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Latin American populations may present patterns of sociodemographic,
ethnicand cultural diversity that can defy current universal models of
healthy aging. The potential combination of risk factors that influence
aging across populationsin Latin American and Caribbean (LAC) countries
isunknown. Compared to other regions where classical factors such

as age and sex drive healthy aging, higher disparity-related factors and
between-country variability could influence healthy aging in LAC countries.
We investigated the combined impact of social determinants of health
(SDH), lifestyle factors, cardiometabolic factors, mental health symptoms
and demographics (age, sex) on healthy aging (cognition and functional
ability) across LAC countries with different levels of socioeconomic
development using cross-sectional and longitudinal machine learning
models (n = 44,394 participants). Risk factors associated with social and
health disparities, including SDH (8 > 0.3), mental health (8 > 0.6) and
cardiometabolicrisks (8> 0.22), significantly influenced healthy aging more
than age and sex (with null or smaller effects: 8 < 0.2). These heterogeneous
patterns were more pronounced in low-income to middle-income LAC
countries compared to high-income LAC countries (cross-sectional
comparisons), andin an upper-income to middle-income LAC country,
CostaRica, compared to China, anon-upper-income to middle-income

LAC country (longitudinal comparisons). These inequity-associated and
region-specific patterns inform national risk assessments of healthy agingin
LAC countries and regionally tailored public health interventions.

Aging is not a uniform process across the world. Most of the research
into cognitive and functional aging has traditionally been conductedin
high-income settings within the United States and Europe, neglecting
diverse populations and the specific combination of risk factors seenin
Latin Americanand Caribbean (LAC) countries. Despite the urgent need
to assess regional diversity and deliver tailored evidence for diverse
populations'™, the evidence around healthy aging in LAC countries is
lacking. Addressing this knowledge gap is essential because risks stem

from multiple disparity-related cumulative exposures affecting aging
and dementia. Latin American populations have unique ethnic admix-
tures, education and sociodemographic heterogeneity. Inaddition, the
current prevalence of dementia in LAC countries is estimated at 8.5%
andis projected tobe19.33% by 2050, representing anincrease of 220%
approximately®. Such prevalence is higher compared to other regions’,
including Europe (currently 6.9% and projected up to 7.7% by 2050) or
North America (currently 6.5% and projected up to 12.1% by 2050)*°.
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Previous studies in high-income countries (HICs)"” that capture risk
factors of healthy and pathological brain aging were not accurate for
low-income and middle-income countries (LMICs) or LAC countries"®.
Thus, assessing specific risk factors in LAC countries constitutes a
critical priority for understanding healthy aging.

Healthy brain aging refers to the functional brain ability that allows
someone to live their life to their fullest capacity. Healthy aging is tra-
ditionally evaluated using cognitive and functional ability measures,
constituting proxy markers of brain health®. Cognition involves multi-
ple domains (thatis, attention, problem-solving, learning and memory,
among others), while functional ability encompasses personal activi-
ties of daily living (ADLs) and higher-order instrumental skills®.

Severalfactors have beenassociated with healthy or unhealthy aging
outcomesin previous studies®. These include demographic factorssuch
as age and sex; social factors such as educational level, socioeconomic
status (SES) and social support, together known as social determinants
of health (SDH); health status (including cardiometabolic factors such
as hypertension, diabetes and obesity, and falls); mental health symp-
toms (including depression and anxiety); and lifestyle factors (alcohol
consumption, smoking and physical activity). Most of those factors have
been described as potentially modifiable risk factors for dementia by
the Lancet Commission on Dementia Prevention, Intervention, and
Care’. Although multiple factors contribute to healthy and pathologi-
calagingin HICs, less-modifiable factors, such as age'° > and sex'>', are
considered top contributors to pathological aging'® 2. Healthy aging in
HICs is also influenced by modifiable factors such as cardiometabolic
factors, mental health symptoms and lifestyle factors>”. The relative
importance of mentioned risk factors may be different and hetero-
genousincountries withincreased social and health disparities such as
LAC countries*'. Compared to HICs, in LAC countries converging
multiple factors were associated with pathological aging, including a sub-
stantial contribution of SDHY, a higher prevalence of cardiometabolic
factors'®, mental health symptoms” and barriers to healthy lifestyle***'.

Previous evidence in healthy aging in LAC countries identified
multiple gaps"**%, including insufficient understanding of the unique
determinants and risk factors of aging in the region, and no attempt to
simultaneously assess the associations and interactions between the
different potential risk factors of healthy aging. Omissions in evaluat-
ing such interactions can lead to spurious or improper relationships
betweenrisk factors and healthy aging outcomes. Moreover, emerging
evidence suggests that models of risk do not always generalize from
HICsto LMICs'. Other research gapsin the regioninclude limited stud-
ies combining cross-sectional and longitudinal methods; absence of
automated data-driven approaches for assessing multiple risk and
protective factors, with no inclusion of techniques to confirm the
validity of results (that is, out-of-sample validation procedures), lead-
ing to potential biases due to the assumptions of a priori theoretical
models; inadequate representation of diverse populations from HICs,
upper-income and middle-income countries (UMICs), and LMICs; and
lack of region-specific risk factors of cognition and functional ability.
Our work aimed to address these gaps using a convergent approach.

Using cross-sectional and longitudinal approaches, we assessed
multiple potential risk factors (demographic, SDH, health status,
lifestyle and mental health symptoms) of cognition and functional

ability in healthy aging across LAC countries. We hypothesized that
disparity-related social and health factors, as opposed to demographic
factors such as age and sex, would be more importantin healthy aging
across LACs compared to datareportedin previous studies from HICs.
We also expected country-level differences in healthy agingrisk factors
in LAC countries according to theirincome categories.

Results

Using a data-driven approach based on machinelearning procedures,
we assessed multiple potential risk factors (including demographic
factors, SDH, health status, mental health symptoms and lifestyle) that
affect cognition and functional ability in healthy aging (total n = 44,394
participants; Fig. 1a—e). Cross-sectional and longitudinal data from
nationally representative survey cohorts included various LACs with
differentlevels of socioeconomic development (Fig. 1b). As afirst step,
amultimethod approach (Fig. 1f) comprising linear regression, elastic
net, least absolute shrinkage and selection operator (LASSO), and ridge
regression wasimplemented to ensure the robustness of our machine
learning results. We choose ridge regression based on the convergence
observed with this multimethod approach (Extended Data Tables 1
and 2, and Extended DataFig.1). We used harmonized databases from
national aging surveys from four LACs with different socioeconomic
indexes based on the World Data Bank categorization. Two countries
ranked as Latin American-LMICs (LA-LMICs, Colombia (n =23,694
participants) and Ecuador (n = 5,235 participants)) and two countries
as LA-HICs (Chile (n =1,301 participants)) and Uruguay (n = 1,450 par-
ticipants) were incorporated. We ran a second longitudinal analysis
(n=9,258 participants) from CostaRica (n = 5,694 participants),a UMIC
(LA-UMIC), and compared it with a non-LA-UMIC (China, n = 3,564
participants), which has the same socioeconomic category.

Cross-sectional analyses in LAC countries

We first assessed the main risk factors of cognition and functional
ability using cross-sectional national surveys from all LAC countries.
We then used the same approach focusing on LA-LMICs versus LA-HICs
and finally across different countries. The multimethod results revealed
consistency across methods and metrics (R, Cohen’s F,, mean square
error (MSE), root mean square error (RMSE)) and a high coherencein
the weightand ranking of risk factors (by using S estimates) of healthy
agingin all countries (Fig. 1k).

Amodelassessing therisk factors of cognition fromall LAC coun-
tries was significant (F,, ,5 100 = 565.61, P< 0.0001, R*=0.22 + 0.026,
F,=0.28, MSE = 4.94, RMSE =2.42) (Fig. 2a). The most important risk
factorsinorder of relevance were: mental health symptoms (8= 0.71,
P<0.0001), country (8=-0.37, P< 0.01), physical activity (8=-0.3,
P <0.0001), education (f=0.3, P<0.0001), isolation (8=0.25,
P<0.0001), age (8=-0.13, P<0.0001) and SES (5 =0.13, P<0.0001).
Moreover, alcohol consumption (8=-0.11, P < 0.01) and smoking (life-
style, B=-0.05, P< 0.05) were also significant. No significant effects
of cardiometabolic factors were observed for cognition (Table 1 and
Fig.2a).

The model predicting functional ability was significant
(Fy, 27001 = 866.71, P< 0,00001; R*= 0.3 + 0.026, F, = 0.43, MSE =2.42,
RMSE =1.56). In order of importance, the most relevant risk factors

Fig.1|Methodological framework. a, General design of the study describing
the countries included in the cross-sectional analyses (Chile, Uruguay, Colombia
and Ecuador) and in the longitudinal analyses (Costa Rica and China). b, Database
selectionin the cross-sectional (n = 31,680 participants) and longitudinal
(n=9,258 participants) studies (total n = 40,938 participants). ¢, Imputation
procedures. d, Risk factors, including demographics, SDH, health status
(cardiometabolic factors and falls), mental health symptoms and lifestyle risk
factors. e, Outcomes: cognition and functional ability. f, Multimethod approach,
including different regressions (linear regression, elastic net, LASSO, ridge
regression). g, Multicollinearity between risk factors that justified the selection

of ridge regression as the adequate model. h, Bayesian optimization to find
the best hyperparameters for ridge regression. i, Regression step used with
the ridge regression. j, Regression report. k, The multimethod results revealed
high consistency across methods using goodness-of-fit metrics (R%, Cohen’s F,,
MSE and RMSE) and a high coherence in the weight and ranking of risk factors
of healthy aging (B estimates). Ink, the upper panel presents the multimethod
findings related to cognitive performance. The lower panel displays the
functional ability data across all countries in Latin America. Risk factors:
demographics, SDH, health, lifestyle, mental health symptoms and country.

