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Abstract  Global initiatives call for further under-
standing of the impact of inequity on aging across 
underserved populations. Previous research in low- 
and middle-income countries (LMICs) presents limi-
tations in assessing combined sources of inequity and 
outcomes (i.e., cognition and functionality). In this 
study, we assessed how social determinants of health 
(SDH), cardiometabolic factors (CMFs), and other 
medical/social factors predict cognition and func-
tionality in an aging Colombian population. We ran 

a cross-sectional study that combined theory- (struc-
tural equation models) and data-driven (machine 
learning) approaches in a population-based study 
(N = 23,694; M = 69.8 years) to assess the best predic-
tors of cognition and functionality. We found that a 
combination of SDH and CMF accurately predicted 
cognition and functionality, although SDH was the 
stronger predictor. Cognition was predicted with the 
highest accuracy by SDH, followed by demographics, 
CMF, and other factors. A combination of SDH, age, 
CMF, and additional physical/psychological factors 
were the best predictors of functional status. Results 
highlight the role of inequity in predicting brain 
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health and advancing solutions to reduce the cogni-
tive and functional decline in LMICs.

Keywords Social determinants of Health · 
Cardiometabolic factors · Cognition · Functionality · 
National Aging Population Survey

Introduction

Recent global initiatives call for further research on 
determinants that may be detrimental to brain health 
in aging populations, especially in low- and middle-
income countries (LMICs) [1]. By 2050, the proportion 
of people living with dementia will increase by around 
75% in western Europe and by around 200% in Colom-
bia and other countries in Latin America [2]. Although 
two thirds of individuals with dementia live in LMICs, 
few studies have systematically assessed these factors in 
those countries [2, 3]. The assessment of socioeconomic, 
physical, and mental health determinants on cognitive 
and functional capacity in aging populations in LMICs is 
critical to better understand the role of inequity on brain 
aging and to support mitigation strategies [4].

Brain health and aging are shaped by social deter-
minants of health (SDH)—physical, medical, and 

nutritional factors associated with inequity [5]. Neg-
ative SDH factors that could increase brain health 
risks include poor social and economic resources 
(9), reduced social participation factors [6], limited 
social access [7], and exposure to social adversi-
ties [8, 9]. Brain aging inequities are also impacted 
by cardiometabolic risk factors (CMF) such as car-
diovascular diseases, obesity, and diabetes [10, 11]. 
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The increased cardiometabolic risk in LMICs (in 
comparison with high-income countries, HICs) has 
been associated with increased dementia rates [10, 
12–14]. Many risk factors related to SDH and CMF 
have been shown to account for 40% of demen-
tia prevalence in HICs [12], but this percentage 
increases to 56% across LMICs [14]. Thus, SDH and 
CMF are critical for characterizing aging in terms of 
cognitive and functional levels across LMICs.

Previous research on health disparities conducted 
in LMICs, however, presents several caveats. Most 
studies in LMICs do not investigate combined and 
exhaustive sources of inequity (i.e., multiple SDH and 
CMF) in predicting both cognition and functionality 
in normal aging. Studies of LMICs have only reported 
independent associations between SDH and cogni-
tion [15] and between CMF and cognition [10, 16], 
precluding their joint assessment which is needed to 
understand the interplay of social and individual-level 
medical factors. Additionally, most of these studies 
have only assessed patients with dementia, underes-
timating the study of normal aging. Although some 
studies have found associations between chronic con-
ditions and functional status in LMICs [17, 18], no 
such study in LMICs has systematically assessed the 
simultaneous impact of different inequity signatures 
on functional capacity. Importantly, to the best of our 
knowledge, no population-based study has concur-
rently evaluated combined sources of inequity (and 
their potential interactions) to determine brain health 
outcomes in terms of cognition and functionality in 
LMIC settings.

The current study aimed to bridge these gaps 
by assessing the impact of inequity signatures 
(indexed by demographics, SDH, and CMF) and 
how they interact to predict brain health outcomes 
in an underserved LMIC-Colombia (Fig. 1). In par-
ticular, we assessed two relevant markers of brain 
health, cognitive performance and functional capac-
ity (involving different capacities including instru-
mental activities skills and functional mobility [19, 
20]).

Colombia could be considered a suitable LMIC 
for the present research question. First, it exhibits a 
high level of social inequality. Data on the degree of 
inequality in wealth distribution as measured by the 
Gini coefficient reached 50.4, ranking Colombia in 
the 15th place across the world in 2015 by the World 
Bank) [21]. Second, Colombia exhibits high rates 

of social adversities related to extreme violence and 
forced displacement [22]. Additionally, the country 
also presents a high burden of chronic non-communi-
cable diseases and CMF [23].

We analyzed a sample of 23,694 individuals (mean 
age = 69.8  years, SD = 7.9  years) collected from dif-
ferent regions (Central, Pacific, Amazonian, Atlantic, 
and Bogotá) in the 2015 Colombian National Survey 
on Health, Well-Being, and Aging (in Spanish SABE: 
Salud, Bienestar & Envejecimiento, 2015) [24]. We 
combined two different approaches, including theory-
driven (multigroup-structural equation modeling) and 
data-driven (machine learning) methods, to accurately 
identify the determinants of cognition and functionality.

