set of 50 demographic biomedical, 

psychosocial, sensory, behavioral, and clinical variables predictors collected at the WHI 

baseline (1993–98) as input to our machine learning procedure. Table 3 lists each predictor 

and how it is scaled. Many of these predictors have been associated with cognitive function 

in previous research.

Analyses

We focused our analyses on identifying baseline predictors that best discriminated 

participants with preserved cognitive function from those with cognitive impairment 

agnostic to specific hypotheses. RF classification analyses were performed to investigate 

discrimination between cognitively preserved and impaired participants with 14 years of 

follow up because it bridged WHIMS, WHIMS Extension and WHIMS-ECHO timelines 

and yielded a suitably large and balanced dataset of women aged 80+ for classification 

analyses. Levels of missing values were restricted to less than 5% and imputation was 

carried out using RF based methods[18]. APOE ε4 carrier status, a risk factor for 

Alzheimer’s disease, was not included due to large levels of missing data (> 15%) and 

only available for non-Hispanic White women.

To evaluate RF classification performance, the matrix of predictors and labels were provided 

to the randomForestSRC software package available in R[19]. Computations were repeated 

100 times. The default values of the algorithm (mtry = sqrt(#predictors)) were used with the 

exception of the number of trees which was fixed to 1000. Missing values were imputed 
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using the “on the fly” (OTF) approach described in Tang et al [18]. Briefly, the basic steps 

of the OTF approach are: 1) only non-missing data are used to calculate the split-statistic for 

splitting a tree node; 2) when assigning left and right daughter node membership (samples 

are partitioned at any given node) if the variable used to split the node has missing data, 

missing data for that variable are “imputed” by drawing a random value from the inbag 

(samples selected to build the tree) non-missing data; 3) following a node split, imputed data 

are reset to missing and the process is repeated until terminal nodes are reached. Note that 

after terminal node assignment, imputed data are reset back to missing and 4) missing data 

in terminal nodes are then imputed using OOB non-missing terminal node data from all the 

trees.

To assess the relevance of each variable for overall prediction, RF minimal depth index 

(MDI) was used. The MDI was derived based on the observation that in forests, variables 

that split closer to the root node (upper) have a strong effect on prediction accuracy[20]. 

The MDI is a measure of how close to the root node in a tree structure (lower MDI indicate 

higher relevance). The closer the variable is located to the root of the tree (in average 

across the trees in the forest) the more influence it has on the final prediction of the full 

model. MDI has several advantages[20]. It is independent of the way prediction error is 

measured (e.g. AUC, classification error, etc.). It can be expressed in closed form and 

from this a rigorous threshold value for selecting variables can be computed efficiently in 

high-dimensional settings.

The MDI of all variables were averaged across all repetitions of the computations. To 

elucidate further predictors importance, we used variable selection capabilities available 

in the randomForestSRC software package. The subset of more relevant predictors was 

selected using the more conservative threshold available in the software, which is based 

on a probabilistic distribution of non-informative variables in RF previously derived by 

Ishwaran and colleagues [21]. Those predictors that survived the threshold 95% of the time 

were deemed as most relevant. Average values of the area under the curve (AUC) and 

confidence interval across repetitions of the computations were reported as measure of the 

model performance. AUC and its confidence intervals were estimated using the pROC r 

library[22] based on the OOB mechanism.

Results

Table 1 lists baseline descriptive characteristics of the full cohort. The mean age was 

69.9 (3.6) years, 89% were White, and 76% had a greater than a high school education. 

Model performance discriminating between the cognitively preserved and impaired groups 

based on AUC was 0.80 (95% CI - 0.76–0.85). In Table 2 the raw baseline values of 

these identified top ten predictors for each group are presented in order to provide insight 

about univariate effects directions of the predictors identified by RF. Compared to their 

cognitively impaired counterparts, women with preserved cognitive function were younger, 

better educated, less forgetful, less depressed and more optimistic at baseline. They also 

reported better physical function, less sleep disturbance (insomnia) and had lower systolic 

blood pressure, hemoglobin, and blood glucose levels. The six predictors in order which 

survived the 95% threshold were age, self-reported forgetfulness, self-reported physical 
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function, optimism, hemoglobin and blood glucose levels. Table 3 lists all 50 predictors in 

order of their MDI from lowest (most important) to highest (least important).