Nature Medicine | Volume 29 | September 2023 | 2248-2258

2249


http://www.nature.com/naturemedicine

Article

https://doi.org/10.1038/s41591-023-02495-1

were: physical activity (8 =-1.06, P < 0.0001), mental health symptoms
(8=0.73,P<0.0001), isolation (8 =-0.44, P < 0.0001), falls (8= 0.38,
P<0.0001), country (8=0.33, P<0.0001), heart disease (8=0.29,

P<0.0001), diabetes (8=0.22, P<0,0001), sex (8=0.13, P<0.0001),
education (8=0.11, P<0.001), alcohol consumption (8=0.11,
P<0.0001), smoking (8=-0.1, P<0.001), hypertension (8 =0.09,
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America. a,b, Results for cognition (a) and functional ability (b) for each country,
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for each model. S estimates were used to assess the weight of each feature in
the models. The risk factors are: demographics, SDH, lifestyle, health status
(cardiometabolic factors and falls), mental health symptoms and country. The
two-sided Pvalue of a Student’s ¢-statistic was calculated for the S values of the
regression. *P < 0.05;**P < 0.01. No asterisk means not significant.

P<0.001),age (=-0.09,P<0.0001) and SES (8=0.01,P< 0.01; Table 2
andFig.2b).

Stratification according to country incomelevel

For LA-LMICs, the model predicting cognition was significant (F ,5-o =
535.21, P<0.00001; R*=0.23 + 0.0145, F,=0.29, MSE =5.03,
RMSE =2.24). The most relevant risk factors in the model were: mental
health symptoms (=0.73, P<0.0001), isolation (3= 0.46, P < 0.0001),
country (8=0.43,P<0.0001), physical activity (8 =-0.32,P<0.0001),
education (8 =0.30,P<0.0001), falls (8=0.2,P<0.0001),SES (8=0.13,

P<0.0001), age (8=0.-13, P<0.0001) and alcohol consumption
(8=0.08,P<0.01).

For LA-HICs, the model predicting cognition was also significant
(F1,2340 = 28.82, P<0.00001; R*= 0.15 + 0.0672, F, = 0.17, MSE = 3.49,
RMSE =1.87) (Fig.2a). The most relevant risk factorsincluded: country
(8=0.81, P<0.0001), mental health symptoms (8 =0.34, P<0.001),
physical activity (8=-0.23, P<0.05), isolation (= 0.22, P< 0.05),
falls (8=0.21,P<0.05),SES (= 0.19,P < 0.0001), education (8= 0.18,
P<0.05), sex (=0.18, P<0.05), alcohol consumption (8=0.08,
P<0.05) and age (8=-0.08,P<0.0001).
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Table 1| Demographic and healthy aging information across studies

Country Sex Age Education Cognition (MMSE)? Functional ability
(Barthel)

Category n Mean s.d. Mean s.d. Mean s.d. Mean s.d.

Demographic and general information of the cross-sectional analyses
- Female 855 7213 8.3 1.09 0.38 11.69 3.1 6.93 2.42

Chile

Male 446 70.51 74 118 0.56 121 2.69 7.83 21

Female 920 7.07 764 115 0.47 12.95 1.53 775 1.81
Uruguay

Male 530 70.72 6.81 127 0.64 12.98 117 8.04 1.54

Female 13,5682 70.8 8.26 1.08 0.36 11.82 274 8.01 1.84
Colombia

Male 10,112 70.84 8.12 112 0.44 11.94 2.53 8.4 1.65

Female 2,767 71.48 8.72 1.08 0.38 1.44 2.35 6.58 2.3
Ecuador

Male 2,468 7.3 8.45 114 0.51 11.76 2.21 7.31 2.2
Demographic and general information of the longitudinal analyses

Female 1109 59.5 3.1 1.5 0.7 10.9 12 8.03 1.3
Costa Rica

Male 642 59.5 3.2 1.5 0.7 10.6 1.3 8.33 12

: Female 2194 83.1 10.6 1.0 0.2 10.0 4.4 76 29

China

Male 2093 79.8 9.2 1.2 0.4 1n.4 37 8.5 25

MMSE, Mini-Mental State Examination. *For the longititudinal analyses, the cognition and funtional ability relate to wave 2.

We compared the weight of each risk factor of cognition in the
models of LA-LMICs and LA-HICs based on the effect sizes (F,). We
observed that SES, isolation, mental health symptoms, physical activity
and falls have coefficient estimates higher in LMICs than in HICs.
Moreover, age and sex had a more significant role in LA-HICs than in
LA-LMICs. Cardiometabolic factors did not reach significant values
neitherin LA-LMICs norin LA-HICs (Table 2 and Fig. 2a).

The model predicting functional ability was significant for
LA-LMICs (F 55,50, = 974.02, P< 0.00001; R*=0.35 + 0.024, F,= 0.53,
MSE =2.23, RMSE =1.50). The most relevant risk factors were: country
(B=1.46, P<0.0001), physical activity (f=-1.13, P< 0.0001), mental
health symptoms (5 =0.69, P<0.0001), falls (8 =0.36, P<0.0001),
isolation (8=0.3, P<0.0001), SES (8=0.27, P< 0.0001), heart dis-
ease (=0.27, P<0.0001), diabetes (= 0.22, P<0.01), sex (8=0.16,
P<0.0001), hypertension (8= 0.11, P < 0.0001), alcohol consumption
(8=0.11,P<0.0001),age (8=-0.09,P < 0.0001), education (f=-0.08,
P<0.001), smoking status (8 =-0.07, P<0.001) and SES (5= 0.04,
P<0.0001).

The modelalso achieved significance in predicting functional abil-
ity for LA-HICs (F, , 340 = 44.85,P < 0.00001; R?= 0.22 + 0.061,F, = 0.29,
MSE =3.13, RMSE =1.77) (Fig. 2b). The most relevant risk factors were
physical activity (lifestyle, = 0.87, P< 0.0001), mental health symp-
toms (8=0.55,P<0.0001), falls (8= 0.52, P < 0.0001), country (8= 0.49,
P<0.0001), heart disease (8= 0.37, P<0.0001), diabetes (8= 0.33,
P<0.01),SES (8=0.27, P< 0.0001), isolation (8= 0.24, P < 0.05), hyper-
tension (8=0.18, P<0.05), alcohol consumption (= 0.15, P<0.001)
andage (8=-0.08,P<0.0001).

When comparing the weight of each risk factor of functionality in
LA-LMICs and LA-HICs using effect sizes (F,), all factors were statisti-
cally significant for LA-LMICs, while smoking status was not statistically
significant for LA-HICs. The most relevant risk factors on LA-LMICs
compared to HICs were physical activity, mental health symptoms,
country, SES, isolation, falls, heart disease, diabetes and hypertension
(Table 2 and Fig. 2b).

We also run a similar group of models to predict cognition and
functional ability in each country. Across countries, and consistent
withregional analysis, the more relevantrisk factors of cognition were
mental health symptoms, SDH, physical activity and education. In
LA-LMICs (Colombiaand Ecuador), age was also asignificant risk factor

of cognition although sex did not reach significant values. In LA-HICs
(Uruguay and Chile), sex and age were significant risk factors of cogni-
tion. The more critical risk factors of functional ability in all LACs were
alarger combination of mental health symptoms, SDH, lifestyle and
cardiometabolic factors. Whilein LA-LMICs (Colombia and Ecuador),
mental health symptoms, physical activity, SES and isolation had the
highest scoresto predict functional ability, in LA-HICs cardiometabolic
factors, age and sex had amorerelevant role (Extended Data Table 3).

Longitudinal comparisons between Costa Ricaand China

The mostrelevantrisk factors of cognition and functional ability were
investigated using longitudinal data taken from national surveys from
CostaRica; thoseresults were compared with longitudinal data taken
from a non-LA-UMIC (China). To this end, we derived the risk factors
fromthe first wave and the outcomes (cognition and functional ability)
from the last wave of the longitudinal survey assessments. We tested
and compared the independent models for Costa Rica and China.

We tested two independent models to assess the most relevant
risk factors of cognition. The model predicting cognition was signi-
ficant for Costa Rica (F 560, =3.95, P<0.00001; R>=0.14 + 0.03,
F,=0.15, MSE =1.51 and RMSE =1.22). The model assessing cognition
for China also reached significant values (F; 5,,,=22.78, P<0.00001;
R*=0.21+0.03, F,=0.23, MSE =15.50 and RMSE = 3.95). For Costa
Rica, the most relevant risk factors included education (8= 0.51,
P<0.00001), sex (=0.33, P<0.00001), mental health symptoms
(8=0.18, P<0.001) and age (8 =0.02, P<0.0001). For China, the
most relevant risk factors were mental health symptoms (8 =-0.85,
P<0.00001), sex (8=0.78, P<0.00001), physical activity (5= 0.77,
P<0.00001) and age (8=0.19, P<0.00001). We ran an extra group
of analyses to compare the weight of each significant risk factor of
cognition between Costa Rica and China. Those analyses revealed
thateducation was a stronger risk factor for Costa Rica than China. In
contrast, age, sex and mental health symptoms were more relevant
risk factors in China than in Costa Rica (Tables 3 and 4, Fig. 3a and
Extended Data Fig. 2).