First, theory-driven methods aimed to assess the 
extent to which a conceptual set of direct and con-
ceptually based measures (latent predictors based 
on multiple measurable SDH and CMF) can trace 
complex interactions and predict cognition and 
functional status. Structural equation modeling 
allows for detection of causal associations between 
different variables, including direct measures and 
grouped variables (also named latent variables) 
and outcomes. It operates as a regression model 
that examines causal relationships among multiple 
variables while controlling the measurement error 
[25, 26]. Second, data-driven approaches (machine 
learning procedures based on an XGBoost classifier 
[27]) were employed to assess the weight of each 
factor in predicting cognition and functional sta-
tus. Machine learning helped test the significance 
of multiple variables associated with brain health 
outcomes. Machine learning methods treat all fac-
tors equally; each is assigned the same weight as 
a potential predictor. This avoids the stratification 
of factors based on a priori theoretical hierarchies 
[28–30]. Moreover, machine learning approaches 
adequately assess data multidimensionally and 
identify interactions between potential predictors 
of an outcome [28–30]. Previous studies suggested 
complex interactions between demographics, SDH, 
lifestyle habits, and medical outcomes. Relatedly, 
increased medical risks and poor lifestyle habits are 
observed in individuals with fewer social resources 
and negative SDH [25, 31]. Considering this sce-
nario, we complemented theory-driven approaches 
in our study by including machine learning pro-
cedures that help to address complex interactions 
between factors and brain health outcomes.
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Previous studies have assessed potential predictors of 
brain health outcomes in Colombia and other LMICs (see 
Supplementary Information S1 and Table S1 for a review 
of studies evaluating predictors of cognition and function-
ality). Most of those studies involve national surveys of 
aging [32–35]. In terms of outcomes, cognition is usually 
reported with the MMSE [32, 33, 36–39] (although a few 
used combined tasks [34, 40]). Regarding functionality, 
most studies included scales assessing daily life activities, 
such as the Lawton and Brody scale [41–43]. Considering 
the predictors, a large set of studies has focused on risk 
factors, including motor [38] and muscular functioning 
[32], education [41] or medical conditions [18]. Beyond 
these large sets of studies of aging in Colombia and 
LMIC, multiple questions remain unanswered.

According to the Lancet Commission for the 
Dementia prevention, intervention, and care: 2020 
report [12], the top critical potential factors associ-
ated with brain health include demographic factors 
(sex, age, education), lifestyle factors (smoking, alco-
hol consumption), medical conditions (hypertension, 
diabetes, obesity, perception skills, mental health), 
and SDH (income, isolation, health access) [12, 44, 
45]. Most studies assessing predictors of cognition 
and functionality, including those studies using 10/66 
survey [44, 46], have found different predictor rank-
ings across countries. Moreover, those studies did not 
combine analyses assessing different brain health out-
comes. Five dementia risk factors were more preva-
lent in these LMICs than in worldwide estimates: less 

Fig. 1  Study design, methodology, and analyses. A The gen-
eral structure of the Colombian Survey on Health, Well-Being, 
and Aging (SHWA). The top left panel depicts the Colombian 
regions (Central, Pacific, Amazonian, Atlantic, and Bogota 
regions) where data were collected to complete 23,694 individ-
uals. The middle panel in A shows the different types of fac-
tors assessed in the study. The predictors included in the the-
ory-driven approach (DG, SDH, and CMF) are detained in the 
red boxes. Moreover, additional health variables factors were 
assessed in the data-driven approach (blue boxes). The top 

right panel in A shows the two outcomes assessed in this study 
(cognitive and functionality levels). B A simplified model of 
the theory-driven approach using the multigroup structural 
equation modelling procedure. C The machine learning proce-
dures used in the data-driven analyses. These analyses involve 
the implementation of a XGBoost procedure and progressive 
feature elimination procedure. DG, socio-demographic condi-
tions; SDH, social determinants of health; CMF, cardiometa-
bolic factors; MH, mental health factors; PF, physical function-
ing; LF, lifestyle factors
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childhood education, smoking, hypertension, obesity, 
and diabetes [44–47].

In Colombia, previous studies have reported this 
SABE survey [22, 33, 39, 48] and considered cogni-
tion (measured with MMSE [18, 33, 39, 49]) and 
functionality (measured with Lawton and Brody and 
Barthel [50–52]). However, those studies assessed the 
relation between one single risk factor and cognition 
or functionality [18, 32, 33, 38, 52]. Also, they found 
independent associations between CMF and cognition 
and functionality [18], SDH, demographics, and cog-
nition [39] and associations between motor [38] and 
muscle functioning [32] and cognition [33]. To the 
best of our knowledge, no single study has simultane-
ously investigated the associations between multiple 
potential determinants and cognition and functional-
ity in Colombia. Our study adds to previous evidence 
a systematic analysis of multiple combined factors 
potentially associated with cognition and functionality 
using a novel combination of theory- and data-driven 
approaches. Moreover, our study contributes with dif-
ferent methodological approaches to understand the 
how various related factors interact with each other to 
predict cognition and functionality, avoiding analyses 
of associations between isolated factors and outcomes.

We hypothesized that aside from classical demo-
graphic factors (i.e., age, sex, and education level), 
the SDH and CMF would successfully predict cog-
nition and functional status. We expected partially 
convergent results between theory- and data-driven 
approaches. Theory-driven analyses may show signifi-
cant complex interactions between integrated concep-
tual constructs of demographics, SDH, and CMF in 
predicting cognition and functional capacity. Moreo-
ver, considering the increased social inequalities in the 
population being studied, we hypothesized that SDH 
would have a more considerable weight in determin-
ing cognition and functional capacity than CMF and 
other related physical/mental health factors. We antici-
pated that those effects should be consistently revealed 
by both theory- and data-driven analyses.

Methods

Study design Cross-sectional national study.

Setting We conducted a data analysis of a cross-
sectional database from the Colombian Survey on 

Health, Well-Being, and Aging [24]. This is the first 
population-based cross-sectional national study on 
community-dwelling older adults’ health, aging, and 
well-being. Participants were selected following a 
probabilistic, clustered, stratified, and multistage 
design. All interviews were performed face-to-face, 
between April and September 2015.

Participants

The sample included four selection stages: (1) the 
identification of municipalities as primary sam-
pling units, (2) randomized selection of area seg-
ments (i.e., blocks) within primary sampling units, 
(3) choice of housing units within the secondary 
sampling units, and (4) randomized selection of 
the household units from the list taken in the third 
procedure. This survey followed the general frame-
work of the Colombian national surveys system 
of the Ministry of science of Colombia. The ini-
tial estimated sample size was 24,553 individuals, 
assuming an 80% of responses from a target sam-
ple (N = 30,691 individuals). Response proportion 
ranged from 62% in urban areas to 77% in rural 
sites. All interviews were performed face to face. 
The final sample size, including 244 rural and 
urban municipalities across all departments (i.e., 
states) of the country, comprised 23.694 elderly 
Colombians representative of the total population. 
Participants were included if they were 60 + years 
of age, were capable of communicating with the 
research team, and provided written informed con-
sent. Individuals with low scores in the MMSE 
(below 13 points) were excluded at the beginning 
of the interview and followed a proxy interview 
(supported by caregivers), as those scores were 
considered indicative of inability to complete the 
study procedures. The percentage of interviews 
applied to proxies was 17.5%. In this study, we 
only included individuals able to complete the 
total number of screening questions.

