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Summary

Background The high prevalence of depression in a growing aging population represents a critical public health
issue. It is unclear how social, health, cognitive, and functional variables rank as risk/protective factors for depres-
sion among older adults and whether there are conspicuous differences among men and women.

Methods We used random forest analysis (RFA), a machine learning method, to compare 56 risk/protective factors
for depression in a large representative sample of European older adults (N = 67,603; ages 45-105y; 56.1% women;
18 countries) from the Survey of Health, Ageing and Retirement in Europe (SHARE Wave 6). Depressive symptoms
were assessed using the EURO-D questionnaire: Scores > 4 indicated depression. Predictors included a broad array
of sociodemographic, relational, health, lifestyle, and cognitive variables.

Findings Self-rated social isolation and self-rated poor health were the strongest risk factors, accounting for 22.0%
(in men) and 22.3% (in women) of variability in depression. Odds ratios (OR) per +1SD in social isolation were
1.99%, 95% CI [1.90,2.08] in men; 1.93x, 95% CI [1.85,2.02] in women. OR for self-rated poor health were 1.93x,
95% CI [1.81,2.05] in men; 1.98x, 95% CI [1.87,2.10] in women. Difficulties in mobility (in both sexes), difficulties in
instrumental activities of daily living (in men), and higher self-rated family burden (in women) accounted for an
additional but small percentage of variance in depression risk (2.2% in men, 1.5% in women).

Interpretation Among 56 predictors, self-perceived social isolation and self-rated poor health were the most salient
risk factors for depression in middle-aged and older men and women. Difficulties in instrumental activities of daily
living (in men) and increased family burden (in women) appear to differentially influence depression risk across
sexes.
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Introduction dementia (often comorbid),’ and reduced quality of

The World Health Organization estimates that over  life.” The economic burden of depression is esti-
300 million people currently live with a depressive =~ mated at US$326 billion/year and is the leading
disorder (commonly referred to as depression), and ~ cause of disability worldwide.’ These adverse per-
middle-aged and older adults appear to be dispropor- ~ sonal and socioeconomic impacts will undoubtedly
tionately affected.’ Depression among older adults is ~ e€xpand with increasing health care costs and as the

associated with elevated risks for mortality,> incident ~ percentage of the world population comprised of
individuals over age 6o years nearly doubles, from

12% to 22%, by 2050.° The development of afford-
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Research in context

Evidence before this study

We searched PubMed, the American Psychological
Association Psycinfo, and PsycArticles, databases (from
inception to October 30, 2021) for studies published in
English and which investigated risk factors for depres-
sion in older adults. Search terms were the approved
Medical Subject Headings “risk factors”, “depression”,
“machine learning”, and “older adults”. We identified six
studies that met these criteria. All but one had sample
sizes less than 25,000 participants, none included in-
depth questions about social networks, and none exam-
ined differences by sex.

Added value of this study

To our knowledge, this is the first large, multi-country
study to use machine learning to compare a broad
range of social, health, functional, and cognitive varia-
bles as concurrent risk/protective factors for depression
in middle-aged and older adults—and with analyses
conducted independently for women and men. Results
concerning the importance of key risk/protective factors
may be more reliable than those from studies using
more conventional statistical techniques (e.g., because
the current machine learning analyses make no distribu-
tional assumptions, are able to capture nonlinear effects
and complex interactions among predictors without
having to specify them a priori, which often leads to
higher prediction accuracy). Additionally, the current
results may better generalize than those from studies
based on more constrained samples (narrower age
range, single country of origin, data aggregated across
sexes).

Implications of all the available evidence

Middle-aged and older adults who report being socially
isolated and/or in poor general health are at nearly
twice the elevated risk for depression. From a public
health perspective, these results provide evidence of
the importance of screening for depression risk within
this age demographic during routine medical visits (i.e.,
when assessing general health status). Furthermore, this
screening process may be improved by inclusion of
measures of perceived social isolation.

understanding of the underlying risk factors for
depression in later adulthood.