We used an independent model to assess the most relevant risk
factors of functional ability in each country. The model predicting
functional ability for Costa Ricareached significant values (F s 40, = 5.67,
P<0.00001;R*=0.14 £ 0.0222,F, = 0.16, MSE = 2.08 and RMSE = 1.44).
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Table 2 | Comparisons of the risk factors of aging between LA-HICs and LA-LMICs in cross-sectional analyses using the
Ridge regression models

Risk factor Feature LA-HICs LA-LMICs LA-HICs versus LA-LMICs
Bestimates t P Bestimates t P

Comparison of risk factors of cognition between LA-HICs and LA-LMICs

Intercept 14.35 16.72 <0.0001 17.59 64.49 <0.0001 -

Country 0.81 10.23 <0.0001 0.43 8.59 <0.0001 LA-HICs > LA-LMICs P<0.0001
Demographics Age -0.08 -61.16 <0.0001 -0.13 -3.74 <0.0001 LA-HICs < LA-LMICs P<0.0001

Sex -0.18 -1.99 NS 0.02 0.7 NS -

Isolation 0.22 212 <0.05 0.46 113 <0.0001 LA-HICs < LA-LMICs P<0.0001
SDH SES 0.19 454 <0.0001 013 22.53 <0.0001 LA-HICs < LA-LMICs P<0.0001

Education 0.18 2.32 <0.05 0.3 8.67 <0.0001 LA-HICs < LA-LMICs P<0.0001

Diabetes 0.04 0.35 NS 0.01 0.4 NS -

Hypertension 0.0 0.06 NS 0 0.01 NS -
Health status

Heart disease -01 -1.22 NS -0.07 -1.65 NS -

Falls 0.21 2.53 <0.05 0.2 6.61 <0.0001 LA-HICs < LA-LMICs P<0.001
Mental health Mental health symptoms 0.34 3.45 <0.001 0.73 15.46 <0.0001 LA-HICs < LA-LMICs P<0.0001

Physical activity -0.23 -2.41 <0.05 -0.32 -912 <0.0001 LA-HICs < LA-LMICs P<0.0001
Lifestyle Alcohol consumption 0.08 21 <0.05 01 3.09 <0.01 -

Smoking status -0 -1.34 NS -0.05 -1.69 NS -
Comparison of risk factors of functional ability across LA-HICs and LA-LMICs

Intercept 7.25 8.59 <0.0001 9.81 54.06 <0.0001 =

Country 0.49 6.28 <0.0001 1.46 4413 <0.0001 LA-HICs < LA-LMICs P<0.0001
Dermographice Sex 013 1.46 NS 0.16 792 <0.0001 NS

Age -0.08 -63.59 <0.0001 -0.09 -389.92 <0.0001 NS

SES 0.27 6.65 <0.0001 0.04 9.0 <0.0001 LA-HICs < LA-LMICs P<0.0001
SDH Isolation 0.24 2.29 <0.05 0.3 10.86 <0.0001 LA-HICs < LA-LMICs P<0.05

Education 0.08 1.04 NS 0.08 3.57 <0.001 NS

Diabetes 0.33 2.95 <0.01 0.22 8.7 <0.0001 LA-HICs < LA-LMICs P<0.0001
el Hypertension 0.18 2.35 <0.01 on 5.6 <0.0001 LA-HICs < LA-LMICs P<0.0001

Heart disease 0.37 4.38 <0.0001 0.27 10.25 <0.0001 LA-HICs < LA-LMICs P<0.0001

Falls 0.52 6.34 <0.0001 0.36 18.31 <0.0001 LA-HICs < LA-LMICs P<0.01
Mental health Mental health symptoms 0.55 575 <0.0001 0.69 22.01 <0.0001 LA-HICs < LA-LMICs P<0.05

Physical activity -0.87 -8.93 <0.0001 -113 -48.55 <0.0001 LA-HICs < LA-LMICs P<0.0001
Lifestyle Alcohol consumption 015 37 <0.001 on 519 <0.0001 NS

Smoking status 0.0 0.02 NS -0.07 -3.49 <0.001 NS

NS, not significant. The two-sided P value of a Student's t-test was calculated for the 8 estimates of the regression.

The model predicting functional ability for China also was significant
(F,.353=28.7, P< 0.00001; R*= 0.24 + 0.032, F, = 0.31, MSE = 6.30 and
RMSE = 2.51). The most relevant risk factors of functional ability for
Costa Rica were heart disease (§=0.84, P<0.00001), mental health
symptoms (8= 0.67,P<0.00001), hypertension (8= 0.42,P< 0.00001),
diabetes (8= 0.35, P<0.00001), education (8= 0.27, P<0.00001),
physical activity (8 =0.27,P<0.00001), sex (8= 0.17,P < 0.0001), alco-
hol consumption (8= 0.15,P < 0.0001) and age (5 = 0.01, P< 0.00001).
For China, the critical risk factors were physical activity (8= 0.065,
P<0.0001),sex(8=0.52,P<0.00001), diabetes (B=0.46,P< 0.0001),
mental healthsymptoms (8= 0.44,P<0.0001), heart disease (§=0.32,
P<0.0001), hypertension (8 =0.32, P<0.0001) and age (8 =0.13,
P<0.00001; Tables 3 and 4, Fig. 3b and Extended Data Fig. 2).

We compared the countries’ significant risk factors of cognition
and functional ability by using the  estimates of each significant risk

factor (Fig. 3a,b, bottom). Those analyses showed higher predictive
scores for education, hypertension, heart disease and mental health
symptomsin CostaRicathanin China. Moreover, education and alco-
hol consumption were the only significant risk factors in Costa Rica.
In contrast, age, sex and physical activity reached higher predictive
values for China than for Costa Rica.

Imputation and complementary analyses

We ran models with individuals who had complete values in all vari-
ables measured in all countries. However, we ran the same group of
analyses using the imputation-by-means method to handle missing
values from one variable for the Costa Rica dataset in models of pre-
diction of cognition and functional ability. The imputation method
allows for increasing the number of observations when variables are
assumed to exhibit areduced number of outlier values while favoring
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Table 3 | Comparison of risk factors of cognition between Costa Rica and China in the longitudinal analyses using the Ridge

regression models

Risk factors Feature (taken in wave 1) Costa Rica cognition (MMSE) of wave 2 China cognition (MMSE) of wave 2
B estimates t P B estimates t P

Intercept 12.01 753 NS 24.07 10.32 NS

Demographics Age 0.024 8.61 <0.0001 019 80.10 <0.00001
Sex 0.33 2.66 <0.01 0.78 2.66 <0.0001
Education 0.51 714 <0.00001 0.26 0.85 NS

SDH SES (0] (0] NS 0.01 0.38 NS
Isolation 0.19 0.95 NS 0.44 0.90 NS
Diabetes 0412 0.85 NS 014 0.23 NS

Health status Hypertension 0.03 0.32 NS 0.16 0.56 NS
Heart disease 0.20 0.65 NS 0.15 0.38 NS
Falls 1.85 3.29 NS 0 0 NS

Mental health symptoms ~ Mental health symptoms 016 210 <0.05 0.85 219 <0.05
Physical activity 0.03 0.30 NS 0.77 273 <0.01

Lifestyle Alcohol consumption 0.07 0.77 NS 0.10 0.33 NS
Smoking status 0.07 0.59 NS 013 0.42 NS

Ten iterations of results were conducted to obtain ten 8 estimates for each predictor, providing the minimum variance for group comparisons, which was analyzed with a two-sided

Mann-Whitney U-test, with Bonferroni correction.

Table 4 | Comparison of risk factors of functional ability between Costa Rica and China in the longitudinal analyses using

the Ridge regression models

Risk factors Feature (taken in wave 1)

Costa Rica functional ability (Barthel) of wave 2

China functional ability (Barthel) of wave 2

B estimates t P B estimates t P
Intercept 1.79 1.92 NS 1612 2.01 NS
Demographics Age 0.01 4.90 <0.00001 013 9.29 <0.00001
Sex 017 1.09 <0.05 0.52 3.02 <0.0001
Education 0.27 3.01 <0.0001 0.15 0.82 NS
SDH SES 0 0 NS 0.08 0.45 NS
Isolation 0.06 0.23 NS 013 0.46 NS
Diabetes 0.34 1.94 <0.0001 0.46 1.31 <0.01
Health status Hypertension 0.42 3.08 <0.00001 0.32 1.88 <0.0001
Heart disease 0.84 216 <0.00001 0.32 1.36 <0.01
Falls 0 0 NS 0 0 NS
Mental health symptoms Mental health symptoms 0.67 3.99 <0.00001 0.44 191 <0.00001
Physical activity 0.28 1.87 <0.0001 0.65 3.96 <0.00001
Lifestyle Alcohol consumption 013 112 <0.05 017 1.00 NS
Smoking status 0.04 0.32 NS 0.17 0.95 NS

Ten iterations of results were conducted to obtain ten 8 estimates for each predictor, providing the minimum variance for group comparisons, which was analyzed with a two-sided

Mann-Whitney U-test, with Bonferroni correction.

datainterpretation®. Weimplemented this procedure to maintain the
same number of variables to compare models between Costa Ricaand
China. The results were consistent after running regression models
for both cognitionand functional ability with the imputation method
(Extended Data Table 4).

Wealso performed complementary analyses to determine the inde-
pendent associations between specific risk factors (sex, age, mental
healthstatus, lifestyle, health status, including cardiometabolicfactors,
and SDH) and healthy aging outcomes. These analyses highlighted the
significant effects of each risk factor when examined independently
(Extended Data Table 5).