This study was approved (code 2013–764) by 
the Colombian ministry of science and the Min-
istry of Health and Social Protection. The Institu-
tional Review Boards of Universidad de los Andes, 
Bogotá, Colombia (code ID 1114/2019) and Univer‑
sidad Javeriana, Bogotá, Colombia (code FM773-
2021) also reviewed and approved the current study.



 GeroScience

1 3
Vol:. (1234567890)

Independent variables

Demographic factors Age, sex, and years of edu-
cation (for a further description, see Supplementary 
Information S2 and Fig. 1A).

Social determinants of health (SDH) As defined by 
the World Health Organization, the SDH involve con-
ditions in which people are born, work, live, and age, 
and the broader set of forces and systems shaping the 
needs of daily life [5, 53]. SDH can be characterized by 
different domains including socio-economic resources, 
social adversities, social participation and social con-
text factors associated with pathological aging [53] 
(Supplementary Information S3 and Fig. 1A).

‑  Socio‑economic resources This domain included 
(a) salary in monthly income, (b) housing type, (c) hous-
ing’s floor, (d) housing services, (e) lifetime occupation, 
(f) pension plan, (g) institutional health support, and (h) 
medication access (Supplementary Information S3).

‑ Social adversities This domain considered (a) forced 
displacement by conflict or violence, (b) age of first dis-
placement, (c) perceived discrimination experiences, (d) 
physical assaults, (e) violence experience, and (f) social 
isolation (Supplementary Information S3).

‑ Social participation Four measures were reported, 
including (a) social group membership, (b) participa-
tion in social groups, (c) social volunteering activities, 
and (d) religiosity (Supplementary Information S3).

‑  Complementary social‑context factors 
(CSCF) This domain is comprised by (a) civil sta-
tus, (b) living conditions, (c) area of residence, (d) race 
group identity, and (e) ethnic group identity.

Cardiometabolic factors (CMF) This domain 
encompassed a self-report assessment of diabetes and 
cardiovascular risk. In addition, body mass index (BMI) 
was obtained by dividing the weight by the square of 
height, expressed in units of kg/m2 (Supplementary 
Information S4).

Physical and mental health conditions (PMHC) We 
included the following complementary variables associ-
ated with SDH and CMF that impact aging trajectories 
for the data-driven approach.

‑  Medical conditions This domain includes dif-
ferent measures associated with dementia [54–56], 
including (a) auditory exam, (b) vision exam, (c) self-
report of physical symptoms in the last 30 days, (d) 
self-report of medical conditions in the last 15 days, 
and (e) history of fall(s) (Supplementary Information 
S4).

‑  Lifestyle factors This domain included four pri-
mary measures previously associated with dementia 
risk [12] and CMF: (a) smoking, (b) alcohol con-
sumption, (c) nutritional state, and (d) nutritional sup-
port (Supplementary Information S4).

‑ Mental health factors This domain included five 
different measures previously associated with patho-
logical aging and SDH [57]: (a) presence or absence 
of depressive symptoms, (b) history of mental disor-
ders, (c) self-perception of aging, (d) fear of falling, 
and (e) sexual activity valuation (Supplementary 
Information S4).

Grip strength Participants’ grip strength was included 
as it is a critical variable associated with frailty, func-
tional status, and adverse outcomes in older adults [20, 
58]. Grip strength was assessed using the average of 
two Takey hydraulic dynamometers (the Smedley Hand 
Dynamometer III) attempts, and we considered the 
stronger hand category measure for analyses [58] (Sup-
plementary Information S5).

Outcome variables

Cognition The general cognitive functions were 
assessed using the Folstein Mini-Mental State Exami-
nation (MMSE), a validated international scale trans-
lated to Spanish [59]. MMSE is a classical instru-
ment for assessing global cognition and involves five 
domains: verbal memory, working memory, language, 
visuospatial, and orientation functions. Following pre-
vious procedures, we used a cutoff point of 23 points or 
less as indicating a low cognitive level [59] (Fig. 1A).

Functional capacity Functional capacity was meas-
ured using the Barthel scale [60] and Lawton and 
Brody functional scale [61]. In addition, we included a 
measure of functional mobility in the functional capac-
ity measure, which was determined by measuring gait 
speed [62] (Fig. 1A).
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‑  The Barthel index This index weighs the 
patients’ difficulties in activities of daily living, 
including basic activities of everyday life, for exam-
ple, self-maintenance skills (such as bathing, groom-
ing, dressing, toilet use), continency habits (bowels 
and bladder continency), and mobility (i.e., transfers, 
use of stairs) [60]. Individuals are scored on ten activ-
ities that are summed to give a score ranging from 0 
(totally dependent) to 100 (entirely independent). A 
cutoff point of 80 in the Barthel scale was used to 
determine daily life activities’ normal functioning. 
This measure has been shown to have higher sensitiv-
ity in capturing daily life functions [63] (Fig. 1A).

‑ The Lawton and Brody functional scale This instru-
ment evaluates the participant’s functional capacity for 
performing a group of eight instrumental activities that 
are needed to live independently in the community (phone 
use, shopping, food preparation, housekeeping, laundry, 
transport use, handling medicines, and management of 
money). A summary score ranges from 0 (low function, 
dependent) to 8 (high function, independent) for women 
and 0 to 5 for men (Fig. 1A). We followed this procedure 
of scoring following previous procedures [61].

‑ Functional mobility We measured the participants’ 
gait speed—a measure of mobility [62]. Previous stud-
ies have shown that gait speed is related to instrumental 
functionality and frailty [62]. To this end, participants 
were asked to walk 3 m at their regular pace two times 
from a standing position. We used the best of both tri-
als to determine gait speed which was used as a con-
tinuous variable and also categorized as slow gait speed 
(defined as a value of ≤ 0.8 m/s according to the Colom-
bian validation cutoff [64]) accordingly.

