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Factors associated with healthy aging in 
Latin American populations

Hernando Santamaria-Garcia    1,2,3,15  , Agustín Sainz-Ballesteros4,15, 
Hernán Hernandez4,5, Sebastian Moguilner1,4,6,7, Marcelo Maito4, 
Carolina Ochoa-Rosales4, Michael Corley8, Victor Valcour1,9, 
J. Jaime Miranda    10,11,12,13, Brian Lawlor1,14 & Agustin Ibanez    1,4,6,14 

Latin American populations may present patterns of sociodemographic, 
ethnic and cultural diversity that can defy current universal models of 
healthy aging. The potential combination of risk factors that influence 
aging across populations in Latin American and Caribbean (LAC) countries 
is unknown. 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 (β > 0.3), mental health (β > 0.6) and 
cardiometabolic risks (β > 0.22), significantly influenced healthy aging more 
than age and sex (with null or smaller effects: β < 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), and in an upper-income to middle-income LAC country, 
Costa Rica, compared to China, a non-upper-income to middle-income 
LAC country (longitudinal comparisons). These inequity-associated and 
region-specific patterns inform national risk assessments of healthy aging in 
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 conducted in 
high-income settings within the United States and Europe, neglecting 
diverse populations and the specific combination of risk factors seen in 
Latin American and Caribbean (LAC) countries. Despite the urgent need 
to assess regional diversity and deliver tailored evidence for diverse 
populations1–4, 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. In addition, the 
current prevalence of dementia in LAC countries is estimated at 8.5% 
and is projected to be 19.33% by 2050, representing an increase of 220% 
approximately5. Such prevalence is higher compared to other regions5, 
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)5,6. 
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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 important in healthy aging 
across LACs compared to data reported in previous studies from HICs. 
We also expected country-level differences in healthy aging risk factors 
in LAC countries according to their income categories.

Results
Using a data-driven approach based on machine learning 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 
different levels of socioeconomic development (Fig. 1b). As a first step, 
a multimethod approach (Fig. 1f) comprising linear regression, elastic 
net, least absolute shrinkage and selection operator (LASSO), and ridge 
regression was implemented 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 Data Fig. 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 Costa Rica (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 (R2, Cohen’s F2, mean square 
error (MSE), root mean square error (RMSE)) and a high coherence in 
the weight and ranking of risk factors (by using β estimates) of healthy 
aging in all countries (Fig. 1k).

A model assessing the risk factors of cognition from all LAC coun-
tries was significant (F1, 28,109 = 565.61, P < 0.0001, R2 = 0.22 ± 0.026, 
F2 = 0.28, MSE = 4.94, RMSE = 2.42) (Fig. 2a). The most important risk 
factors in order of relevance were: mental health symptoms (β = 0.71, 
P < 0.0001), country (β = −0.37, P < 0.01), physical activity (β = −0.3, 
P < 0.0001), education (β = 0.3, P < 0.0001), isolation (β = 0.25, 
P < 0.0001), age (β = −0.13, P < 0.0001) and SES (β = 0.13, P < 0.0001). 
Moreover, alcohol consumption (β = −0.11, P < 0.01) and smoking (life-
style, β = −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  
(F1, 27,991 = 866.71, P < 0,00001; R2 = 0.3 ± 0.026, F2 = 0.43, MSE = 2.42, 
RMSE = 1.56). In order of importance, the most relevant risk factors 

Previous studies in high-income countries (HICs)1,7 that capture risk 
factors of healthy and pathological brain aging were not accurate for 
low-income and middle-income countries (LMICs) or LAC countries1,6. 
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 health8. Cognition involves multi-
ple domains (that is, attention, problem-solving, learning and memory, 
among others), while functional ability encompasses personal activi-
ties of daily living (ADLs) and higher-order instrumental skills8.

Several factors have been associated with healthy or unhealthy aging 
outcomes in previous studies3,9. These include demographic factors such 
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 
Care3. Although multiple factors contribute to healthy and pathologi-
cal aging in HICs, less-modifiable factors, such as age10–12 and sex13,14, are 
considered top contributors to pathological aging10–12. Healthy aging in 
HICs is also influenced by modifiable factors such as cardiometabolic 
factors, mental health symptoms and lifestyle factors5,15. The relative 
importance of mentioned risk factors may be different and hetero
genous in countries with increased social and health disparities such as  
LAC countries3,16. Compared to HICs, in LAC countries converging  
multiple factors were associated with pathological aging, including a sub-
stantial contribution of SDH17, a higher prevalence of cardiometabolic 
factors18, mental health symptoms19 and barriers to healthy lifestyle20,21.