Discussion

The present study aimed to assess the most relevant risk factors of
healthy aging (cognition and functional ability) across different LAC
countries. Inline with our hypothesis, the results revealed a hetero-
geneous and distributed set of social and health disparity-related risk
factors of cognition (mental health symptoms, SDH, education and
physical activity) and functional ability (mental health symptoms, SDH,
education, physical activity and cardiometabolic factors) across LAC
countries. Such heterogeneous sets of risk factors were more accentu-
atedin LA-LMICs compared to LA-HICs. The longitudinal study yielded
similar results by comparing an LA-UMIC (CostaRica) andanon-LA-UMIC
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Fig. 3| Longitudinal risk factors of cognition and functional ability in an
LA-UMIC (Costa Rica) and anon-LA-UMIC (China). a,b, Longitudinal risk
factors of cognition (a) and functional ability (b) were grouped into the following
factors: demographics; SDH; lifestyle; health status (cardiometabolic factors and
falls); mental health symptoms; and country. Features were ordered from most to
least influential in the regression. The feature importance ranks in the regression
model for cognition and functional ability are highlighted, accompanied by

their statistical significance. Feature importance is represented by the radius
ofthe circles and accentuated by the intensity of the color. The bottom parts of
both panels show the countries’ comparison analyses (violin plots) used to test

differences in the weight of significant risk factors (8 estimates) of cognition
and functional ability (n = 9,258). Teniterations of the results were conducted
to obtain ten S estimates for each risk factor, providing the minimum variance
for performing group comparisons, which was analyzed with a two-sided
Mann-Whitney U-test with Bonferroni correction. The specific values of the
violin plots (minimum, maximum, center, 25th and 75th quartiles, inferior
and superior whiskers) are provided in Extended Data Table 6 (for cognition)
and Extended Data Table 7 (for functional ability). *P<1.00 x 102 <5.00 x 10°%;
*P<1.00x102<1.00x107%**P<1.00 x10™#<1.00 x 107,

Regarding cognition, SESis arelevantrisk factor”” havinga crucial
role in this study. Cognition and low SES have been linked to specific
SDH, such as social exclusion, isolation and reduced social interac-
tions*®*’, which are more prevalent in LAC countries®, especially in
older adults®. Mental health symptoms were identified as a top risk
factor, probably due to their increased prevalence across LAC coun-
tries compared to other regions***?**, Cardiometabolic factors did
not reach significant scores as reported previously'®. One possible
interpretation could be the limited ability of the scale used to measure
cognition, the Mini-Mental State Examination (MMSE), to identify
executive functioning and reduced capacity to capture the early stages
of cognitive decline®. However, this null association could be better
explained by complexinteractions betweenrisk factorsin our models.
This interpretation was supported by complementary analyses dem-
onstrating the significant effects of cardiometabolic factors when
analyzed separately. Future studies should systematically assess how
combining different potential risk factors” could modify the model’s
predictive role. Regardless, our results highlight a heterogeneous
combination of risk factors impacting cognition® associated with
regional inequity and specificity.

Regarding functionality, our results confirm the role of physical
activity in functional ability”, probably through reducing noncommu-
nicable diseases”. Mental health symptoms, which are highly prevalent
in LAC countries®**3* may reduce autonomy and motivation for
daily activities®. Falls also impacted functional ability*’, which may
be exacerbated in LAC countries by the barriers to accessing health
and social support*’. Although cardiometabolic factors are associated
with functional ability***?, this association was less pronounced than
with other factors. Social isolation and SES**, usually accentuatedin
LAC countries*, were also relevant risk factors. Thus, a heterogeneous
combination of risk factors related to regional disparities was associ-
ated with cognition and functional ability.

Classical risk factors associated with cognition and functional
ability, such as age and sex, were less accentuated than those related
to social and health disparities, unlike in other regions'*#2,
Although these factors were significant when analyzed independently,
their effects diminished or disappeared when combined with other
risk factors. InLAC countries, thereis anincreased presence of SDH"?,
an augmented prevalence of cardiometabolic factors'® and mental
health symptoms>'>**, and barriers to healthy lifestyles***. The com-
bination of these disparity-related risk factorsin LAC countries could
attenuate the impacts of sex and age as risk factors of healthy aging.
In contrast, classical risk factors may have a more substantial role in
healthy aging in Europe and the United States. In those regions, there
is also a more substantial control of modifiable social and health dis-
parities, which would help diminish their effects and explain the con-
trasting pattern. Similarly, social and health disparities were stronger
risk factors in LA-LMICs than in LA-HICs, which is consistent with the
largerinequalitiesin the former®. Also, differences between CostaRica
and China confirmed this pattern despite their similar socioeconomic
development (Extended Data Tables 6 and 7). In summary, heterogene-
ous and disparity-related factors were critically associated with cogni-
tion and functional ability in LAC countries, especially in LA-LMICs,

and presented stronger influences than other classic factors such as
age and sex.

Our approach based on machine learning methods can address
multicollinearity and high-dimensional data** and incorporate sample
validation processes, thereby providing a more reliable assessment
of the model’s performance on unseen data than classical statistical
models*. Our modeling approach can handle complex interactions
between risk factors and outcomes more effectively than standard
regressions and other traditional statistical methods to assess asso-
ciations between variables®. Similarly, it can identify the top predic-
tors without assuming a priori theoretical rankings, which are usually
required when classical statistical methods are applied** (Extended
DataTable 8).

There are limitations to our study. First, as in previous reports
of SDH and cardiometabolic factors*®, data collection is based on
self-reports and could be prone to bias. Our study combined
self-reported data and standardized objective measures to diminish
such potential bias. Still, future assessments with objective measures
would be needed to confirm our results. Second, the large population
might have impacted statistical significance and reduced prediction
accuracy inmachinelearning algorithms*’. We handled these concerns
using a sample size robust enough for each statistical comparison
and effect size estimation; combined statistical indexes confirmed
the machine learning accuracy obtained. Our study only used
MMSE and the Barthel index as the primary measures of cognitive
and functional outcomes in the context of healthy aging, which may
not capture all aspects of healthy aging. Finally, some potential
risk factors of aging, such as mental health symptoms, were assessed
using a single self-reported question. Although previous studies
have assessed mental health symptoms using similar procedures®>*%,
future studies should consider using more comprehensive tools
to evaluate healthy aging outcomes, mental health symptoms and
other relevant factors.

While several global organizations, including the World Health
Organization®* and the Alzheimer’s Association"**, have called for
the improvement of public health actions regarding healthy aging in
LAC countries, initiatives are still limited, genericand poorly targeted
to this region. The result of our study encourages public health lead-
ersto consider the complexinteractions of multiple disparity-related
factors*”, including individual health-related markers and SDH. By
understanding region-specific risks, policymakers can develop tai-
lored prevention responses. Our study invites public health actions
to prioritize programs to address multimodal disparities and promote
mental health across the life span, mainly in older ages. Additionally,
our study calls for developing national plans to increase population
education and promote public resources™ to favor social networks
and healthy lifestyles, particularly stimulating physical activity. This
comprehensive approach can be articulated with public health pro-
grams focused onreducingthe risks associated with noncommunicable
diseases, whichare highly prevalentin LAC countries. Our results also
invite us to develop social and health plans to handle several aging
risks simultaneously rather than reacting to one factor at a time. This
multifaceted strategy provides a robust foundation for informing
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policies with synergistic effects across multiple conditions, optimizing
resource allocation in public health and fostering healthier societies.

In conclusion, our results highlight a differential, region-specific
and granular set of risk factors for cognition and functional ability in
LACs. Thefindingsrevealrisk factors according toregion and country,
strongly influenced by the greater inequalities that existin LAC popula-
tions. Income status and SDH, specific disease burden, health practices
and ancestry-related factors may defy standard models of healthy brain
aging, suggesting that the one-size-fits-all approach does not neces-
sarily work. Tailored models should better inform local and regional
public health initiatives grounded in more diverse, region-specific
approaches.
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Methods

Cross-sectional analyses of participants

Participants (n =31,680; female =16,074; mean age = 70.81 years,
s.d. = 8.22) were recruited from the national surveys on health,
well-being and aging performed in four LAC countries: Chile (2016,
n=1,301; females = 689; mean age = 71.83 years, s.d. = 8.29)°'; Uruguay
(2011, n =1,450; females = 798; mean age = 70.75 years, s.d. = 7.40)";
Ecuador (2012, n =5,235; females =1,530; mean age = 70.09 years,
s.d.=7.82)*); and Colombia (2015, n = 23,694; females =1,357; mean
age =70.79years, s.d. = 8.26)*. Theinterviews fromall national surveys
were performed face to face and participants were selected following
a probabilistic, clustered, stratified and multistage design in each
country. We only included individuals with no diagnosis of dementia,
as assessed during an initial screening (Fig. 1a—e). The databases of
national surveys fromall countries are open and were obtained accord-
ingto the established procedures for each country.

Longitudinal analyses of participants
We analyzed data from the national aging study of an LA-UMIC: Costa
Rica (Costa Rican Study on Longevity and Healthy Aging (CRELES),
n=5,694;ref.54). Thissurveyincludes two waves of informationon the
risk factors of aging (wave 1=2012, wave 2 = 2015-2016). Longitudinal
information fromanon-LA-UMICin China (Chinese Longitudinal Healthy
Longevity Survey Series, n = 3,564; ref. 55) was used as control informa-
tion. This survey includes two waves of information (wave1=2011, wave
2 =2014-2015). In this longitudinal approach, we assessed the role of
factors taken in the first wave in predicting the scores of measures of
cognitionand functional ability of wave 2. The final population fromboth
the Costa Rica and China datasets totaled 9,258 participants (Fig. 1b).
The interviews from all national surveys were performed face to
face and participants were selected following a probabilistic, clus-
tered, stratified, multistage design in each country. Information col-
lected in all countries, in the context of national aging surveys, was
representative of each population (Colombia, Ecuador®?, Uruguay”,
Chile”, CostaRica’* and China*). The instruments, harmonization and
computational approaches of this study followed the same parameters
asdescribed in the cross-sectional analyses.