Meta-analyses have shown that chronic diseases,
functional impairment, reduced social support, and
stressful life events are most frequently associated with
depression onset in this age demographic.”* However,
meta-analytic approaches are vulnerable to bias related
to methodological differences of the summarized stud-
ies (e.g., differences in data quality, heterogeneous
selection criteria, dissimilarities across measurement
instruments). Moreover, interactions among risk/

protective factors are notoriously difficult to test in a
comprehensive way using conventional parametric sta-
tistical models because the number of possible interac-
tions increases exponentially with each additional
predictor. This means that results from such studies
(and meta-analyses based thereon) may underestimate
the importance of risk factors that influence depression
risk indirectly (e.g., by amplifying or attenuating the
effects of other risk/protective factors). An advantage of
machine learning methods is that they can capture non-
linear and interaction effects in an exploratory way, i.e.,
without having to include all possible curvilinear and
interaction effects in the model specification, which
becomes infeasible with increasing numbers of predic-
tors in parametric statistical models.

Recently, some research teams have adopted a split-
sample methodology, wherein half of the observations
(typically from a large, population-representative sam-
ple of older adults) are analyzed using machine learning
methods to determine the importance of a broad range
of different risk/protective factors (e.g., for cognitive
decline or for all-risk mortality).”"® Importance rank-
ings based on these methods often implicitly account
for nonlinear effects and complex interactions among
predictors that would be difficult or impractical to
model using conventional techniques. Parametric meth-
ods (e.g., logistic regression, survival analysis) are then
applied to a more tractable subset of predictors (identi-
fied as important in the machine learning stage) within
the second sub-sample to estimate predictive associa-
tions based on known statistical distributions. Thus,
this strategy leverages both cutting-edge and established
statistical techniques to efficiently pinpoint the stron-
gest of many potential influences on health outcomes.

Such an approach has rarely been applied for evalu-
ating depression risk. Aichele et al.”" previously used
random forest analysis (RFA), a machine learning
approach, to compare 36 different risk/protective factors
(including sociodemographic, lifestyle, health, and cog-
nitive measures) for predicting depressive symptoms
trajectories in 6,203 middle-aged and older adults from
the United Kingdom. Results showed that symptoms of
physical illness and lower fluid intelligence (problem
solving ability) were most influential. Having fewer
friends and increased difficulty in daily life functional
activities were also implicated. Choi et al.”” used a simi-
lar approach to evaluate 106 predictors in a sample of
112,589 adults from the United Kingdom (UK). Results
showed that confiding in others, visits from family and
friends, and being physically active reduced the odds of
depression. Cognitive functioning and self-rated health
were not examined. Generally, these studies indicate
that lack of social support, poor health, and mobility are
the most important risk factors for depression in later
adulthood, at least in the UK. Further research is
needed to determine whether these and additional risk/
protective factors (e.g., cognitive and/or functional
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decline) are similarly important for predicting depres-
sion in other populations.

To our knowledge, no study has yet systematically
and comprehensively compared socio-relational, health,
cognitive, and functional variables as predictive of
depression risk in older European adults and examined
predictors across sexes. In the current study, we
assessed the importance of 56 risk/protective factors for
depression in a large, population-representative sample
of middle-aged and older adults from Wave 6 of the Sur-
vey of Health, Ageing, and Retirement in Europe
(SHARE; N = 67,603; ages 45-105y). By comparing such
a broad range of predictors using a machine learning
approach, we aim to further knowledge of the risk/pro-
tective factors for depression in later adulthood.

Methods

Study design and population

Data came from Wave 6 of SHARE, a multi-national
longitudinal study of middle-aged and older adults from
20 European countries and Israel. Study design, sam-
pling, and data resources for SHARE are described in
detail in Borsch-Supan, 2013, 2019.”"* Survey materi-
als were administered as a Computer Assisted Personal
Interview (CAPI), supplemented by paper and pencil
questionnaire. The survey questions spanned demo-
graphic, socio-relational, and health-related (including
functional ability and mental health) measures. Inter-
views were conducted in respondents’ homes and took
about 9o min.

For the current study, we used SHARE Wave 6 data
(N = 67,603; ages 45-105y, 56.1% women). SHARE used
probabilistic sampling based on household (and other)
demographic information to ensure that participant
selection was nationally representative. Across coun-
tries, household response rates for SHARE Wave 6
ranged from 30.3% (Luxembourg) to 63.5% (Greece).”
Identified households included at least one person age
50 years or older selected as a primary respondent. Part-
ners of primary respondents were also selected to partic-
ipate, regardless of age. For this study, we included
respondents as young as 45 years to capture a broader
age range of middle-aged persons — a demographic cur-
rently understudied in research on adult aging and
development (0.8% of participants in the current sam-
ple were of ages between 45 and 50 years).