Previous evidence in healthy aging in LAC countries identified 
multiple gaps1,22–25, 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 
between risk factors and healthy aging outcomes. Moreover, emerging 
evidence suggests that models of risk do not always generalize from 
HICs to LMICs1. Other research gaps in the region include 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 

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 
selection in the cross-sectional (n = 31,680 participants) and longitudinal 
(n = 9,258 participants) studies (total n = 40,938 participants). c, 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 (R2, Cohen’s F2, 
MSE and RMSE) and a high coherence in the weight and ranking of risk factors 
of healthy aging (β estimates). In k, 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.
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were: physical activity (β = −1.06, P < 0.0001), mental health symptoms 
(β = 0.73, P < 0.0001), isolation (β = −0.44, P < 0.0001), falls (β = 0.38, 
P < 0.0001), country (β = 0.33, P < 0.0001), heart disease (β = 0.29, 

P < 0.0001), diabetes (β = 0.22, P < 0,0001), sex (β = 0.13, P < 0.0001), 
education (β = 0.11, P < 0.001), alcohol consumption (β = 0.11, 
P < 0.0001), smoking (β = −0.1, P < 0.001), hypertension (β = 0.09, 

a  General design

d  Healthy aging risk factors

f  Multimethod analysis g  Multicollinearity

i  Ridge regressorh  Bayesian optimization
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P < 0.001), age (β = −0.09, P < 0.0001) and SES (β = 0.01, P < 0.01; Table 2  
and Fig. 2b).

Stratification according to country income level
For LA-LMICs, the model predicting cognition was significant (F1, 25,769 =  
535.21, P < 0.00001; R2 = 0.23 ± 0.0145, F2 = 0.29, MSE = 5.03, 
RMSE = 2.24). The most relevant risk factors in the model were: mental 
health symptoms (β = 0.73, P < 0.0001), isolation (β = 0.46, P < 0.0001), 
country (β = 0.43, P < 0.0001), physical activity (β = −0.32, P < 0.0001), 
education (β = 0.30, P < 0.0001), falls (β = 0.2, P < 0.0001), SES (β = 0.13, 

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

For LA-HICs, the model predicting cognition was also significant 
(F1, 2,340 = 28.82, P < 0.00001; R2 = 0.15 ± 0.0672, F2 = 0.17, MSE = 3.49, 
RMSE = 1.87) (Fig. 2a). The most relevant risk factors included: country 
(β = 0.81, P < 0.0001), mental health symptoms (β = 0.34, P < 0.001), 
physical activity (β = −0.23, P < 0.05), isolation (β = 0.22, P < 0.05), 
falls (β = 0.21, P < 0.05), SES (β = 0.19, P < 0.0001), education (β = 0.18, 
P < 0.05), sex (β = 0.18, P < 0.05), alcohol consumption (β = 0.08, 
P < 0.05) and age (β = −0.08, P < 0.0001).
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Fig. 2 | Cross-sectional results of cognition and functional ability in Latin 
America. a,b, Results for cognition (a) and functional ability (b) for each country, 
all collapsed countries, as well as LA-HICs (Chile and Uruguay) and LA-LMICs 
(Ecuador and Colombia). The R2, Cohen’s F2, MSE and RMSE are reported for each 
model. The feature importance and their statistical significance are also provided 

for each model. β 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 P value of a Student’s t-statistic was calculated for the β values of the 
regression. *P < 0.05; **P < 0.01. No asterisk means not significant.
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We compared the weight of each risk factor of cognition in the 
models of LA-LMICs and LA-HICs based on the effect sizes (F2). 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 
neither in LA-LMICs nor in LA-HICs (Table 2 and Fig. 2a).

The model predicting functional ability was significant for 
LA-LMICs (F1, 25,807 = 974.02, P < 0.00001; R2 = 0.35 ± 0.024, F2 = 0.53, 
MSE = 2.23, RMSE = 1.50). The most relevant risk factors were: country 
(β = 1.46, P < 0.0001), physical activity (β = −1.13, P < 0.0001), mental 
health symptoms (β = 0.69, P < 0.0001), falls (β = 0.36, P < 0.0001), 
isolation (β = 0.3, P < 0.0001), SES (β = 0.27, P < 0.0001), heart dis-
ease (β = 0.27, P < 0.0001), diabetes (β = 0.22, P < 0.01), sex (β = 0.16, 
P < 0.0001), hypertension (β = 0.11, P < 0.0001), alcohol consumption 
(β = 0.11, P < 0.0001), age (β = −0.09, P < 0.0001), education (β = −0.08, 
P < 0.001), smoking status (β = −0.07, P < 0.001) and SES (β = 0.04, 
P < 0.0001).