Statistical approaches

Theory‑driven analyses: multigroup‑structural 
equation models

We implemented a multigroup-structural equation 
models approach (SEM) to estimate the causal rela-
tionships between groups of latent theoretical cate-
gories (demographic factors, SDH, CMF) measured 
with different observed variables and to character-
ize the degree to which these variables predicted 
cognition and functional status (Fig.  1B). The 
SEM is a hybrid statistical technique that includes 

confirmatory factor analysis, path analysis, and 
regressions to test the predictive models of differ-
ent outcomes and estimate the causal relationships 
among variables [65].

Measured (observed) variables are restrained 
directly and were used and tested (using signifi-
cant regressor scores as predictors) to build latent 
(unobserved) variables. To assess the importance 
of observed variables to create latent variables (and 
considering measured variables were binary, ordi-
nal, or continuous and not normally distributed), we 
used diagonal weighted least squares (DWLS) with a 
mean-corrected statistic known as weighted DWLS 
(WLSM) [66]. We evaluated the goodness-of-fit of 
each model to the data via global model fit indices 
that adjust for nonnormality: the robust comparative 
fit index (the robust CFI [67]) and the robust root 
mean square error approximation (the robust RMSEA 
[67], Supplementary Information S6).

Latent variables, factorial invariance, and covaria‑
bles We created latent variables for each one of the 
outcome measures (cognition and functional capac-
ity). Moreover, a latent variable for each domain of 
SDH, including a socio-economic resources factor 
(SDH-SE), a social adversities factor (SDH-SA), and 
social participation (SDH-SP), was designed. Then, 
we built a latent global SDH factor including all 
domains. High scores were indicative of poor SDH 
in those domains. For details and criteria for build-
ing latent variables and testing measurement invari-
ance, see Table S2 and Fig. 1B. Furthermore, we cre-
ated the latent CMF by including diabetes, body mass 
index, and a cardiovascular index. A higher CMF 
score is indicative of exhibiting increased cardiometa-
bolic risk.

In the SEM, age and years of education were 
included as covariables. Regarding sex, invariance 
tests supported a scalar invariance model in which 
the latent variances were equal across sex (see Sup-
plementary Information Table  S2). Complementary 
information of SEM is provided in Supplementary 
Information S6. The multigroup-structural equation 
models were run in a subsample of N = 15,577—the 
number of individuals who had completed the total 
number of variables assessed. All data analyses were 
performed in RStudio [68], using various packages 
(including semTools (0.5–3), SEM Lavaan R package 
(0.5–12 (BETA)), and Tidyverse [69]).
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Data‑driven analyses: machine‑learning methods

We followed machine learning procedures to track the 
weight of each factor (including demographics, SDH, 
CMF, and a group of additional social and medical fac-
tors-physical and mental health conditions) in determin-
ing cognition and functional status. In our study, sub-
jects who exhibited an MMSE score of fewer than 23 
points were considered as having low cognitive func-
tioning and above 24 points as having high cognitive 
function [59]. Moreover, individuals with scores below 
80 points in Barthel were labeled as a having disability 
in daily life activities, and those who scored above 80 as 
having adequate daily life activities [70] (Fig. 1B).

Our machine learning approach included different 
steps. First, we ran feature elimination and stabiliza-
tion using a k-fold scheme (k = 10). Second, we used 
the XGBoost [27] classifier for cognitive and functional 
levels. The XGBoost algorithm is a gradient boosting 
machine (GBM) implementation that provides parallel 
computation tree boosting, enabling fast and accurate 
predictions and advanced regularization techniques to 
avoid overfitting [71]. Third, the XGBoost was fitted by 
using several hyperparameters, such as the learning rate, 
the minimum loss reduction required to partition further 
a leaf node, the maximum depth of a tree, the maxi-
mum number of leaves, and the regularization weights. 
To choose the best parameters for the classification in 
this high dimensional hyperparameter space, we used 
Bayesian optimization [72]. Following best practices in 
machine learning [33], we employed a k-fold validation 
approach (k = 10) using 80% of the sample for training; 
and 20% for testing in an out-of- sample validation (Sup-
plementary Information S7 and Fig. 1B). We tested the 
steps mentioned above using all possible predictors of 
cognition and functionality. Moreover, after selecting 
the best 25 predictors of cognition and functional capac-
ity, we ran a second group of analyses to assess the pre-
dictive scores of those predictors. All models were run 
using machine XGBoost libraries in Python.

Results

Theory-driven analyses (SEM)

The implementation of SEM was aimed to assess 
associations between different variables and outcomes 

(latent variables) of different demographic, SDH, and 
medical factors. SEM models reached good statistical 
parameters supporting significant associations between 
different latent variables and outcomes with high good-
ness-of-fit indexes (Supplementary Information S8).

Cognition

SEM showed that individuals with high SDH 
(M: − 0.47, P < 0.001; F: − 0.51, P < 0.001) and poor 
socio-economic resources (M: − 0.06, P = 0.098; 
F: − 0.14, P < 0.01) exhibited low cognition. Moreo-
ver, high education (M: 0.27, P < 0.01; F: 0.28, 
P < 0.01) and high social participation (M: 0.09, 
P < 0.05; F: 0.05, P < 0.05) predicted elevated cog-
nitive scores. The presence of social adversities and 
CMF factors did not show significant effects on cog-
nition (Fig. 2).

Functionality capacity

SEM revealed that individuals with global nega-
tive SDH (M: − 0.28, P = 0.001; F: − 0.31, P < 0.01), 
increased social adversities (M: 0.11, P < 0.01; F: 0.09, 
P < 0.01), low socio-economic resources (M: − 0.31, 
P = 0.001; F: − 0.14, P < 0.001), and reduced social 
participation (M: − 0.09, P < 0.01; F: − 0.11, P < 0.01) 
exhibited low functional capacity. Moreover, older 
individuals (M: − 0.21, P < 0.001; F: − 0.43, P < 0.001) 
with high-risk CMF (M: − 0.16, P < 0.001; F: − 0.44, 
P < 0.001) showed low functional capacity (Fig. 2).