We focused on Wave 6 because numerous social net-
work variables were assessed at that wave that were not
available at earlier waves and because we knew from
prior studies that social isolation is a key risk factor for
depression in older adults (see above). Data collection
was approved by the internal review board of the Uni-
versity of Mannheim, Germany (until 2011) and by the
Ethics Council of the Max-Planck-Society for the
Advancement of Science (2011 onward).
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Measures

Depression

Depression was based on responses to the EURO-D
scale,’ which was initially developed to compare
depressive symptoms in older persons from 11 Euro-
pean countries. The scale consists of 12 dichotomous
items corresponding to the following depressive symp-
toms: sadness, pessimism, suicidality, guilt, sleep prob-
lems, interest in things, irritability, poor appetite,
fatigue, difficulty concentrating, enjoyment, and tearful-
ness. [tems are scored o or 1 such that 1 always indicates
negative valence (i.e., 1 = more depressed) and summed
for a final score between o and 12, where a summary
score > 4 indicates clinically diagnostic depression. The
psychometric properties of the EURO-D scale have been
extensively investigated, with moderately high reliability
(average Chronbach’s alpha = .694 across 14 European
centers) and criterion validity established cross-cultur-
ally in European, Indian, and Latin-American
populations.’®"”

Risk/protective factors

Most of the data/variables for these analyses were
obtained from easySHARE, a curated subset of SHARE
variables that have been thoroughly screened. These
measures were augmented with other Wave 6 variables
related to behavioral risk factors, social network informa-
tion, interpersonal transactions, and health. All of these
variables have been carefully documented by SHARE
online and with corresponding PDF codebooks (https://
www.share-datadocutool.org/study_units/view/1).

Demographics

Analyses included seven sociodemographic variables:
chronological age, country of residence (18 countries
were represented), education level, employment status,
marital status, number of people in the household, and
household annual income. Note that analyses were car-
ried out independently by sex, meaning that sex was not
entered as a variable in the prediction models. Educa-
tion level was based on the International Standard Clas-
sification of Education,”® a seven-point scale in
ascending order of highest education level completed.
Employment status was designated as one of five catego-
ries: retired, employed/self-employed (the comparison
group), unemployed, permanently sick or disabled, and
“homemaker.”

Family. Ten variables related to family configuration
and responsibilities were included. Some variables
related to family have been assigned to other categories
(e.g., marital status, family members in social network,
giving regular personal care to someone in the home).
Family variables were live-in status and age difference
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of the spouse/partner; mortality statuses of spouse,
parents, and siblings; numbers of children and grand-
children; proximity to children; and a question regard-
ing whether family responsibilities prevented the
respondent from pursuing personal interests (family

burden).

Social network. There were 17 social network variables
which assessed network structure and quality of rela-
tions. Structure was indicated by numbers of individu-
als in the network by relational type, e.g., family
members, men, women; proximity of individuals” domi-
ciles to the respondent’s, < tkm, < 5km; and frequency
of contact. Subjective measures of social network quality
included variables related to emotional closeness and
social connectedness. Additionally, we calculated a mea-
sure of social isolation as an average of four items from
SHARE’s mental health battery, three of which corre-
spond to the UCLA-3 Loneliness Scale,” “lack of com-
panionship”, “feel left out”, “feel isolated from others”
— plus the item “feel lonely”. This composite measure
was harmonized with identical items from other well-
known population-representative studies of older
adults.>®

Care-related personal transfers. Care-related transfers
were assessed by questions as to whether respondents
had given and/or received financial support (> 250
Euro in the past 12 months), provided and/or received
care from others living outside of the home, provided
regular personal care to someone inside the home, and/
or looked after grandchildren in the absence of a child’s
parents.