The model also achieved significance in predicting functional abil-
ity for LA-HICs (F1, 2,340 = 44.85, P < 0.00001; R2 = 0.22 ± 0.061, F2 = 0.29, 
MSE = 3.13, RMSE = 1.77) (Fig. 2b). The most relevant risk factors were 
physical activity (lifestyle, β = 0.87, P < 0.0001), mental health symp-
toms (β = 0.55, P < 0.0001), falls (β = 0.52, P < 0.0001), country (β = 0.49, 
P < 0.0001), heart disease (β = 0.37, P < 0.0001), diabetes (β = 0.33, 
P < 0.01), SES (β = 0.27, P < 0.0001), isolation (β = 0.24, P < 0.05), hyper-
tension (β = 0.18, P < 0.05), alcohol consumption (β = 0.15, P < 0.001) 
and age (β = −0.08, P < 0.0001).

When comparing the weight of each risk factor of functionality in 
LA-LMICs and LA-HICs using effect sizes (F2), 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 
with regional analysis, the more relevant risk factors of cognition were 
mental health symptoms, SDH, physical activity and education. In 
LA-LMICs (Colombia and Ecuador), age was also a significant 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 
a larger combination of mental health symptoms, SDH, lifestyle and 
cardiometabolic factors. While in LA-LMICs (Colombia and Ecuador), 
mental health symptoms, physical activity, SES and isolation had the 
highest scores to predict functional ability, in LA-HICs cardiometabolic 
factors, age and sex had a more relevant role (Extended Data Table 3).

Longitudinal comparisons between Costa Rica and China
The most relevant risk factors of cognition and functional ability were 
investigated using longitudinal data taken from national surveys from 
Costa Rica; those results were compared with longitudinal data taken 
from a non-LA-UMIC (China). To this end, we derived the risk factors 
from the 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 (F1, 5,694 = 3.95, P < 0.00001; R2 = 0.14 ± 0.03, 
F2 = 0.15, MSE = 1.51 and RMSE = 1.22). The model assessing cognition 
for China also reached significant values (F1, 3,112 = 22.78, P < 0.00001; 
R2 = 0.21 ± 0.03, F2 = 0.23, MSE = 15.50 and RMSE = 3.95). For Costa 
Rica, the most relevant risk factors included education (β = 0.51, 
P < 0.00001), sex (β = 0.33, P < 0.00001), mental health symptoms 
(β = 0.18, P < 0.001) and age (β = 0.02, P < 0.0001). For China, the 
most relevant risk factors were mental health symptoms (β = −0.85, 
P < 0.00001), sex (β = 0.78, P < 0.00001), physical activity (β = 0.77, 
P < 0.00001) and age (β = 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 
that education 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 Rica reached significant values (F1, 5,694 = 5.67, 
P < 0.00001; R2 = 0.14 ± 0.0222, F2 = 0.16, MSE = 2.08 and RMSE = 1.44). 

Table 1 | Demographic and healthy aging information across studies

Country Sex Age Education Cognition (MMSE)a 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