Discussion

In this study we aggregated a diverse set of potential predictors of well-preserved cognitive 

function in women over 80 years of age. We capitalized on the richly phenotyped 

datasets from the longitudinal WHI and WHIMS studies which collected demographic, 

functional, biomedical, behavioral, psychological and social variables in addition to annual 

assessments of cognitive function with centrally adjudicated cognitive impairment outcomes. 

Applying a machine learning approach we identified a set of diverse, mostly modifiable 

baseline predictors over 14 years of follow-up. Compared to women with adjudicated 

cognitive impairment, women with preserved cognitive function were younger, reported 

less forgetfulness and better physical function, were dispositionally more optimistic, 

had lower hemoglobin and glucose concentrations in their blood, reported less sleep 

disturbance, had lower systolic blood pressure and higher educational attainment, and 

reported fewer depressive symptoms. Among the weakest predictors were race/ethnicity, 

vision problems, marital status, smoking status, living alone, prior contraception use, and 

diagnosed hypertension, hypercholesterolemia, cardiovascular disease, diabetes or cancer.

RF is a strongly nonlinear and multivariate method which potentially could identifiy 

complex relationships between variables which could differ from associations detected in 

linear settings. On the other hand, when interpreting these findings it should be kept in mind 

that there is a body literature indicating that RF measures of variable importance like the 

Gini and permutation indices could be affected by correlations in the data and/or could favor 

continuous or categorical variables with many values [23]. The impact of those factors on 

MDI, used in this work, has been less studied. A recent simulation study suggested that 

the MDI performs well in the presence of correlations but could favor continuous variables 

or categorical variables with many values [24]. However, these reports are often based 

on simple simulation settings with small number of variables and it is unclear how they 

generalize to other problems of much higher dimensions.

Our results were similar to several other studies employing machine learning strategies to 

predict better cognitive function. McFall et al. found age, BMI and depressive symptoms 

to be the best discriminators between older adults with a stable episodic memory aging 

trajectory and declining memory trajectory[9]. In a sample of men and women aged 65–90 

years, Casanova et al. found that education, age, gender, history of stroke, diabetes, and 

socioeconomic status were the most important discriminators of individuals with higher 

cognitive functioning from those with lower cognitive functioning based on a shortened 

TICSm [8]. Aschwanden et al. reported that among 52 diverse predictors, “higher order 

factors” including emotional distress, poorer subjective health, lower education, increasing 

BMI were strong predictors of cognitive impairment also defined by the TICSm and that 

behavioral risk factors like smoking and lower physical activity and polygenic scores were 

relatively less important predictors [10]. While results of multivariable machine learning 

studies will be dependent on which populations and variables are selected for analysis, there 

are several consistencies across these studies. First, the top predictors represent different 
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variable classes and include demographic, behavioral, medical and psychological factors. 

Second, most of the predictors are potentially modifiable. Third, some well-known risk 

factors like diagnosed diabetes, cardiovascular disease, hypertension were not among the 

best predictors. Lastly, age, education, depression or emotional distress and BMI appear 

repeatedly across studies.

In a prior study of optimal cognitive functioning using WHIMS data, Goveas et al. used 

stepwise logistic regression to identify variables that distinguished WHIMS participants 

who maintained high TICSm scores from women whose scores were lower but still in the 

normal range and were free of cognitive impairment. They found that younger age, higher 

education, greater family income, being non-Hispanic White, better emotional well-being, 

fewer depressive symptoms, absence of diabetes, not carrying the apolioprotein ɛ4 genotype 

and slightly more sleep disturbance distinguished the higher functioning women from the 

low normal group[25]. Our work extended their study by including more predictors from 

diverse classes, requiring a higher level of cognitive performance on the TICSm for the 

preserved cognitive function group, and using adjudicated cognitive impairment outcomes. 