Complementary results

Results on cognition and functionality remained similar 
when the main predictors were analyzed independently. 
No mediation effects of high-risk CMF on the associa-
tion between SDH and cognition and functionality were 
observed. Also, no mediation effects were detected when 
we analyzed the effects of global SDH factor on the asso-
ciation between high-risk and functionality (Supplemen-
tary Information S8, Supplementary Figs. 1–4).

Data-driven results (machine learning)

The machine learning models assess the extent to 
which the combination of multiple factors relates 
to brain health outcomes. Appropriate classification 
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for accuracy of cognition and functionality was 
obtained with the full set of predictors and a sub-
set of predictors with higher scores. Moreover, the 
machine learning models helped to weigh the most 
relevant predictors of cognition and functionality 
(Supplementary section S7) (Table 1).

Cognition An appropriate classification accuracy 
was obtained with the full set of predictors as well as 
with a subset of twenty-five predictors with the higher 
scores. Before optimization, with the total number 
of variables, the classification model presented an 

AUC = 0.76 and accuracy = 0.75 (sensitivity = 0.72, 
specificity = 0.79, the precision = 0.80, F1 = 0.79, 
and recall = 0.74). After feature optimization, stabi-
lization was achieved for the XGBoost classification 
reaching an AUC = 0.87 and accuracy of 0.87 (sen-
sitivity = 0.84, specificity = 0.85, precision = 0.83, 
F1 = 0.88, and recall = 0.79) with the twenty-five 
predictors included in the model (Table  2). The 
machine learning models showed that the top predic-
tors of low cognitive level were older age, low years 
of education, antecedents of hypertension, smoking, 
poor institutional help, vulnerable urban background, 

Fig. 2  Structural equation modeling of the impact of inequi-
ties on cognitive and functional aging. A The SEM of cogni-
tion and functionality assessing different DG, SDH, and CMF 
predictors. B The two left images shows the specific predictive 
values of each of the SDH domains (SDH-socio-economic 
resources, SDH-social adversities, and SDH-social participa-
tion) on cognition and functionality. B The two right images 
revealed the prediction values of age and years of education 
on cognition and functionality. For identification of the model, 
factor means were fixed to zero in males (“M”) and freely esti-
mated for females (“F”). These estimated factor means are 

expressed as standard deviation units (SD). For example, the 
factor mean for CMF indicates that the females scored 1.58 
SD higher than males (p < 0.001); *significant effects or sex 
differences in factor means (p > 0.05). For simplicity, residual 
variances and observed intercepts are not shown in the figure. 
SDH, global social determinants of health factor; SDH-SE, 
social determinants of health-socio-economic resources; SDH-
SA, social determinants of health-social adversities; SDH-SP, 
social determinants of health-social-participation; Education, 
years of education; CMF, cardiometabolic factors
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self-perception of being older, and black and white 
race/ethnic groups (Table 2).

Functional capacity Non-optimized, full predic-
tors results yielded an AUC = 0.79 and an accuracy 
of 0.81 (sensitivity = 0.73, specificity = 0.81, preci-
sion = 0.83, F1 = 0.81, recall = 0.76). After optimiza-
tion, the classification with the best twenty-five pre-
dictors yielded an AUC = 0.942 and accuracy of 0.93 
(sensitivity = 0.92, specificity = 0.95, precision = 0.91, 
F1 = 0.90, and recall = 0.81) (Table  3). Machine 
learning models were found as top predictors of low 
functionality level, low gait speed, a high body mass 
index, older age, low employment, low grip force, 
and mental health antecedents (Table 3).

Complementary analyses

Linear regression model predicting cognition

We ran a linear regression using the MMSE as out-
come, and demographic factors, SDH, medical fac-
tors, and CMF as independent variables. The model 
reached significant values (F (1, 23,693) = 0.30, 
p = 0.01, η2 = 0.06) with the following significant 
predictors: mental problems, living alone, education 
falls, house conditions, age, alcohol consumption, 
and smoking. No significant effects were observed for 
CMF, physical activity, or sex (see Table S3).

Linear regression model predicting daily life 
functionality

The Lawton and Brody scale was considered as out-
come, and the demographic factors, SDH, medi-
cal factors, and CMF as independent variables. The 

model was significant (F (1, 23,693) = 0.51, P = 0.01, 
η2 = 0.06) and revealed all factors except education 
reached significance (see Table S4).

Discussion

In this population-based study, we used theory- and 
data-driven methods to assess whether factors associ-
ated with inequity (SDH, CMF, and complementary 
social and medical factors) accurately predict cogni-
tion and functional capacity in aging in an underrepre-
sented LMIC population (Colombia). Results showed 
that a combination of SDH, CMF, demographics, and 
additional social and medical factors contribute to 
reach high prediction values of cognitive and functional 
capacity. According to the theory-driven results, SDH 
and education were the best predictors of cognition. The 
data-driven results confirmed the importance of SDH 
(70% of top predictors) in predicting cognition, fol-
lowed by age, education, gender, hypertension, smok-
ing, and mental health factors. In contrast, a distributed 
combination of SDH, CMF, physical and demographic 
factors predicted functional capacity as revealed by the 
theory-driven results. The data-driven results (machine 
learning XGBoost classifier) confirmed the importance 
of SDH (50% of top predictors) in forecasting func-
tional capacity followed by physical factors (speed gait, 
force of grip), medical factors (including CMF), and 
age. Thus, this population-based study combined the-
ory-driven and machine-learning approaches to identify 
critical predictors of cognition and functional capac-
ity in older adults in Colombia. Taken together, results 
revealed a more significant role for SDH than CMF and 
other medical factors in determining cognition and (at a 
lesser extent) functional capacity.