Chile
Female 855 72.13 8.3 1.09 0.38 11.69 3.1 6.93 2.42

Male 446 70.51 7.4 1.18 0.56 12.11 2.69 7.83 2.11

Uruguay
Female 920 71.07 7.64 1.15 0.47 12.95 1.53 7.75 1.81

Male 530 70.72 6.81 1.27 0.64 12.98 1.17 8.04 1.54

Colombia
Female 13,582 70.8 8.26 1.08 0.36 11.82 2.74 8.01 1.84

Male 10,112 70.84 8.12 1.12 0.44 11.94 2.53 8.4 1.65

Ecuador
Female 2,767 71.48 8.72 1.08 0.38 11.44 2.35 6.58 2.3

Male 2,468 71.3 8.45 1.14 0.51 11.76 2.21 7.31 2.2

Demographic and general information of the longitudinal analyses

Costa Rica
Female 1109 59.5 3.1 1.5 0.7 10.9 1.2 8.03 1.3

Male 642 59.5 3.2 1.5 0.7 10.6 1.3 8.33 1.2

China
Female 2194 83.1 10.6 1.0 0.2 10.0 4.4 7.6 2.9

Male 2093 79.8 9.2 1.2 0.4 11.4 3.7 8.5 2.5

MMSE, Mini-Mental State Examination. aFor the longititudinal analyses, the cognition and funtional ability relate to wave 2.
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The model predicting functional ability for China also was significant 
(F1, 3,563 = 28.7, P < 0.00001; R2 = 0.24 ± 0.032, F2 = 0.31, MSE = 6.30 and 
RMSE = 2.51). The most relevant risk factors of functional ability for 
Costa Rica were heart disease (β = 0.84, P < 0.00001), mental health 
symptoms (β = 0.67, P < 0.00001), hypertension (β = 0.42, P < 0.00001), 
diabetes (β = 0.35, P < 0.00001), education (β = 0.27, P < 0.00001), 
physical activity (β = 0.27, P < 0.00001), sex (β = 0.17, P < 0.0001), alco-
hol consumption (β = 0.15, P < 0.0001) and age (β = 0.01, P < 0.00001). 
For China, the critical risk factors were physical activity (β = 0.065, 
P < 0.0001), sex (β = 0.52, P < 0.00001), diabetes (B = 0.46, P < 0.0001), 
mental health symptoms (β = 0.44, P < 0.0001), heart disease (β = 0.32, 
P < 0.0001), hypertension (β = 0.32, P < 0.0001) and age (β = 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 β estimates of each significant risk 

factor (Fig. 3a,b, bottom). Those analyses showed higher predictive 
scores for education, hypertension, heart disease and mental health 
symptoms in Costa Rica than in 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 a reduced number of outlier values while favoring 

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

β estimates t P β estimates 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 –

SDH

Isolation 0.22 2.12 <0.05 0.46 11.13 <0.0001 LA-HICs < LA-LMICs P < 0.0001

SES 0.19 4.54 <0.0001 0.13 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

Health status

Diabetes 0.04 0.35 NS 0.01 0.4 NS –

Hypertension 0.0 0.06 NS 0 0.01 NS –

Heart disease −0.11 −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

Lifestyle

Physical activity −0.23 −2.41 <0.05 −0.32 −9.12 <0.0001 LA-HICs < LA-LMICs P < 0.0001

Alcohol consumption 0.08 2.1 <0.05 0.1 3.09 <0.01 –

Smoking status −0.11 −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 44.13 <0.0001 LA-HICs < LA-LMICs P < 0.0001

Demographics
Sex 0.13 1.46 NS 0.16 7.92 <0.0001 NS

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

SDH

SES 0.27 6.65 <0.0001 0.04 9.0 <0.0001 LA-HICs < LA-LMICs P < 0.0001

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

Health status

Diabetes 0.33 2.95 <0.01 0.22 8.71 <0.0001 LA-HICs < LA-LMICs P < 0.0001

Hypertension 0.18 2.35 <0.01 0.11 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 5.75 <0.0001 0.69 22.01 <0.0001 LA-HICs < LA-LMICs P < 0.05

Lifestyle

Physical activity −0.87 −8.93 <0.0001 −1.13 −48.55 <0.0001 LA-HICs < LA-LMICs P < 0.0001

Alcohol consumption 0.15 3.7 <0.001 0.11 5.19 <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 β estimates of the regression.

http://www.nature.com/naturemedicine


Nature Medicine

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

data interpretation26. We implemented this procedure to maintain the 
same number of variables to compare models between Costa Rica and 
China. The results were consistent after running regression models 
for both cognition and functional ability with the imputation method 
(Extended Data Table 4).