Despite these methodological differences, we too found younger age, more education, 

fewer depressive symptoms and better emotional well-being to be among the strongest 

discriminators between cognitively well-preserved from impaired women.

Hemoglobin and glucose levels were also among the best predictors of preserved cognitive 

function in our study. While poorer cognitive performance has been associated with both 

decreases and increases in hemoglobin [26–28], high blood glucose levels are risk factors for 

insulin resistance, diabetes mellitus and dementia[29]. Higher glucose levels at baseline was 

a more highly ranked predictor than a diagnosis of DM, which could reflect that a greater 

number of women have elevated glucose than are diagnosed with DM. Disrupted glucose 

metabolism and insulin resistance also are associated with sleep disturbance[30], another 

predictor of cognitive function in our study. This may suggest that close monitoring of blood 

glucose levels and sleep quality could protect cognitive function.

Lower systolic blood pressure predicted better cognitive functioning (and lower likelihood 

of cognitive impairment) in our modeling while diagnosed hypertension was not a consistent 

predictor, perhaps because there may be more women with elevated SBP than there are 

women who have been diagnosed with hypertension. These results appear consistent with 

the findings from a recent SBP lowering treatment trial. In the Systolic Blood Pressure Trial 

in which intensive SBP treatment to a goal of <120 mmHg compared to a goal of <140 

mmHg resulted in significantly fewer cases of MCI and a composite of probable dementia or 

MCI [31].

Optimism, the dispositional tendency to form positive expectations, has been studied in 

relation to health for many years. It has been associated with a variety of favorable health 

outcomes that could affect cognitive function including cardiovascular disease, coronary 

artery disease, stroke, congestive heart failure and mortality[32]. Using data from the 

WHI, Tindle et al showed that optimists were less likely that pessimisms to develop CHD 

and less likely to die from CHD-related causes[33]. Kim et al. reported that optimism, 

assessed in the same way as the present study, predicted disease-specific and all-cause 
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mortality in older women from the Nurse’s Health Study [34]. While the mechanisms by 

which optimism protects health are not known, there exist data suggesting both biological 

and behavioral pathways[32]. Our results hint this psychological factor may also benefit 

cognitive functioning, though we must be cautious not to infer causal relationships from this 

study.

After age, forgetfulness reported by participants at WHI study entry was the most reliable 

predictor of cognitive function over 14 years of follow up. Perceived cognitive changes are 

associated with structural brain changes [35–37], functional neural connectivity[38], and 

cerebral metabolic dysfunction[39, 40] 2012). Subjective cognitive decline (SCD) may be 

a precursor to MCI and dementia [41]given that the risk of progression to Alzheimer’s 

dementia (AD) in older adults with SCD is two times greater than individuals without SCD 

and the annual conversion rate to MCI and AD are 6.6% and 2.3%, respectively[41]. Our 

data support the significance of perceived cognitive changes as an early marker of late life 

cognitive function.

This study is not without limitations. The transition from face-to-face cognitive assessments 

to telephone assessments between WHIMS and WHIMS-ECHO may have influenced 

ascertainment of cognitive impairment. However, Espeland et al. demonstrated similar 

cognitive trajectories across the different WHIMS assessment methodologies [42]. The 

use of only baseline predictors may have reduced our model’s precision. The WHI data 

collection protocol does not collect all variables at each assessment, so modeling time 

varying variables comparably was not possible. However, this limitation should make 

finding associations between some predictors and subsequent cognitive function more 

difficult. While the RF indices of variable importance are widely used in studies like ours, 

they can be impacted by correlated predictors and bias towards continuous and categorical 

variables with many levels [23], though the impact of correlations on the minimal depth 

index has been less reported. Finally, the analyses are based on a subset of women who may 

not fully represent women the WHIMS inception cohort.