Table 1  SEM testing sequence for measurement invariance across sex

The 90% confidence intervals of the robust RMSEA are given in brackets. Scalar-variance: a scalar invariance model with latent vari-
ances constrained to be equal across sex
ΔCFI, CFI differences; df, degree of freedom; p, p value; Robust CFI, the robust comparative fit index; Robust RMSEA, the robust 
root means square error approximation; SB χ2, the Satorra-Bentler correction factor for the chi-square statistics

Model SB χ2 df p Robust CFI Robust ΔCFI Robust RMSEA

Multidimensional model (invariance models testing sequence for sex)
Configural 2294.944 312 .000 .916 - .027 [.026–.028]
Metric 2382.970 334 .000 .909 .007 .027 [.026–.028]
Scalar 2447.567 340 .000 .908 .001 .027 [.026–.028]
Scalar-variance 2469.460 347 .000 .907 .001 .027 [.026–.028]
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The impact of inequity signatures on cognition

The assessment of predictors of cognition provides 
important insights. Previous studies in HICs and 
LMICs have revealed a preeminence of medical fac-
tors over social ones in predicting cognition [12, 13]. 
The Lancet Commission on Dementia prevention, 
intervention, and care report in 2020 [12] has indi-
cated a high relative risk of education, CMF, trau-
matic brain injury, lifestyle factors (including smok-
ing and alcohol consumption), hearing problems. 
Social factors have been only indicated to a second-
ary extent (17). Our results add novel evidence from 
an underrepresented LMIC population, highlighting 
the role of SDH (mainly social resources and social 
participation) over medical factors as determinants of 
cognition. Moreover, additional data-driven analyses 
revealed that other social factors, including ethnic 
factors, experiences of forced displacement due to 

violence, and maltreatment were among the twenty-
five best predictors. The increased presence of social 
stress due to different stressors, social adversities, and 
ethnic disparities have been associated with cogni-
tive decline [73]. Our results revealed that the pres-
ence of pervasive social disadvantages and adversities 
represents a strong predictor of brain health and could 
increase the impact of SDH over CMF as direct pre-
dictors of brain health outcomes (Fig. 3).

Unlike studies in HICs [43], our theory-driven 
analyses did not replicate the effects of CMF on 
cognition. Instead, our results confirmed a previ-
ously hypothesized differential pattern in LMICs 
[74, 75] characterized by a greater impact of SDH 
than CMF and other related physical/mental health 
factors on cognition. In particular, the direct impact 
of SDH on CMF could explain the absence of asso-
ciation between CMF and cognition (Fig. 2). Supple-
mentary analyses revealed significant direct effects 

Table 2  Best predictors 
of low cognitive level as 
measured by machine 
learning methods listed 
in order (e.g., from the 
strongest to the weakest)

CMF, cardiometabolic 
factors; SDH, social 
determinants of health; 
PMHC, physical and mental 
health conditions; CSCF, 
complementary social 
context factors

Predictors of low cognitive level Type of subfactor and category of 
predictors of low cognitive level

Age Demographic factors
Years of education Demographic factors
Hypertension CMF
Sex Demographic factors
Smoking Lifestyle subfactor-PMHC
Poor institutional help Socio-economic resources-SDH
Type of housing Socio-economic resources-SDH
High self-perception of aging Mental health subfactors-PMHC
No self-defined ethnicity Ethnicity subfactor-CSCF
White race self-perception Race subfactor-CSCF
Black race self-perception Race subfactor-CSCF
Poor economic resources Socio-economic resources-SDH
Black ethnic identification Ethnicity subfactor-CSCF
Witness’ violence Social adversities-SDH
Poor floor conditions Socio-economic resources-SDH
Social isolation Social adversities-SDH
High maltreatment experiences Social adversities-SDH
Fear of falling Mental health subfactors-PMHC
Vision functioning Lifestyle subfactor-PMHC
Moderated maltreatment experiences Social adversities-SDH
Reduced institutional help Socio-economic resources-SDH
Low self-perception of aging Mental health subfactor-PMHC
Health problems (last 15 days) Medical conditions subfactor-PMHC
Housing conditions Socio-economic resources-SDH
Employment Occupation subfactor-CSCF
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(CMFcognition; SDH cognition) when we analyzed 
those factors independently (Supplementary Figs.  3 
and 4). Thus, results suggest that complex interac-
tions between social and medical factors shape cog-
nitive levels in our sample. In addition, hypertension, 
smoking, and mental health factors appeared to be 
significant predictors of cognition in the data-driven 
analyses. Hypertension [76], smoking [77], and men-
tal health factors—particularly depression and anxi-
ety symptoms [78, 79]—have been independently 
associated with cognitive maintenance and decline in 
previous studies.

Medical factors such as diabetes [80] or alcohol 
consumption [81] have been identified as risk factors 
of cognitive decline in HICs and LMICs. However, 
these factors did not reach typical significance thresh-
olds in our study. Once again, their possible direct 
effects on cognition could be attenuated when con-
sidering the weight and interactions of other factors 

related to SDH and CMF, particularly in LMIC set-
tings whose experience of transitioning to a higher 
burden of non-communicable diseases is more recent 
[10]. Further studies also demonstrated a lower rela-
tive risk of diabetes and alcohol compared to hyper-
tension or obesity [12, 13]. Thus, in our research, 
these factors did not reach a significant impact when 
integrated with more robust predictors such as SDH.

Concerning demographics, age did not have a 
direct effect on cognition in the theory-driven anal-
yses, although it was a critical predictor in data-
driven analyses, with the most significant associa-
tion observed in women. The multiple interactions 
between factors associated with cognition and the 
high impact of SDH on cognition could shadow the 
direct association of age on cognition. Regarding 
gender, both theory-driven and data-driven results 
revealed worse cognitive levels in women as previ-
ously reported [82]. In Colombia and other LMICs, 

Table 3  Best predictors 
of low functionality level 
as measured by machine 
learning methods listed 
in order (e.g., from the 
strongest to the weakest)

CMF, cardiometabolic 
factors; SDH, social 
determinants of health; 
PMHC, physical and mental 
health conditions; CSCF, 
complementary social 
context factors

Predictors of low functionality level Type of subfactor and category of 
predictors of low functionality level