Health and functional limitations. Nine general meas-
ures of health were evaluated as depression risk factors:
number of chronic diseases, self-rated poor health, diag-
noses of two specific conditions (hypertension, diabe-
tes), body-mass index (BMI), physical inactivity, tobacco
smoking (past or present), and weekly alcohol consump-
tion. In calculating number of chronic diseases for the
corresponding easySHARE variable, the following med-
ical conditions were included: heart attack, hyperten-
sion, high Dblood cholesterol, stroke and/or
cerebrovascular disease, diabetes, chronic lung disease,
cancer, stomach or duodenal ulcer, Parkinson’s disease,
cataracts, hip and/or femoral fracture.

SHARE spans numerous measures of functional
health. Many of these have been conveniently summa-
rized in easySHARE as composite variables. We
included four composite measures of functional health
status. These were (a) difficulty in activities of daily liv-
ing (ADL): difficulties dressing oneself, bathing/show-
ering, eating/cutting up food, walking across a room,
and getting out of bed; (b) instrumental activities of

daily living (IADL): difficulties making telephone calls,
taking medications, and managing money; (c) difficul-
ties with mobility: difficulties walking 1oom, walking
across a room, climbing several flights of stairs, and
climbing one flight of stairs; (d) fine motor problems:
difficulties in picking up a small coin, eating/cutting up
food, and dressing. Additionally, we included a measure
of grip strength.

Cognition. Cognitive measures were numerical ability
(the ability to solve subtraction problems), general ori-
entation (to date, month, year, and day of week), and
delayed verbal recall memory (ability to remember a 10-
item word list after answering additional survey ques-
tions).

Data analysis

All analyses were conducted within the R statistical
computing environment.”” The data were first divided
by sex (women, men; summary statistics are provided
in Table 1) and then further split into analysis groups
(A1 = random forest analysis; A2 = logistic regression)
using R’s built-in random sampling function, resulting
in four sub-samples: Men A1 (n = 14,823), Men A2
(n = 14,823), Women A1 (n = 18,979), and Women A2
(n = 18,978). To handle missingness, we used multiple
imputation by chained equations®* to impute 20 com-
plete data sets for each of these four subsamples, using
all variables included in the analyses.

Random forest analysis (RFA). RFA is a machine learn-
ing approach related to classification and regression
trees.”> Regression trees recursively partition observa-
tions into sub-groups by predictor selection criteria that
maximally discriminate differences in an outcome vari-
able (e.g., depression risk). Thus, the “root node” of a
regression tree represents the best predictor using all
observations, whereas subsequent nodes represent the
best predictors within nested, increasingly smaller sub-
samples of observations. Through this, trees are particu-
larly inclined to represent interaction effects between
several predictor variables but can also approximate lin-
ear as well as nonlinear effects by means of several splits
in the same predictors. RFA extends this single tree
approach, providing built-in cross-validation by generat-
ing multiple trees where each tree is derived from ran-
domly sampled subsets of observations and predictors.
The predictions in RFA are averaged over the individual
trees, making them more smooth than those of any sin-
gle tree. This gives RFA distinct advantages over stan-
dard regression-based approaches for comparing risk
factors: Variable importance measures implicitly cap-
ture linear, nonlinear, and higher-order interaction
effects. Moreover, problems related to multicollinearity
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Demographics

Men (N = 29,646)

Women (N = 37,957)

n (%) M (SD) n (%) M (SD)
1. Age in years 29,646 (100.0) 68.0 (9.7) 37,957 (100) 67.7 (10.4)
2. Country of residence 18 countries represented, not shown due to space limitations
3. Education level
None 1,208 (4.1) 1,950 (5.1)
Primary 4,916 (16.6) 7,668 (20.2)
Lower secondary 4,410 (14.9) 6,560 (17.3)
Upper secondary 10,317 (34.8) 11,994 (31.6)
Post-secondary 1,294 (4.4) 1,688 (4.4)
First stage tertiary 6,711 (22.6) 7,345 (19.4)
Second stage tertiary 336 (1.1) 190 (0.5)

4. Employment status
Retired 19,242 (64.9) 20,104 (53.0)
Employed or self-employed 7,786 (26.3) 8,536 (22.5)
Unemployed 923 (3.1) 946 (2.5)
Permanently sick/disabled 909 (3.1) 1,123 (3.0)
Homemaker 74 (0.2) 5,752 (15.2)