Strengths of the study include the large number and variety of candidate predictors 

available in WHI, the relatively large sample size, the length of follow-up, the longitudinal 

administration of standardized cognitive assessments, the use of adjudicated cognitive 

impairment outcomes and the use of state of the art high-dimensional approaches for 

predicting modelling.

Conclusion

By employing machine learning techniques we were able to identify a diverse set of largely 

modifiable predictors that distinguished cognitively resilient older women from those who 

developed cognitive impairment. Identifying predictors of cognitive resilience can indicate 

potential targets for intervention research aimed at enhancing and protecting this vital 

function and reducing impairment and disability in later life.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Table 1.

Baseline demographics and values of several variables of the selected cohort (n=381).

Variables Mean (SD) or N (%)

Age 69.9 (3.6)

Race/Ethnicity

 American Indian or Alaskan Native 2 (0.5%)

 Asian or Pacific Islander 1 (0.3%)

 Black or African-American 28 (7.4%)

 Hispanic/Latino 8 (2.1%)

 White (not of Hispanic origin) 338 (88.7%)

 Other 4 (1.1%)

Education

 Grade school (1–4 years) 1 (0.3%)

 Grade school (5–8 years) 5 (1.3%)

 Some high school (9–11 years) 11 (2.9%)

 High school diploma or GED 71 (18.7%)

 Vocational or training school 43 (11.4%)

 Some college or Associate Degree 112 (29.6%)

 College graduate or Baccalaureate Degree 28 (7.4%)

 Some post-graduate or professional 30 (7.9%)

 Master’s Degree 70 (18.5%)

 Doctoral Degree 8 (2.1%)

Forgetfulness

 Symptom did not occur 152 (40.1%)

 Symptom was mild 181 (47.8%)

 Symptom was moderate 41 (10.8%)

 Symptom was severe 5 (1.3%)

Physical Function 80.0 (19.5)

Systolic blood pressure 131.6 (16.9)

Glucose 99.9 (20.2)

Optimism 23.5 (3.2)

Sleep Disturbance 6.6 (4.6)

Depression 0.03 (0.1)
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Table 2–

Comparison of baseline characteristics of the top-ten most relevant predictors for the cognitively-preserved 

versus cognitively-impaired groups.

Variables Preserved (n=205) Impaired (n=176)

Age 68.3 (2.9) 71.7 (3.5)

Education

 Grade school (1–4 years) 0 (0%) 1 (0.6%)

 Grade school (5–8 years) 0 (0%) 5 (2.9%)

 Some high school (9–11 years) 2 (1.0%) 9 (5.1%)

 High school diploma or GED 33 (16.2%) 38 (21.7%)

 Vocational or training school 21 (10.3%) 22 (12.6%)

 Some college or Associate Degree 69 (33.8%) 43 (24.6%)

 College graduate or Baccalaureate Degree 14 (6.9%) 14 (8.0%)

 Some post-graduate or professional 14 (6.9%) 16 (9.1%)

 Master’s Degree 47 (23.0%) 23 (13.1%)

 Doctoral Degree 4 (2.0%) 4 (2.3%)

Depression 0.02 (0.09) 0.03 (0.09)

Optimism 24.1 (3.0) 22.9 (3.2)

Forgetfulness

 Symptom did not occur 113 (55.4%) 39 (22.3%)

 Symptom was mild 83 (40.7%) 98 (56.0%)

 Symptom was moderate 7 (3.4%) 34 (19.4%)

 Symptom was severe 1 (0.5%) 4 (2.3%)

Sleep Disturbance 5.9 (4.6) 7.4 (4.4)

Physical Function 84.9 (16.8) 74.2 (20.8)

Systolic blood pressure 129.6 (16.5) 133.9 (17.2)

Blood Glucose 98.3 (19.4) 101.7 (21.0)

Blood Hemoglobin 13.6 (0.8) 13.8 (1.1)
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Table 3 –

The list of all predictors included in the RF model ordered according to the minimal depth index is presented.