Speed of waking Physical subfactors-PMHC
Body mass index CMF
Age Demographic factors
Employment Occupation subfactor-CSCF
Grip force Physical subfactor-PMHC
Poor institutional help Socio-economic resources-SDH
Mental disease antecedents Mental health subfactor-PMHC
Falls Mental health subfactor-PMHC
Smoking antecedents Lifestyle subfactors-PMHC
Moderate institutional help Socio-economic resources-SDH
Widow Marital status-CSCF
Hypertension CMF
Housing in urban area Socio-economic resources-SDH
Fear of falling Mental health subfactor-PMHC
Diabetes CMF
Housing Socio-economic resources-SDH
Stroke CMF
Health problems (las 30 days) Medical conditions subfactor-PMHC
Mild fear of falling Medical conditions subfactor-PMHC
Health problems (last 15 days) Medical conditions subfactor-PMHC
Absence of institutional help Socio-economic resources-SDH
Poor economic resources Socio-economic resources-SDH
High medication’s consumption Medical conditions-PMHC
Auditory functioning Lifestyle subfactor-PMHC
Religious participation Social participation-SDH
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Fig. 3  Data-driven prediction of cognitive and functional out-
comes. A The machine learning results of cognitive prediction. 
In the left side, we showed the ROC curve of cognition pre-
diction indicating specificity (true positive rate) and sensitivity 
(false positive rate) and the area under the curve (AUC = 0.94). 
On the right side is a feature importance plot of the most rel-
evant predictors for the classification organized in the three big 
categories (SDG, SDH, and PMHC). B The machine learning 
results of functional prediction. In the left side, we presented 
ROC curve of functional capacity prediction indicating speci-
ficity (true positive rate) and sensitivity (false positive rate), 
while calculating the area under the curve (AUC = 0.86). SDG, 

socio-demographic conditions; SDH, social determinants of 
health; SDH-SE, social determinants of health-socio-economic 
resources; SDH-SA, social determinants of health-social 
adversities; SDH-SP, social determinants of health-social par-
ticipation; Education, years of education; PMHC, physical and 
mental health conditions; PMHC-MSC, physical and mental 
health conditions-medical somatic conditions; PMHC-EF, 
physical and mental health conditions-lifestyle factors; PMHC-
MH, physical and mental health conditions-mental health fac-
tors; PMHC-MB, physical and mental health conditions-motor 
and physical markers
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high gender inequity levels are observed, with women 
facing increased rates of living alone, poor social par-
ticipation, and reduced opportunities for healthcare 
access due to imposed social and cultural norms [83]. 
Another significant theory-driven and data-driven 
predictor of cognition was education, as has been 
frequently reported [15, 84]. Expectedly, education 
was directly associated with SDH. Individuals from 
populations with high social disadvantages have dif-
ficulties accessing education [15] and have more 
impaired memory, abstraction, reasoning, and atten-
tion skills [84]. Education has also been associated 
with decreased cognitive activity, more comorbidi-
ties or poor physical health, and reduction of social 
interactions [82]. Thus, results confirmed that gender 
and education are important predictors of cognition 
in LMICs when other multiple predictors (including 
SDH and CMF) are analyzed.

The impact of inequity on functional capacity

Our results provide new evidence of the impact of 
SDH and CMF and other medical factors on func-
tional capacity. In line with previous studies, the the-
ory-driven approaches yielded associations between 
functional capacity and cognition [85]. Contrary to 
reports from HICs [86], the SDH factors (including 
reduced social resources, increased social adversi-
ties, and reduced social participation) reached pre-
dictive values equivalent to those of medical fac-
tors in predicting functionality as revealed by both 
theory- and data-driven approaches. Moreover, the 
social disadvantages in Colombia may reduce the 
quality of health which then impacts mobility and 
physical autonomy, as reported in HICs [43, 87]. 
Similarly, the impact of physical and medical factors 
on functional capacity observed in theory- and data-
driven analyses could be explained by reductions in 
mobility, general activity, and physical activity asso-
ciated with medical diseases, including CMF. This 
pattern of results aligns with past studies revealing 
that physical functioning (a crucial factor of frailty) 
determines autonomy in daily life activities [20, 58] 
(Figs. 2 and 3).

Regarding the role of demographic factors on 
functional capacity, results converge with previ-
ous reports from HICs and LMICs showing that 
older adults exhibited reduced instrumental func-
tionality [20, 58]. Moreover, gender modulated the 

associations between SDH and functional capacity, 
with a significant impact of SDH in women as previ-
ously reported [87]. Furthermore, education did not 
reach a direct association with functional capacity. 
However, we observed an indirect effect of education 
on cognition, SDH, CMF in the theory-driven analy-
ses. These indirect effects could attenuate a direct 
association between education and functional capac-
ity. This interpretation is supported by past studies 
showing a more direct impact of education on health 
status but an indirect effect of education on daily life 
activities [85]. Moreover, education is an essential 
factor associated with SDH [88] and CMF [89]. Our 
results highlighted the role of gender and age in pre-
dicting functionality in LMICs when multiple sources 
of inequity are considered.

Our results were also confirmed by classical regres-
sion models. The linear regression model using cognition 
as a dependent variable was predicted by demographic 
factors, SDH, and lifestyle factors. Moreover, in line with 
SEM and machine learning results, no associations were 
found between cognition and CMF (Table S3). Similar 
confirmation was observed for functionality, where the 
regression model revealed the same predictors (demo-
graphics, SDH, CMF, lifestyle, complementary medical, 
and social factors (Table S4).

Although the pattern of results could be affected 
by correlations between factors, and the number of 
contrasts and variables could increase the chance of 
obtaining spurious correlations, our results do not 
support these potential effects. The theory-driven 
analyses (structural equation modeling) uses latent 
variables that weigh potential relationships between 
variables and penalize collinearity and spurious inter-
actions between factors [90]. The machine learning 
approach also includes procedures (hyperparameter 
tuning) to control bias in classification due to non-rel-
evant associations. This procedure assesses the pre-
dictive scores of each variable while controlling for 
the weight of the rest of the variables[28]. Thus, the 
influence of associations between variables was inde-
pendently controlled in both approaches.

Limitations and further assessments

Despite being one of a few nationally representative 
data from LMICs assessing these complex relation-
ships between SDH, CMF, and cognition, our study 
has notable limitations. As is the case with most 
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studies in the field [18, 33, 88], self-report measures 
employed in this study could underestimate or over-
estimate other predictors due to recall bias. How-
ever, self-reported measures are frequently used to 
track social and medical factors in aging [10, 11, 39]. 
Moreover, we combined self-reported measures with 
standardized objective measurements (i.e., physi-
cal functions and body mass index). Both variables 
reached similar scores in the SEM and data-driven 
approaches, suggesting that self-report and standard-
ized/experimental effects are at least comparable. In 
any case, future assessment of SDH and CMF should 
employ objective measurements (blood biomarkers to 
track CMF and standardized scales to track SDH).