We also performed complementary analyses to determine the inde-
pendent associations between specific risk factors (sex, age, mental  
health status, lifestyle, health status, including cardiometabolic factors,  
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. In line 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-
ated in LA-LMICs compared to LA-HICs. The longitudinal study yielded 
similar results by comparing an LA-UMIC (Costa Rica) and a non-LA-UMIC 

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

β estimates t P β estimates t P

Demographics

Intercept 12.01 7.53 NS 24.07 10.32 NS

Age 0.024 8.61 <0.0001 0.19 80.10 <0.00001

Sex 0.33 2.66 <0.01 0.78 2.66 <0.0001

SDH

Education 0.51 7.14 <0.00001 0.26 0.85 NS

SES 0 0 NS 0.01 0.38 NS

Isolation 0.19 0.95 NS 0.44 0.90 NS

Health status

Diabetes 0.12 0.85 NS 0.14 0.23 NS

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 0.16 2.10 <0.05 0.85 2.19 <0.05

Lifestyle

Physical activity 0.03 0.30 NS 0.77 2.73 <0.01

Alcohol consumption 0.07 0.77 NS 0.10 0.33 NS

Smoking status 0.07 0.59 NS 0.13 0.42 NS

Ten iterations of results were conducted to obtain ten β 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

β estimates t P β estimates t P

Demographics

Intercept 11.79 1.92 NS 16.12 2.01 NS

Age 0.01 4.90 <0.00001 0.13 9.29 <0.00001

Sex 0.17 1.09 <0.05 0.52 3.02 <0.0001

SDH

Education 0.27 3.01 <0.0001 0.15 0.82 NS

SES 0 0 NS 0.08 0.45 NS

Isolation 0.06 0.23 NS 0.13 0.46 NS

Health status

Diabetes 0.34 1.94 <0.0001 0.46 1.31 <0.01

Hypertension 0.42 3.08 <0.00001 0.32 1.88 <0.0001

Heart disease 0.84 2.16 <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 1.91 <0.00001

Lifestyle

Physical activity 0.28 1.87 <0.0001 0.65 3.96 <0.00001

Alcohol consumption 0.13 1.12 <0.05 0.17 1.00 NS

Smoking status 0.04 0.32 NS 0.17 0.95 NS

Ten iterations of results were conducted to obtain ten β 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.
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(China) as social and health disparity factors reached a higher predictive 
role in Costa Rica than in China, and a more complex group of features 
determined functional ability in Costa Rica, in contrast to the classical 

demographic risk factors in China. Across all analyses, disparity-related 
social and health risk factors were more significantly associated with 
healthy aging than classical factors such as age and sex in LAC countries.
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Regarding cognition, SES is a relevant risk factor1,27 having a crucial 
role in this study. Cognition and low SES have been linked to specific 
SDH, such as social exclusion, isolation and reduced social interac-
tions28,29, which are more prevalent in LAC countries30, especially in 
older adults31. Mental health symptoms were identified as a top risk 
factor, probably due to their increased prevalence across LAC coun-
tries compared to other regions5,19,32–34. Cardiometabolic factors did 
not reach significant scores as reported previously18. 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 decline35. However, this null association could be better 
explained by complex interactions between risk factors in 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 factors15 could modify the model’s 
predictive role. Regardless, our results highlight a heterogeneous 
combination of risk factors impacting cognition36 associated with 
regional inequity and specificity.

Regarding functionality, our results confirm the role of physical 
activity in functional ability37, probably through reducing noncommu-
nicable diseases37. Mental health symptoms, which are highly prevalent 
in LAC countries5,19,32–34, may reduce autonomy and motivation for 
daily activities38. Falls also impacted functional ability39, which may 
be exacerbated in LAC countries by the barriers to accessing health 
and social support40. Although cardiometabolic factors are associated 
with functional ability41,42, this association was less pronounced than 
with other factors. Social isolation and SES41,43, usually accentuated in 
LAC countries41, 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 regions1,10–14,42. 
Although these factors were significant when analyzed independently,  
their effects diminished or disappeared when combined with other  
risk factors. In LAC countries, there is an increased presence of SDH17,31, 
an augmented prevalence of cardiometabolic factors18 and mental 
health symptoms5,19,32, and barriers to healthy lifestyles20,21. The com-
bination of these disparity-related risk factors in 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 
larger inequalities in the former9. Also, differences between Costa Rica 
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 data44 and incorporate sample 
validation processes, thereby providing a more reliable assessment 
of the model’s performance on unseen data than classical statistical 
models44. 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 variables45. Similarly, it can identify the top predic-
tors without assuming a priori theoretical rankings, which are usually 
required when classical statistical methods are applied44 (Extended 
Data Table 8).