Instruments

Risk factors. The final datasets from the surveys in all LAC countries
consisted of five harmonized risk factors (demographics, SDH, health,
lifestyle and mental health symptoms).

Demographics. Demographicsincluded age (years), sex (women and
men only) and years of education attained. No questions were asked
regarding gender identity aspects in any country.

SDH. To assess this risk factor, we included information previously
associated with brainhealth®®, including measures of isolation (whether
the participant lives alone or not), SES (which was measured with a
composite index that included income and housing conditions) and
educational level (which has three levels: low (elementary school and
middle school), medium (high school) and high (bachelor’s and post-
graduate degrees).

Health status. Thisincluded health factors previously associated with
brain health such as cardiometabolic factors (hypertension, diabetes
and cardiovascular risks) and falls.

Lifestyle. Thisincluded smoking behavior, alcohol consumption, and
physical activity.

Mental health symptoms. We collected information on the presence
of depression, anxiety and other mental health symptoms. Those
symptoms were categorized as binomial variables.

Outcome variables. Cognition. Cognition was assessed in national
surveys from LAC countries with the shortened version of the Folstein
MMSE. Following previous procedures®*”’, we used the abbreviated
MMSE, which has19 questions and items. A cutoff of 13 points was used
in each survey to determineif the participant had cognitive decline”.

Functional ability. The Barthel index*® assesses difficulties in ADLs,
including basic activities of daily life such as self-maintenance skills
(dressing, bathing, grooming, toilet use, and bowel and bladder conti-
nence) and mobility skills*®. We analyzed information from a group of
activities collected via participants’interviews and harmonized across
countries referringto daily living functioning. The scores were builtin
each database by computing a ratio of positive responses according
to previous studies®™. For a further description of specific questions
toassess therisk factors and the healthy aging outcomes usedineach
country, see the Supplementary Information.

Data harmonization of variables across countries

We ran harmonization procedures®® for some variables because the
answer options of some measures were different between coun-
tries. Similarly, missing values were observed in some datasets. All
variables used in the analyses of this study had complete values in
at least 80% of cases. Thus, we collected 28,109 participants with
complete values in the variables of the analyses to assess risk factors
of cognition and a population of 27,991 participants for functional
ability (Fig.1a-e).

Harmonization procedures of variables across countries in the
cross-sectional analyses. MMSE. The test contained the following
questions: (1) participants should provide the date. This question
scores one point for each of the following correct answers: day of the
week, day of the month, month and year; (2) the interviewer names
three objects and the participants must remember them. This question
scores one point for each objectrecalled; (3) theinterviewer gives the
individual apiece of paper to perform three actions. Performing each
action correctly scores one point; the actions are: taking a piece of
paper withtheright hand, folding the paperin halfwith both hands and
placing the paper on the lap; (4) the participant remembers the name
ofthe previous three objects again. This questionis scored the same as
question 2; (5) participants copy a drawing. One point is scored if the
drawingis done correctly. The final scaleis achieved using standardized
scores of the abbreviated MMSE except a question about remembering
a sequence of five numbers, which scored five points. This question
was removed because it was evaluated in different ways across the
databases and no complete information was recruited to harmonize
the scores across sites.

SDH harmonization. Educational level was set to three levels:
low (elementary and middle school); middle (high school); and high
(bachelor’s and postgraduate degrees). SES was calculated on the
proportion of available housing resources and services.

Lifestyle harmonization. Alcohol consumption was set to four levels:
never (participant never consumes alcohol); normal (participant con-
sumes alcohol less than one day per week); overdrinking (participant
consumes alcohol two to six times per week); severe (participant con-
sumes alcohol daily). All other variables were dichotomous (yes/no),
except for age, which was collected by all countries as a discrete vari-
able. Non-common features were dropped.

Harmonization procedures of variables across countries in the
longitudinal analyses. The MMSE information was computed
on 13 points in Costa Rica and China because the drawing test was
not conducted in Costa Rica. We also ran imputation by means to
impute the missing values of one feature (falls) in the Costa Rica
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dataset. For imputation, we used the mean scores in the aforemen-
tioned variables from other HICs (Chile and Uruguay). To control for
the effects ofimputation, additional analyses without imputation were
also performed (Extended Data Table 4).

Statistical analysis

No statistical method was used to predetermine sample size because
we used the complete database of the national aging surveys from dif*-
ferent LAC countries. All datasets from the national aging surveys from
LAC countries in cross-sectional and longitudinal analyses included
representative samples from each country.

Cross-validation for hyperparameter tuning. First, we conducted
the best search for the most appropriate set of hyperparameters using
cross-validation to obtain the best possible generalization results®®®".
For each model, we implemented a Bayesian optimization approach
for hyperparameter tuning, with cross-validation = 3and teniterations,
on 75% of the data (training dataset), and evaluated the results on a
validation dataset (25% of the data). Then, we randomly divided the
data on a new training sample (75%) and testing sets (25%) into k=10
folds; each subset was used for training k — 1 times and validation,
using the best hyperparameters obtained from the Bayesian optimi-
zationinthe previous step. Finally, we obtained the margins of errors,
the S estimates and ¢-tests by assessing the mean of k=10 iterations.
This facilitated the identification of optimal regularization strength
and additional hyperparameters for the ridge regression model.

Solver selection. We optimized the regularization strength, the maxi-
mum number of iterations and the solver. We followed scikit-learn’s
implementation for ridge, which allows testing and comparing dif-
ferent solvers, including: (1) auto: it chooses the solver automatically
based onthe data. This solver reached 1,000 maximumiterations and
analphaof 0.0001; (2) singular value decomposition involving features
vectors®. Thisapproachhad 10,000 maximumiterations and an alpha
of 0.001; (3) Cholesky, a standard linear function that allows obtain-
ing a closed-form solution (Extended Data Table 8). The maximum
number of iterations with this approach was 100,000 and the alpha
was 0.01; (4) sqr, a dedicated regularized least-square routine, and
sag, a stochastic average gradient descent®, which uses a maximum
number ofiterations 0f1,000,000; and (5) sparse_cg, a conjugate gra-
dient solverinvolving sag and saga that follows the stochastic average
gradient descent process and an optimized version of this approach,
respectively® (Extended Data Table 2).

Moreover, we used different regularization and solver selection
processes for elastic net and LASSO. For elastic net, we used two solv-
ersincluding (1) cyclic, which repeats features sequentially by default
with amaximum number of iterations of 1,000 and an alpha of 0.0001;
and (2) random, which updates a random coefficient in every itera-
tion, with a maximum number of iterations of 10,000 and an alpha
of 0.001. Moreover, different L1 ratios (ranging from 0.5 to 0.9) were
used, and the iterations and alpha were fitted according to this ratio.
For LASSO, we implemented two solvers, including: (1) cyclic with a
maximum number of iterations 0of 1,000 and an alpha of 0.0001; and
(2) random with a maximum number of iterations of 10,000 and an
alpha of 0.001 (Extended Data Tables 2 and 8). The score we used for
optimization was the square loss, which is used in ridge regressions
as default®. This method imposes greater penalties on larger errors
compared to smaller ones®*.

The closed-form solution for ridge regression, which includes a
regularization parameter a to control the amount of shrinkage, can
be expressed as follows:

min,,||Xw - y||® + ajjw||®

ming||Xw - |13 + al|w|3

where w represents the coefficients of the regression model; X is
the design matrix, where each row represents an observation and
each column represents a risk factor variable; y is the target variable;
and a is the regularization parameter (also known as the ridge
parameter), which controls the amount of shrinkage: the larger
the value of g, the greater the amount of shrinkage.

The parameters of a used for our analyses are provided in Extended
DataTable 8.

Ridge regression method. We assessed the correlation and collinearity
betweenrisk factors (as revealed by the variance inflation factor, scores
above5). Those analyses showed multicollinearity (Fig. g and Extended
DataTable1) and correlations among variables (Extended Data Fig.1).
Thus, we chose ridge regression models to assess the more relevant risk
factors of healthy aging. This method helps to (1) handle the risk fac-
tors’ multicollinearity and correlations; (2) reduce overfitting because
itintroduces aregularization termto penalize large coefficients, thus
improving the model’s generalization®*; (3) improve model stability
because it shrinks the coefficients toward zero, effectively reducing
theimpactof noise orirrelevant features on the model’s predictions®;
(4) improves modelinterpretability because it shrinks the coefficients,
which helpsinterpret theimportance of different risk factor variables
selected based on previous theoretical accounts®; and (5) addresses
variance and interactions because it is a recommended process to
tackle regression challenges in the presence of multidimensionality
and complex interactions between risk factors®’.

The ridge regression model using cross-sectional data can be
expressed as:

min(B)I|Y — XBI1* + A|1BII?

where Yis the outcome variable, Xis the matrix of the risk factor vari-
ables, Bis the vector of the coefficients and A is the regularization
strength.

The ridge regression model for longitudinal data can be
expressed as:

Y =X(B) +¢, subjectto||B|3 < t

where y represents the predicted outcome, X is the matrix of the
risk factors, fis the vector of the coefficients, is the error term, |\ﬂ||§
is the L2-norm of § (sum of squared coefficients) and ¢ is the
regularization parameter.