Rank Variable Scaling MDI

1 Age years 2.29

2 Forgetfulness 1=mild, 3=severe 3.97

3 Physical functioning 0=low, 100=high 4.13

4 Optimism Life Orientation Test-Revised, range: 6–30 5.20

5 Hemoglobin GM/dL 5.28

6 Glucose mg/dL 5.36

7 Sleep disturbance 0=no, 4=frequent 5.44

8 Systolic blood pressure mmHg 5.53

9 Education 1=didn’t attend, 11=doctoral degree 5.55

10 Depressive symptom severity 0 – 1. Higher scores indicate greater depressive symptom severity 5.77

11 Emotional well-being Rand 36 Health Survey, Emotional wellbeing subscale (0–100). 
Higher scores indicate better emotional well-being

5.91

12 White blood count 10^3/ul 5.92

13 LDL cholesterol mg/dL 5.95

14 Health Eating Index 0–100. Higher indicates healthier diet 5.98

15 Body Mass Index Kg/m2 5.99

16 Stressful Life Events 0=none 33=high 6.00

17 C-reactive protein mg/dL 6.05

18 Social support 9=low 45=high 6.07

19 Insulin pmil/L 6.07

20 Creatinine mg/dL 6.16

21 Triglycerides, total mg/dL 6.16

22 Glycemic Index (total carbs) 0–>0 carbohydrates/day 6.19

23 Cynical Hostility Cynicism subscale of Cooke-Medley Questionnaire, range: 0–13. 
Higher scores indicate greater hostility

6.26

24 WHI Hormone Trial treatment arm Estrogen, estrogen + progesterone, placebo 6.29

25 HDL cholesterol mg/dL 6.39

26 Social strain 4=none, 20=all 6.68

27 Total energy expended in recreational activity per wk. Kcal/week per kg 6.70

28 Hearing loss 1=mild, 3=severe 6.71

29 US Region of country 1=Northeast 2=South 3=Midwest 4=West 6.85

30 Life satisfaction 0=dissatisfied, 10=satisfied 7.00

31 Occupation Managerial/professional, technical/sales, homemaker only, service/
labor

7.03

32 Walk > 10 min 0=rarely, 5=7 or more times each week 7.15

33 Alcohol intake 1=none, 6=7+servings/week 7.30

34 1 yr change in health status 1=much better, 5= much worse 7.82

35 General health status 1=Excellent, 5=poor 7.90
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Rank Variable Scaling MDI

36 Difficulty concentrating 1=mild, 3=severe 8.30

37 Social functioning 0=poor, 100= high 8.40

38 Moderate-strenuous activity >/=20 min/wk 1=no activity, 4=moderate or strenuous activity 8.75

39 Major money problems 1=not too much, 3=very much 8.92

40 Race/Ethnicity 1=Amer Indian/Alaskan Native, 2=Asian or Pacific Islander, 
3=Black or African American, 4=Hispanic/Latino, 5= White

9.12

41 Trouble with vision 1=mild, 3=severe 9.22

42 Marital status 1=never married, 2=divorced/separated, 3=widowed, 4=married, 
5=marriage-lke relationship

9.28

43 Smoking 0=never, 1=past, 2=current 9.59

44 Hypertension 0=No, 1=Yes 9.69

45 Live alone 0=No, 1=Yes 9.75

46 Contraceptive use, ever 0=No, 1=Yes 9.86

47 Hypercholesterolemia 0=No, 1=Yes 10.40

48 Cardiovascular disease, ever 0=No, 1=Yes 10.49

49 Diabetes, ever 0=No, 1=Yes 10.91

50 Cancer, ever 0=No, 1=Yes 11.12
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