5. Marital status
Married & living w/spouse 22,822 (77.0) 23,012 (60.6)
Registered partnership 476 (1.6) 467 (1.2)
Separated 378(1.3) 401 (1.1)
Never married 1,789 (6.0) 1,892 (5.0)
Divorced 2,055 (6.9) 3,525(9.3)
Widowed 2,004 (6.8) 8,533 (22.5)

6. # People in household 29,646 (100.0) 23(1.0) 37,957 2.1(1.0

7. Household income in Euro (x 1k) 29,646 (100.0) 295 (34.0) 37,957 (100.0) 24.8(29.1)

Family n (%) M (SD) n (%) M (SD)

8. Living with partner/spouse 24,327 (82.1) 24,276 (64.0)

9. Age difference from partner 24,314 (82.0) 3.7(4.7) 24,263 (63.9) -2.4 (4.5)
10. # Children 29,460 (99.4) 2.1(1.3) 37,736 (99.4) 2.1(1.3)
11. # Grandchildren 26,306 (88.7) 2.8(3.3) 34,227 (90.2) 3.1(3.5)
12.> 1 child in same household 8,538 (28.8) 11,062 (29.1)
13.> 1 child lives < Tkm away 11,672 (39.4) 15,509 (40.9)

14. Mother still alive 5,789 (19.5) 8,091 (21.3)

15. Father still alive 2,344 (7.9) 3,303 (8.7)

16. # siblings still alive 23,312 (78.6) 24(1.8) 29,714 (78.3) 24(1.8)
17. Burden of family responsibilitiesW 28,116 (94.8) 3.1(0.9) 36,421 (96.0) 3.0 (1.0)
Social Network n (%) M (SD) n (%) M (SD)
18. Size social network 26,107 (88.1) 24(1.5) 33,969 (89.5) 2.8(1.6)
19. # SNM in daily contact 25,241 (85.1) 1.3(0.9) 33,073 (87.1) 1.3 (1.0)
20. # SNM in weekly contact 25,241 (85.1) 2.1(1.3) 33,073 (87.1) 25(1.4)
21. # Family members in SNM 25,301 (85.3) 2.0(1.3) 33,139 (87.3) 22(1.3)
22. # Men in SNM 24,619 (83.0) 1.0(1.1) 31,554 (83.1) 1.2 (0.9)
23. # Women in SNM 24,619 (83.0) 1.5(0.9) 31,554 (83.1) 1.6 (1.3)
24. Avg. proximity of SNM 24,247 (81.8) 2.8(1.6) 31,797 (83.8) 3.4 (1.6)
25. Proximity, closest SNM 24,247 (81.8) 1.6 (1.4) 31,797 (83.8) 2.1 (1.6)
26. # SNM within Tkm 24,250 (81.8) 1.3(0.9) 31,799 (83.8) 1.3 (1.0)
27. # SNM within 5km 24,250 (81.8) 1.6(1.1) 31,799 (83.8) 1.7 (1.2)
28. Avg. freq. of contact from SNM 25,238 (85.1) 1.7 (0.9) 33,071 (87.1) 1.8 (0.9)
29. Freg. contact, closest SNM 25,238 (85.1) 1.2 (0.6) 33,071 (87.1) 1.3 (0.6)
30. Avg. emotional closeness in SNM 25,233 (85.1) 3.3(0.6) 33,082 (87.2) 3.3(0.6)

Table 1 (Continued)
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Demographics Men (N = 29,646) Women (N = 37,957)

n (%) M (sD) n (%) M (SD)
31. Emotional closeness, closest SNM 25,233 (85.1) 3.6 (0.6) 33,082 (87.2) 3.6 (0.6)
32. # Very emotionally close SNM 25,236 (85.1) 2.1(1.4) 33,084 (87.2) 2.5(1.5)
33. Social connectedness 25,018 (84.4) 1.9 (0.9) 32,579 (85.8) 2.1(0.9)
34, Self-rated social isolation’ 28,142 (94.9) 1.3(0.4) 36,435 (96.0) 1.4 (0.5)

Interpersonal Transactions (past 12 n (%) M (SD) n (%) M (SD)
months)

35. Received support >250 Euro 1,195 (4.0) 2,451 (6.5)
36. Received outside help 5,551(18.7) 9,570 (25.2)
37. Gave support >250 Euro 5,691 (19.2) 6,776 (17.9)
38. Gave regular care in-home 1,829 (6.2) 2,708 (7.1)
39. Gave help outside home 8,014 (27.0) 10,095 (26.6)
40. Gave care for grandchildren 4,970 (16.8) 8,982 (23.7)