Multimethod analyses. To confirm the robustness of our approach,
we implemented multimethod confirmatory analyses (Fig. 1f,g,k). This
comparative assessment involved examining the outcomes of ridge
regressionin conjunction with linear regression, elastic netand LASSO
techniques. Linear regression was used to fita predictive model to the
observed data. It calculates the strength of the relationship between
risk factors and outcome variables and helps to determine whether
some explanatory variables may have no linear relationship with the
outcomes. Elastic net combines the advantages of ridge and LASSO
regression, incorporatingbothL1and L2 regularization®®. Furthermore,
it balances the benefits of both techniques, providing a compromise
between the sparsity of LASSO and the stability of ridge regression.
This can result in better prediction accuracy and improved model
interpretability®®. LASSO regressions encourage sparsity in the model
by driving some coefficients to zero, leading to more straightforward
and more interpretable models, and allowing for automatic feature
selection to deal with many risk factors®.

Goodness-of-fit and weight of risk factor parameters. We used dif-
ferent parameters to assess the goodness of fitin the studies, including
(1) F-statistic (F) for the regression coefficients of the models; (2) R?,
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ameasure of how close the data points correspond to the fitted line
and as the coefficient of determination for the regression models; (3)
Cohen’s F, to assess the effect sizes of the regression models and risk
factors; (4) MSE, an estimator of the average of the squared difference
between estimated and actual values and to assess the goodness of fit
of the regression models; (5) the RMSE as a measure of the standard
deviation of the residuals (prediction errors) and to assess the distance
between the regression line data points; and (5) § estimates to assess
theweight of afactorinaregression model. Different linear regression
models were used to identify the best goodness-of-fit parameters
across the analyses. The multimethod procedure confirmed the con-
sistency of the results and suggested that linear approaches were the
best choice. Other additional nonlinear methods are out of the scope
of this study.

Cross-sectional analyses. We ran two independent ridge regression
models to assess the risk factors of healthy aging: one model was run
to assess therisk factors of cognition (MMSE scores as the outcome),
and the other was implemented to assess functional ability (Barthel
scores as the outcome) risk factors across all LAC countries. Risk fac-
torsincluding demographics, SDH, health status, lifestyle and mental
health symptoms were included as risk factors in each model. Ridge
regression models were first run for cognition and functionality across
all LAC countries (Colombia, Ecuador, Chile and Uruguay). Second,
the regression models were run to group LAC countries according to
their income level: HICs (Chile and Uruguay) and LMICs (Colombia
and Ecuador). Third, independent regression models were run for
each country. We evaluated the regression models by reporting R?,
99% of confidence intervals, feature significance and S estimates. Each
model considers the Fvalue and the F, values to assess the effect sizes
(F,20.02,F,>0.15and F, > 0.35representing small, mediumand large
effect sizes, respectively’).

Longitudinal analyses. The longitudinal evolution of outcomes
(cognition and functional ability in two different moments for
CostaRica:wavel(2012) and wave 2 (2016); two for China: wave1(2011)
andwave 2 (2014)). We computed the most relevant risk factors of cog-
nition and functional ability in the last wave for Costa Rica and China
using therisk factors of wave 1. Independent ridge regression models
comprised the best hyperparameters using the scheme described in
the cross-sectional analyses. All models and statistical analyses were
runusing Pythonv.3.9.13.

Ethics and inclusion statement

This work involved a collaboration between scientists in multiple
countriesincluding Argentina, Chile, Colombia, Ireland, Peru and the
United States. Contributors from all sites are included as coauthors
or in acknowledgements according to their contributions. Research-
ersresiding in Latin American countries have been involved in study
design, study implementation, methodological procedure, and writing
and reviewing processes. The current research is locally relevant due
to the high prevalence of cognitive decline in LAC countries. Roles
and responsibilities were agreed among collaborators ahead of the
research. Local ethics committees approved all research involving
human participants. To prevent any stigmatization, all identifying
information hasbeen removed to preserve the privacy of individuals.
Each country included in this study have retained ownership of all
human material shared for research purposes.

Weendorse the Nature Portfolio guidance on LMIC authorship and
inclusion. Authorship was based on the intellectual contribution, com-
mitmentand involvement of each researcherin this study. We included
authors born in LMICs and other underrepresented countries in this
study. This study holdslocal relevance for eachinvestigated country by
presenting disaggregated findings, thereby offering country-specific
risk factors of healthy aging. The selection of variables was informed

by previous research and in accordance with established guidelines
for global aging studies.

Ethical approval

All methods were carried out in accordance with relevant guidelines
and regulations provided by the Declaration of Helsinki (2013). Data
for all countries including LMICs were collected via in-person inter-
views implemented in the context of national aging surveys taken in
each country.

In each country, participants gave informed consent, which was
approved by the respective ethics committees. Data collection and
analysis posed no risks concerning stigmatization, incrimination, dis-
crimination, animal welfare, environmental, health, safety, security or
personal concerns. No transfer of biological materials, cultural artifacts
or traditional knowledge occurred. The authors reviewed pertinent
studies from all seven countries while preparing the manuscript. The
Pontificia Universidad Javeriana’s ethical institutional committee in
Bogota, Colombia, approved all experimental protocols used in the
analyses of this study (no. FM-773-2021).

Reporting summary
Furtherinformationonresearch designisavailable inthe Nature Port-
folio Reporting Summary linked to this article.

Data availability

Dataincluded in this study in the cross-sectional and longitudinal
analyses were collected in the context of the national aging surveys
of five LAC countries (Ecuador, Colombia, Chile, Uruguay and Costa
Rica) and from China. Data from the national aging survey from Ecua-
dor included in the study are publicly available and can be accessed
after providing researchers information at https://www.ecuadoren-
cifras.gob.ec/encuesta-de-salud-bienestar-del-adulto-mayor/. Data
fromthe national aging survey of Colombia (National Study of Health,
Well-being, and Aging (SABE Colombia) 2015) can be accessed after
filling a registration form on the Web page of the Ministry of Health
and Social Protection (el Ministerio de Salud y de Proteccién Social)
in Colombia. This procedure lasts around 10 days and can be made at
this https://www.datos.gov.co. Data from Chile and Uruguay included
in this study were part of the SABE-Survey on Health, Well-being, and
Aging in Latin America and the Caribbean, 2000 (Inter-university
Consortium for Political and Social Research 3546). Data from this
study are publicly available after providing researcher information at
https://www.icpsr.umich.edu/web/NACDA/studies/3546/versions/V1.
Data from Costa Rica included in this study were taken from CRELES.
Data from this study are publicly available after providing researcher
information at http://creles-download.demog.berkeley.edu/CRdata.
pl. Data from the national aging survey of China (China Health and
Retirement Longitudinal Study) can be accessed after registration at
https://charls.pku.edu.cn/en/. Access to the raw data fromall databases
describedinthis section lasts around 10 days. All authors had access to
the raw data. All software used in this study and its versions are speci-
fied on the conda_env.ymlfile in the GitHub repository.

Code availability

All code for the dataanalysis associated with the manuscriptis available
for download from GitHub at https://github.com/Al-BrainLat-team/
Heterogeneous-risk-factors-LAC.
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Extended Data Fig. 1| Correlations between factors and outcomes associated with healthy aging. Matrix of correlation between factors and outcomes (cognition
and functional ability) of healthy aging.
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Extended Data Fig. 2 | Longitudinal results of factors associated with wave (wave 1and wave 2). Therisk factors were grouped into fivefold categories:
cognition and functional ability. Longitudinal predictors of cognition and demographics, social determinants of health, lifestyle, health status, mental
functional ability. Predictors of each wave of cognition (MMSE scores, panel A) health symptoms, and country. The features were ordered from most to least
and functional ability (Barthel scores, panel B) are shown for the LA-UMIC (Costa influential in the regression. The feature importance is represented by the radius
Rica) and the Asian UMIC (China). All panels demonstrated the significance of ofthe circles and accentuated by the intensity of the color.

the predictors assessed in the initial wave for the outcomes evaluated in each
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Extended Data Table 1| Collinearity test between factors associated with healthy aging

Feature Variance Inflation Factor (VIF)
Age 56.04
Sex 11.59
Education 8.17
Social isolation 10.16
Socioeconomic status 10.44
Diabetes 25.74
Hypertension 10.77
Heart disease 2.78
Falls 14.18
Mental health symptoms 38.43
Physical activity 20.53
Smoking status 10.86
Alcohol consumption 6.54
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Extended Data Table 2 | Ridge and elastic net regularization parameters in models used to assess factors associated with
healthy aging

Ridge
Maximum
Solver Selection iterations Alpha
Auto: chooses the solver automatically
based on the type of data 1000 0.0001

SVD: uses a Singular ~ Value
Decomposition of data to compute the
Ridge coefficients. 10000 0.001
Cholesky: uses a standard solver for a
linear equation to obtain a closed-form

solution. 100000 0.01
LSQR: uses a dedicated regularized least-

squares routine 1000000

Sparse_cg: uses a conjugate gradient

solver

sag: uses a Stochastic Average Gradient

descent

Saga: uses an improved unbiased version
of Stochastic Average Gradient descent
The score we used for optimization was
square loss (Ridge default).