Among the group of predictors, some factors can 
be considered direct exposures (i.e., a direct meas-
ure of a factor considered as a risk factor associated 
with an outcome) and others proxies/markers of an 
exposure (an indirect measure of an exposure poten-
tially associated with an outcome) [91]. Sociodemo-
graphic factors, including age and sex, can be consid-
ered direct exposure measures. Similarly, depression 
symptoms (i.e., direct measurement of the presence 
of depressive symptoms in the individuals) was also 
considered a direct exposure. By contrast, we con-
sidered proxies of a measure of those factors based 
on self-reports of an exposure. These included SES, 
social isolation, adverse social experiences, and CMF. 
A potential limitation of our study is the lack of direct 
measures for critical risk factors. However, both 
data-driven and theory-driven approaches discarded 
potential biases in the selection of factors and in the 
predictors’ ranking (as both exposures and proxies 
reached equivalent predictive scores). Similarly, pre-
vious studies have revealed high predictive scores 
using similar data (see [18, 39, 52] and Table  S1). 
Future studies should combine immediate measures 
and proxies of measures or, in other words, objective 
and subjective measurements and test the prediction 
strength of each type of factor.

Our study design did not allow us to know the 
extent to which a specific factor predicts a clinical 
change in cognition and functionality. However, in this 
study, we referred to the prediction scores of variables 
regarding cognition and functionality outcomes. This 
use of “prediction” is based on statistical inference and 
refers to the power of a variable (predictor) to predict 
another variable (outcome) [92]. This meaning should 
not be confounded with a longitudinal prediction 

of a future outcome. Future longitudinal studies are 
required to predict brain health changes.

In this study, we implemented an SEM, which 
allows for the measurement of the mediating role 
of a variable between a factor and an outcomes [26] 
and has been used to track mediation effects in brain 
health studies [25, 93]. SEM is a hybrid technique 
that includes confirmatory factor analysis, path anal-
ysis, mediation analyses, and regression for build-
ing and testing the models of different outcomes and 
estimates potential causal and mediation relation-
ships among groups of variables [26, 90]. However, 
our approach should not be confounded with media-
tion results of longitudinal data. Future longitudinal 
studies will help to formulate causal inferences and to 
clarify which variables mediate the interplay between 
risk and protective factors and brain health outcomes.

The study included more features of SDH than 
CMF. Although this disbalance may affect the predictor 
selection, several reasons suggest that is not the case. A 
different set of predictors were observed for cognition 
and functionality, with differential predictive scores for 
each outcome variable. Moreover, the best predictors 
of functionality also revealed a more significant weight 
of medical factors over social factors, discarding a gen-
eralized bias in the selection of predictors.

Large samples can impact statistical signifi-
cance. However, in theory-driven analyses, we rely 
on measures of fit that are less biased (we excluded 
the χ2 as this index is biased by large sample sizes 
[94]). The CFI and RMSE indicators, which are less 
biased by sample size, provided reliable effects. 
In data-driven analyses, k-fold cross-validation 
hyperparameter tuning and Bayesian optimization 
reduced overfitting and prediction bias [95]. Also, 
prediction accuracy in machine data-driven learning 
tends to decrease with increased sample size [96], in 
opposition to parametric models. Our sample size is 
large enough and performed with the recommended 
combined metrics (recall, F1, AUC, sensitivity, and 
specificity), guaranteeing the reliability of the pre-
diction values [96]. Further studies need to extend 
similar analyses of SDH and medical interactions in 
other LMICs and then compare those results with 
findings in UMICs and HICs. Moreover, future pro-
spective studies should confirm the effects observed 
in the present study.

We assessed the individuals who completed the 
initial screening of MMSE to reduce the chance of 
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including individuals having dementia. To avoid 
those potential biases, participant with MMSE 
scores below 13 were excluded, which reached 
around 17% of the sample. However, even those 
individuals with scores below 13 in the MMSE 
could have undiagnosed dementia or other related 
conditions. Future studies should include partici-
pants with lowest scores of MMSE and proper neg-
ative confirmation of dementia.

The sample of our both studies was different. In 
the theory-driven analyses, we only ran the SEM 
with a sample of 15,577 individuals with com-
plete information on all variables assessed. As 
expected, the database included missing data, as 
often occurred with other population-based studies 
[97]. Although the missing values could impact the 
results obtained, these were broadly distributed and 
did not affect specifically any variable, as all mod-
els were run using individuals with more than 70% 
of all tested variables (Supplementary Informa-
tion S6). However, future population-based studies 
should include additional strategies to assess and 
account for missing data in the results.

Conclusions

The present results derived from a large population-
based national survey in a LMIC revealed that differ-
ent inequity signatures related to SDH and medical 
factors are crucial to predict brain health outcomes in 
aging. In contrast to findings from studies conducted 
in HICs, our results point towards different combina-
tions of factors (SDH, CMF, and others) in predict-
ing cognition and functional capacity. Convergent 
analysis suggests a hierarchy of predictors of healthy 
aging where the SDH is the most relevant predictor, 
followed by the CMF, demographics, and other medi-
cal factors. Cognition was primarily determined by 
SDH, whereas a more balanced contribution of SDH, 
medical, physical, and demographic factors predicted 
functionality. Results consistently showed multiple 
interactions between inequity signatures in predicting 
brain health outcomes at a population level in LMIC 
settings. The combination of robust methods with an 
integrated approach that included a broad spectrum 
of factors, from wider societal to individual-level 
factors, afforded the elicitation, in context, of mul-
tiple predictors of cognitive and functional deficits. 

Our results should inform policies and programmatic 
interventions to counter dementia globally and in 
low-resource areas in both HICs and LMICs. Finally, 
our results may be relevant for future consideration in 
personalized risk detection and to inform tailored pre-
vention programs to enhance brain health in LMICs 
accounting for contemporary challenges including the 
rising rates of forced displacement and others.
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