There are limitations to our study. First, as in previous reports 
of SDH and cardiometabolic factors46, 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 in machine learning algorithms47. 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 procedures32,48,  
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 
Organization22,49 and the Alzheimer’s Association1,24, have called for 
the improvement of public health actions regarding healthy aging in 
LAC countries, initiatives are still limited, generic and poorly targeted 
to this region. The result of our study encourages public health lead-
ers to consider the complex interactions of multiple disparity-related 
factors4,15, 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 resources50 to favor social networks 
and healthy lifestyles, particularly stimulating physical activity. This 
comprehensive approach can be articulated with public health pro-
grams focused on reducing the risks associated with noncommunicable 
diseases, which are highly prevalent in 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 

Fig. 3 | Longitudinal risk factors of cognition and functional ability in an  
LA-UMIC (Costa Rica) and a non-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 
of the 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 (β estimates) of cognition 
and functional ability (n = 9,258). Ten iterations of the results were conducted 
to obtain ten β 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 × 10−2 ≤5.00 × 10−2; 
**P < 1.00 × 10−3 ≤ 1.00 × 10−2; ***P < 1.00 × 10−4 ≤ 1.00 × 10−3.
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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. The findings reveal risk factors according to region and country, 
strongly influenced by the greater inequalities that exist in 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)51; Uruguay 
(2011, n = 1,450; females = 798; mean age = 70.75 years, s.d. = 7.40)51; 
Ecuador (2012, n = 5,235; females = 1,530; mean age = 70.09 years, 
s.d. = 7.82)52; and Colombia (2015, n = 23,694; females = 1,357; mean 
age = 70.79 years, s.d. = 8.26)53. The interviews from all 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 from all countries are open and were obtained accord-
ing to 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). This survey includes two waves of information on the 
risk factors of aging (wave 1 = 2012, wave 2 = 2015–2016). Longitudinal 
information from a non-LA-UMIC in 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 (wave 1 = 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 
cognition and functional ability of wave 2. The final population from both 
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, Ecuador52, Uruguay51, 
Chile51, Costa Rica54 and China55). The instruments, harmonization and 
computational approaches of this study followed the same parameters 
as described 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. Demographics included 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 brain health50, 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. This included health factors previously associated with 
brain health such as cardiometabolic factors (hypertension, diabetes 
and cardiovascular risks) and falls.

Lifestyle. This included 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 procedures56,57, we used the abbreviated 
MMSE, which has 19 questions and items. A cutoff of 13 points was used 
in each survey to determine if the participant had cognitive decline57.

Functional ability. The Barthel index58 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 skills56. We analyzed information from a group of 
activities collected via participants’ interviews and harmonized across 
countries referring to daily living functioning. The scores were built in 
each database by computing a ratio of positive responses according 
to previous studies58. For a further description of specific questions 
to assess the risk factors and the healthy aging outcomes used in each 
country, see the Supplementary Information.

Data harmonization of variables across countries
We ran harmonization procedures59 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 object recalled; (3) the interviewer gives the 
individual a piece of paper to perform three actions. Performing each 
action correctly scores one point; the actions are: taking a piece of 
paper with the right hand, folding the paper in half with both hands and 
placing the paper on the lap; (4) the participant remembers the name 
of the previous three objects again. This question is scored the same as 
question 2; (5) participants copy a drawing. One point is scored if the 
drawing is done correctly. The final scale is 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 of imputation, 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 results60,61. 
For each model, we implemented a Bayesian optimization approach 
for hyperparameter tuning, with cross-validation = 3 and ten iterations, 
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-
zation in the previous step. Finally, we obtained the margins of errors,  
the β estimates and t-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 on the data. This solver reached 1,000 maximum iterations and 
an alpha of 0.0001; (2) singular value decomposition involving features 
vectors62. This approach had 10,000 maximum iterations 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 descent63, which uses a maximum 
number of iterations of 1,000,000; and (5) sparse_cg, a conjugate gra-
dient solver involving sag and saga that follows the stochastic average 
gradient descent process and an optimized version of this approach, 
respectively63 (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-
ers including (1) cyclic, which repeats features sequentially by default 
with a maximum 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 of 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 default64. This method imposes greater penalties on larger errors 
compared to smaller ones64.

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

minw||Xw − y||(2) + a||w||(2)

min[w]||Xw − y||22 + α||w||22

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 ɑ is the regularization parameter (also known as the ridge  
parameter), which controls the amount of shrinkage: the larger  
the value of ɑ, the greater the amount of shrinkage.

The parameters of ɑ used for our analyses are provided in Extended 
Data Table 8.