Elastic net
Maximum
Solver Selection 11 ratio iterations Alpha
Cyclic: repeats features sequentially by
default 0.5 1000 0.0001
random: updates a random coefficient in
every iteration. 0.6 10000 0.001
0.7 100000 0.01
0.8 1000000
0.9
Lasso
Maximum
Solver Selection iterations Alpha
cyclic: repeats features sequentially by
default 1000 0.0001
random: updates a random coefficient in
every iteration. 10000 0.001
100000 0.01
1000000
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Extended Data Table 3 | Predictors of healthy aging outcomes in each LAC. Ridge regression models of factors associated

with healthy aging in each LAC

Colombia Ecuador Uruguay Chile
(8)
B) t B) t Estimat
Cognition Estimates t value p value Estimates  value p value Estimates value p value es t value p value
P<
0.000
intercept 18.74 74.78 P <0.0001 16.24 30.35 P <0.0001 14.28 19.31 1 16.38 9.79 P <0.0001
P<
- 0.000
Age -0.14 -377.52 P <0.0001 -0.08 98.52 P <0.0001 -0.04 -36.19 1 -0.11 -48.59 P <0.0001
P<
Sex 0.02 0.74 ns -0.05 -0.65 ns -0.26 -3.09 0.001 -0.16 -1.02 ns
Diabetes 0.01 0.23 ns 0.03 0.37 ns 0 0.02 ns 0.08 0.4 ns
Education 0.31 7.85 P <0.0001 0.29 4.5 P < 0.0001 0.11 1.56 ns 0.39 2.45 P <0.01
Social isolation 0.55 10.68 P <0.0001 -0.08 -0.77 ns -0.02 -0.28 ns 0.63 2.94 P <0.01
P<
SES 0.14 21.64 P <0.0001 0.05 3.73 P <0.001 0.15 3.78 0.001 0.24 3 P <0.01
Hypertension -0.01 -0.39 ns 0.05 0.76 ns 0.04 0.5 ns -0.11 -0.72 ns
Heart disease -0.07 -1.7 ns -0.01 -0.1 ns -0.01 -0.06 ns -0.15 -0.96 ns
Alcohol consumption 0.14 3.78 P <0.001 -0.06 -0.93 ns 0.06 1.84 ns 0.14 1.57 ns
Physical activity -0.38 -9.69 P <0.0001 -0.12 -1.71 ns -0.17 -1.77 ns -0.34 -1.99 P <0.05
Smoking status -0.05 -1.57 ns -0.12 -1.71 ns -0.14 -1.76 ns -0.09 -0.57 ns
P<
Falls 0.17 5.18 P <0.0001 0.45 6.82 P < 0.0001 0.26 3.28 0.01 0.21 1.36 ns
P<
Mental symptoms 0.8 15.25 P < 0.0001 0.4 4.23 P < 0.0001 0.26 2.66 0.01 0.46 2.69 P <0.01
8) ®)
Functional Estim B) t Estimat
Ability ates t value p value (B) Estimates t value p value Estimates value p value es t value p value
P<
intercept 13.19 84.48 P <0.00001  9.06 15.94 P < 0.00001 7.49 8.05 0.00001 7.75 54 P <0.0001
P<
Age -0.09 -397.63 P <0.00001 -0.09 -101.48 P <0.00001 -0.05 -33.07  0.00001 -0.1 -53.08 P < 0.0001
Sex 0.15 7.36 P <0.00001 0.28 3.53 P <0.0001 -0.09 -0.85 ns 0.24 1.76 ns
Diabetes 0.18 713 P <0.00001  0.54 5.8 P < 0.00001 0.27 2 P <0.05 0.42 2.38 P <0.05
Education 0.05 1.87 ns 0.23 3.31 P <0.0001 -0.02 -0.18 ns 0.28 213 P <0.05
Isolation 0.39 12.11 P <0.00001 -0.44 -3.91 P <0.0001 0 -0.01 ns 0.58 3.21 P <0.001
P<
SES 0.03 7.28 P <0.00001 0.08 5.36 P < 0.00001 0.24 4.79 0.00001 0.31 4.57 P < 0.0001
Hypertension 0.09 4.82 P <0.00001 0.19 272 P <0.01 0.07 0.71 ns 0.24 1.98 P <0.05
P<
Heart disease 0.26 9.52 P <0.00001 043 4.29 P < 0.00001 0.53 4.93 0.00001 0.29 2.26 P <0.05
Alcohol
consumption 0.12 5.28 P <0.00001  0.04 0.56 ns 0.09 2.05 P <0.05 0.28 3.68 P <0.001
P<
Physical activity -1.19  -49.03 P <0.00001 -0.84 -11.5 P < 0.00001 -0.75 -5.92 0.00001 -1 -6.86 P <0.0001
Smoking status -0.07 -3.4 P <0.0001 0 -0.06 ns -0.13 -1.34 ns 0.08 0.67 ns
P<
Falls 0.32 15.6 P <0.00001 0.7 9.83 P < 0.00001 0.53 5.28 0.00001 0.56 4.37 P <0.0001
Mental health P<
symptoms 0.62 19.1 P <0.00001 1.1 11.28 P < 0.00001 0.43 3.43 0.0001 0.67 4.68 P <0.0001

ns: non-significant. Abbreviations: SES: Socioeconomic status. No multiple correction methods were implemented.
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Extended Data Table 4 | Ridge regression models of risk factors of healthy aging in longitudinal analyses after
implementing imputation methods

Panel A. Predictors of cognition in wave 2 in Costa Rica. Models using imputation by
means method.
Goodness to fit parameters of the model: F (1, 5694) =3.80, P<0.00001; R =0.11 + 0.04,

F2=0.10].
Beta (B) t value mean p value mean
Type of predictor Estimate
_intercept 11.842.516 8.612.929 0
Demographics Age 0.022109 11.598.449 0
Sex 0.358246 276.059 0.010652
SDH Education 0.500323 6.701.905 0
Isolation 0.01 0.65485 0.552358
Health status Diabetes 0.01 1.038.866 0.34156
Hypertension 0.01 0.367683 0.740714
Heart disease 0.01 0.571074 0.590581
Falls 0.01 0.616598 0.577839
Mental health symptoms Mental symptoms 0.155269 1.164.443 0.278789
Lifestyle Alcohol 0.01 0.525905 0.616515
consumption
Physical activity 0.01 0.335521 0.740782
Smoking status 0.01 0.422123 0.683545
Panel B. Predictors of functional capacity in wave 2
in Costa Rica. Models using imputation by means
method.
Goodness to fit parameters of the model: F (1,
5694) =5.61, P<0.00001; R =0.13 +£ 0.06, F2 =
0.15].
Beta (B)
Type of factor Estimate t value mean p value mean
_intercept 4.621.263 2.609.299 0.020261
Demographics Age 0.010958 4.510.959 0.040294
Sex 0.01 0.737945 0.496519
SDH Education 0.258568 2.825.756 0.007043
Isolation 0.01 0.393355 0.706279
Health status Diabetes 0.312372 1.674.278 0.118464
Hypertension 0.407844 2.903.439 0.007207
Heart disease 0.649884 1.600.779 0.164817
Falls 2.723.801 2.876.403 0.017296
Mental health symptoms Mental symptoms 0.61052 356.636 0.003034
Lifestyle Alcohol 0.160573 1.345.031 0.205568
consumption
Physical activity 0.303345 2.000.146 0.07057
Smoking status 0.01 0.519333 0.624439

Abbreviations. SDH=Social determinants of health. SES=Socioeconomic status No multiple correction methods were implemented.
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Extended Data Table 5 | Ridge regression models of individual impact of each type of risk factor on healthy aging

Model predicting cognition
including only health conditions

B Estimate t value p value value
_intercept 5.347.556 660.575 P<0.0001
Hypertension 0.308815 147.602 P<0.0001
Heart disease 0.516509 200.139 P<0.0001
Diabetes 0.168224 67.355 P<0.0001
Differences of R* and
F regarding the model
Falls 0.57434 279.248 P<0.0001 including all factors
R-squared 0.046482 -0.25604
Adjusted R-squared 0.046345 -0.25582
F-squared 0.048747 -0.38498
Model predicting cognition
including only lifestyle factors
B Estimate t value p value value
_intercept 10.399.319 1.666.672 P<0.05
Alcohol consumption 0.242764 136.119 P<0.0001
Physical activity -1.351.893 -695.218 P<0.0001
Differences of R* and
F regarding the model
Smoking status -0.144269 -80.801 P<0.0001 including all factors
R-squared 0.094376 0.02855034439
Adjusted R-squared 0.094279 0.02848809687
F-squared 0.104211 0.04519922861
Model predicting cognition
including only SDH
B Estimate t value p value value
_intercept 8.075.324 1.603.332 P<0.05
Education 0.46045 182.413 P<0.0001
Social isolation -0.342752 -13.384 P<0.001
Differences of R* and
F regarding the model
SES -0.019599 -8.049 P<0.001 including all factors
R-squared 0.015463 -0.28705
Adjusted R-squared 0.015357 -0.28681
F-squared 0.015706 -0.41802
Model predicting cognition
including only Mental health
conditions
B Estimate t value p value value
_intercept 6.310.501 98.443 P<0.0001
Differences of R* and
F regarding the model
Mental health symptoms 0.909668 437.158 P<0.0001 including all factors
R-squared 0.021274 -0.28124
Adjusted R-squared 0.021239 -0.28093
F-squared 0.021736 -0.41199
Model predicting cognition
including only demographics
(B) Estimates t value p value value
_intercept 14.578.693 1.594.367 P<0.05
Age -0.100823 -6.233.024 P<0.0001
Differences of R* and
F regarding the model
Sex 0.418467 216.127 P<0.0001 including all factors
R-squared 0.206078 -0.09644
Adjusted R-squared 0.206021 -0.09615
F-squared 0.259569 -0.17416

ns: non-significant. Abbreviations: SES: Socioeconomic status. No multiple correction methods were implemented.
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Extended Data Table 6 | Group comparisons of the magnitude of risk factors of cognition between Costa Rica and China

Costa Rica
minimum maximum center Quartile Quartile whisker inferior whisker superior
Risk Factors 25% 75%

Age
0.011435 0.034005 0.024112 0.021003 0.026924 0.012122299 0.034004722

Sex
0.224981 0.40343  0.339154 0.325984 0.375184 0.252184676 0.403429877

Education
0.486365 0.549871  0.519667 0.513217 0.528321 0.490560099 0.549870867
Mental health symptoms
0.12552 0.218525  0.169749 0.143059 0.193514 0.125519723 0.218524558
Physical activity
0.003901 0.109597  0.039027 0.019777 0.037324 0.003900506 0.06364352
China
minimum maximum center Quartile Quartile whisker inferior whisker superior
Risk Factors 25% 75%

Age
0.187699 0.199974  0.193611 0.191812 0.194927 0.187699 0.199598

Sex
0.636338 0.96909  0.789591 0.710629 0.870065 0.636338 0.96909

Education
0.048111 0.429426 0.265508 0.173115 0.376382 0.048111 0.429426
Mental health symptoms
0.602924 1.232689  0.859683 0.723746 0.978574 0.602924 1.232689
Physical activity

0.627052 0.908322 0.77537 0.744155 0.835761 0.627052 0.908322
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Extended Data Table 7 | Comparisons of the magnitude of risk factors of functional ability between Costa Rica and China

Costa Rica
minimum maximum center Quartile Quartile whisker inferior whisker superior
Risk Factors 25% 75%
Age
0.005936 0.019442 0.011788 0.007411 0.014566 0.005936265 0.019442243
Sex
0.078929 0.214377 0.171382 0.16797 0.189558 0.13558882 0.214377459
Diabetes
0.238686 0.490439 0.345114 0.279554 0.42674 0.238686071 0.490439383
Education
0.230654 0.304218 0.271284 0.251972 0.287755 0.230653867 0.304218494
Hypertension
0.376281 0.501206 0.422866 0.39516 0.431775 0.376281187 0.486697743
Heart disease
0.546176 1.077583 0.844483 0.73693 0.943549 0.546176333 1.077583167
Alcohol consumption
0.080332 0.223812 0.13611 0.112481 0.159252 0.080332476 0.223811948
Physical activity
0.186716 0.339602 0.281794 0.266187 0.308306 0.203008776 0.339601792
Mental health symptoms
0.563489 0.754958 0.676098 0.644889 0.726047 0.563489257 0.754958317
China
minimum maximum center Quartile Quartile whisker inferior whisker superior
Risk Factors 25% 75%
Age
0.127298 0.136238 0.132465 0.13111 0.134656 0.127298029 0.13623775
Sex
0.466699 0.642352 0.526995 0.484698 0.551429 0.466698572 0.642352079
Diabetes
0.204456 0.644642 0.462946 0.385519 0.551254 0.204455905 0.644641847
Education
0.010034 0.315218 0.151049 0.0899 0.20463 0.010034094 0.315218195
Hypertension
0.180356 0.436049 0.322079 0.28427 0.393464 0.180356253 0.436049379
Heart disease
0.119354 0.446786 0.322644 0.287639 0.398931 0.120702068 0.446785929
Alcohol consumption
0.082116 0.225934 0.177046 0.164362 0.204828 0.103661624 0.225933662
Physical activity
0.581949 0.69775 0.655955 0.630027 0.686631 0.581948955 0.697750298
Mental health symptoms
0.330473 0.616553 0.443535 0.364047 0.497958 0.330473161 0.616552896
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Extended Data Table 8 | Closed-form solution for ridge regressions

Cognition

Alpha Max_iter Solver
LA-HICs 0.0001 1000000 saga
LA-LMICs 0.001 1000 auto
All 0.01 1000000 saga

Functional ability

Alpha Max_iter Solver
LA-HICs 0.001 100000 saga
LA-LMICs 0.001 1000000 sga
All 0.001 10000 sga

Abbreviations: LA-HICs: Latin American High-Income countries.
LA-LMICs: Latin American Low-and-Middle Income countries.
Max_iter: Maximum iterations.
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For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Data availability: Data included in this study in the cross-sectional and longitudinal analyses were collected in the context of the National Aging surveys of five LACs countries (Ecuador, Colombia, Chile, Uruguay, and Cos
Rica) and from China. Data from the National Aging Survey from Ecuador included in the study are publicly available and can be accessed after providing researchers information at this link: https#/
www.ecuadorencifras.gob.ed encuesta-de-salud-bienestar-del-adulto-mayor. Data from the National Aging Survey of Colombia (National Study of Health, Wellbeing, and Aging SABE Colombia 2015) can be accessed afte|
fulfilling a registration form on the webpage of the Ministry of Health and Social Protection (Spanish: el Ministerio de Salud y de Proteccion Social) in Colombia. This procedure lasts around ten days and can be made at
this link: https#/ www.datos.gov.co. Data from Chile and Uruguay included in this study was part of the SABE - Survey on Health, Wellbeing, and Aging in Latin America and the Caribbean, 200 (ICPSR 35 46). Data from this
study is publicly available after including researchers' information in this link: https#/ www.icpsr.umich.edu/'wel/ NACDA studies/35 46/ versions/V1. Data from Costa Rica included in this study was taken from the Costa
Rican Longevity and Healthy Aging Study (CRELES). Data from this study is publicly available after introducing researchers' information in this link: http#/ creles-download.demog.berkeley.edu/CRdata.pl.

Data from the National Aging Survey of China (China Health and Retirement Longitudinal Study (CHARLS)) can be accessed after researchers' registration at this link: https#/charls.pku.edu.c/er/.

Access to raw data from all databases described in this section can last around ten days.

The raw data generated in this study are also available for download at https#/github.conm’ A-BrainLat-team/Heterogeneous-risk-factors-LAC. All authors had access to the raw data. All software used in this study and its
versions are specified on the condae nv.yml file on the GitHub repository.




Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender In this study we have included sex and gender of participants in our plan of analyses.

Population characteristics We ran two types of analyses. First, we implemented cross-sectional analyses in N=31,680 older adults (above of 60 years-
old; female= 16,074; mean age=70.81, SD=8.22). Participants were recruited from the National Surveys on Health, Well-
Being, and Aging performed in four LACs: Chile (2016, N=1,301; females=689; mean age=71.83 SD= 8,29), Uruguay (2011, N=
1,450; females=798; mean age=70.75 SD= 7,40), Ecuador (2012, N=5,235; females= 1,530; mean age= 70.09, SD= 7.82), and
Colombia (2015, N=23,694; females=1,357; mean age=70.79 SD= 8.26).
In a second group of analyses, we implemented longitudinal analyses using data from the Longitudinal National aging study
of Costa Rica, (Costa Rican Study on Longevity and Healthy Aging (CRELES), N=5,694, mean age=59.5, SD=3.2). Moreover, as
control information, we also analyzed National Aging longitudinal information from China (assessing data of the China Health
and Retirement Longitudinal Study (CHARLS), N=3,546, mean age=81,2, SD=10,1).
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Recruitment Participants were selected following a probabilistic, clustered, stratified, and multistage design in each country. We only
included individuals with no diagnosis of dementia, as assessed during an initial screening. Databases of national surveys
from all countries are open and were obtained following the established procedures for each country.

Ethics oversight The Institutional Review Boards of Universidad Javeriana, Bogota, Colombia (code FM773-2021) reviewed and approved the
current study.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.
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For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

N This study combine cross-sectional and longitudinal approaches and machine learning techniques on quantitative data taken from
Study description National Aging Surveys from four South American countries (Colombia, Ecuador, Chile, Uruguay), one Center American country
(Costa Rica) and one Asian Country (China)

The study included older individuals (above 60 years old, n=44,394 participants, females= 19,074; mean age=70.81, SD=8.22)

Research sample randomly recruited from four South American countries (Colombia, Ecuador, Chile, Uruguay), one Center American country (Costa
Rica), and one Asian Country (China). All datasets from the National Aging surveys from Latin American countries, in cross-sectional and
longitudinal analyses, included representative samples from each country.

S i Individuals were included in this studY]foIIowing a probabilistic, clustered, stratified, and multistage approach implemented in the
ampling strategy National Survey of Aging study in each country. No statistical method was used to predetermine sample size, considering we used the
complete database of the National Aging surveys from different Latin American countries.

Data collection Data were collected using paper-pencil formats and REDCAP platforms following specific procedures in each country. The researchers
were blinded to experimental condition and/or the study hypothesis during data collection.

Timing In general the start date of data collection was between 1999 and 2000 and the stop date was 2016. Moreover, data were collected
differently in each country. In Colombia, data were recruited between 2014 to 2015, and in Ecuador, Chile, and Uruguay, data were
collected between 1999 and 2000. Data from Costa Rica were collected in 2012, and 2016. Data from China was collected in 2014, and
2016.

Data exclusions All variables used in the analyses of this study had complete values in at least 80% of cases. Thus, we ran our analyses in a sample of 37,
259 participants from 44,394 individuals.

Non-participation \é\éil’?gl)yuis}[s;;ssed information of individuals who participated and finished all questions and requirements from the National Surveys of

Participants were not allocated in experimental groups.
As part of the machine learning techniques we implemented, the models used in this work follow standard random training-test

Randomization
procedures.
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Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
[] Antibodies X I:l ChiIP-seq
[] Eukaryotic cell lines X|[] Flow cytometry
|:| Palaeontology and archaeology |Z |:| MRI-based neuroimaging

|:| Animals and other organisms
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Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration | Provide the trial registration number from ClinicalTrials.gov or an equivalent agency.
Study protocol Note where the full trial protocol can be accessed OR if not available, explain why.
Data collection Describe the settings and locales of data collection, noting the time periods of recruitment and data collection.

Qutcomes Describe how you pre-defined primary and secondary outcome measures and how you assessed these measures.
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