Ridge regression method. We assessed the correlation and collinearity 
between risk factors (as revealed by the variance inflation factor, scores 
above 5). Those analyses showed multicollinearity (Fig. 1g and Extended 
Data Table 1) 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 
it introduces a regularization term to penalize large coefficients, thus 
improving the model’s generalization64; (3) improve model stability 
because it shrinks the coefficients toward zero, effectively reducing 
the impact of noise or irrelevant features on the model’s predictions65; 
(4) improves model interpretability because it shrinks the coefficients, 
which helps interpret the importance of different risk factor variables 
selected based on previous theoretical accounts66; 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 factors67.

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

min(β)||Y − Xβ||2 + λ||β||2

where Y is the outcome variable, X is the matrix of the risk factor vari-
ables, β is the vector of the coefficients and λ is the regularization 
strength.

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

̂y = X(β) + ε, subject to||β||22 ≤ t

where ŷ represents the predicted outcome, X is the matrix of the  
risk factors, β is the vector of the coefficients, ε is the error term, ||β||22 
is the L2-norm of β (sum of squared coefficients) and t 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 
regression in conjunction with linear regression, elastic net and LASSO 
techniques. Linear regression was used to fit a 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, incorporating both L1 and L2 regularization68. 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 
interpretability68. 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 factors69.

Goodness-of-fit and weight of risk factor parameters. We used dif-
ferent parameters to assess the goodness of fit in the studies, including 
(1) F-statistic (F) for the regression coefficients of the models; (2) R2, 
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a measure of how close the data points correspond to the fitted line 
and as the coefficient of determination for the regression models; (3) 
Cohen’s F2 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) β estimates to assess 
the weight of a factor in a regression 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 the risk 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-
tors including 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 R², 
99% of confidence intervals, feature significance and β estimates. Each 
model considers the F value and the F2 values to assess the effect sizes 
(F2 ≥ 0.02, F2 ≥ 0.15 and F2 ≥ 0.35 representing small, medium and large 
effect sizes, respectively70).

Longitudinal analyses. The longitudinal evolution of outcomes  
(cognition and functional ability in two different moments for  
Costa Rica: wave 1 (2012) and wave 2 (2016); two for China: wave 1 (2011) 
and wave 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 the risk 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 
run using Python v.3.9.13.

Ethics and inclusion statement
This work involved a collaboration between scientists in multiple 
countries including 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-
ers residing 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 has been removed to preserve the privacy of individuals. 
Each country included in this study have retained ownership of all 
human material shared for research purposes.

We endorse the Nature Portfolio guidance on LMIC authorship and 
inclusion. Authorship was based on the intellectual contribution, com-
mitment and involvement of each researcher in this study. We included 
authors born in LMICs and other underrepresented countries in this 
study. This study holds local relevance for each investigated 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 
Bogotá, Colombia, approved all experimental protocols used in the 
analyses of this study (no. FM-773-2021).

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

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 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 
from the 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 Protección 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 from all databases 
described in this 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.yml file in the GitHub repository.

Code availability
All code for the data analysis associated with the manuscript is available 
for download from GitHub at https://github.com/AI-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 | See next page for caption.
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Extended Data Fig. 2 | Longitudinal results of factors associated with 
cognition and functional ability. Longitudinal predictors of cognition and 
functional ability. Predictors of each wave of cognition (MMSE scores, panel A) 
and functional ability (Barthel scores, panel B) are shown for the LA-UMIC (Costa 
Rica) and the Asian UMIC (China). All panels demonstrated the significance of 
the predictors assessed in the initial wave for the outcomes evaluated in each 

wave (wave 1 and wave 2). The risk factors were grouped into fivefold categories: 
demographics, social determinants of health, lifestyle, health status, mental 
health symptoms, and country. The features were ordered from most to least 
influential in the regression. The feature importance is represented by the radius 
of the circles and accentuated by the intensity of the color.
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Extended Data Table 1 | Collinearity test between factors associated with healthy aging
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Extended Data Table 2 | Ridge and elastic net regularization parameters in models used to assess factors associated with 
healthy aging
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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
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Extended Data Table 4 | Ridge regression models of risk factors of healthy aging in longitudinal analyses after 
implementing imputation methods
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Extended Data Table 5 | Ridge regression models of individual impact of each type of risk factor on healthy aging
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Extended Data Table 6 | Group comparisons of the magnitude of risk factors of cognition between Costa Rica and China
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Extended Data Table 7 | Comparisons of the magnitude of risk factors of functional ability between Costa Rica and China
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Extended Data Table 8 | Closed-form solution for ridge regressions
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