Health and Functional Limitations n (%) M (SD) n (%) M (SD)
41. # Chronic diseases 29,580 (99.8) 1.2(1.3) 37,870 (99.8) 12(1.2)
42. Self-rated poor health 29,594 (99.8) 3.2(1.1) 37,874 (99.8) 3.2(1.1)
43. Hypertension diagnosis 12,209 (41.2) 15,686 (41.3)

44, Diabetes diagnosis 4,517 (15.2) 4,775 (12.6)
45. Body mass index 29,159 (98.4) 27.3 (4.1) 36,665 (96.6) 26.8 (5.0)
46. Lack of physical activity 29,580 (99.8) 25(1.3) 37,874 (99.8) 27(13)
47. Ever smoked daily 17,197 (58.0) 12,576 (33.1)
48. Alcohol consumption, units/week 19,380 (65.4) 8.8 (9.6) 15,777 (41.6) 4.6 (5.8)
49. Maximum grip strength 27,137 (91.5) 42.2(10.3) 34,246 (90.2) 26.0 (7.0)
50—53. Difficulties in:
Activities of daily living (ADL) 29,584 (99.8) 0.2 (0.8) 37,870 (99.8) 0.3 (0.9)
Instrumental activities of daily living (IADL) 29,584 (99.8) 0.2 (0.8) 37,870 (99.8) 0.3 (0.9)
Fine motor skills 29,582 (99.8) 0.1(0.5) 37,868 (99.8) 0.2 (0.5)
Mobility 29,582 (99.8) 0.5(0.9) 37,868 (99.8) 0.7 (1.0)
Mental Health and Cognition n (%) M (SD) n (%) M (SD)
OC. Depression 5451 (18.4) 12,095 (31.9)
54. Numerical ability 28,129 (94.9) 43(1.3) 36,425 (96.0) 4.0 (1.6)
55. Orientation to date, day of week 28,110 (94.8) 3.8(0.5) 36,417 (95.9) 3.8(0.5)
56. Delayed recall memory 27,943 (94.3) 3.7(2.1) 36,224 (95.4) 4.1 (2.3)
Table 1: Sample descriptive statistics of all variables included in the analyses.
Note: For continuous variables, n(%) refers to total responses (and rate). For binary and categorical variables, n(%) refers to count (and percentage) of partici-
pants who gave a confirmatory “yes” response. M = mean. SD = standard deviation. # = number of. SNM = social network member(s). SHARE variable names
are provided in parentheses next to each variable. Predictors are numbered. OC = “outcome”
'Ttems were reverse-coded from their original SHARE scaling for clarity of interpretation

and spurious variable selection (model over-fit) are miti-
gated.

RFA was applied to the A1 sub-samples (indepen-
dently for women and men) using the function cforest()
from the R package party with the “cforest_unbiased”
option®*#*> for predictors of mixed types and with vari-
able importance based on the permutation importance.
We tuned cforest’s parameters (ntree = number of trees,
mtry = number of variables pre-sampled per node) inde-
pendently for each of the imputed data sets for the RFA
subsamples (Men A1, Women A1) and running RFAs
with different parameter values (ntree = 100—1200;

mtry = 7—15). We then used the function cforesStats()
from the R package caret®® to calculate the predictive
accuracy for each of these analyses using the out-of-bag
observations (OOB; unsampled observations during
tree/forest construction) to determine the parameter
values at which accuracy was maximized. Tuning-
related analyses are described at length in the Supple-
mental Materials. We then re-ran the RFAs using the
tuned parameter values for each of the imputed data
sets, and we again calculated accuracy for each of these
analyses based on the OOB observations. Point esti-
mates for variables’ importance (VIMP) and variables’

www.thelancet.com Vol 18 Month July, 2022



Rank Men Women
Predictor VIMP Tob Predictor VIMP Tob

1 Social isolation 0.026 0.379 Social isolation 0.044 0.394

2 Poor health 0.015 0.330 Poor health 0.030 0.372

3 Diff mobility 0.003 0.301 Diff mobility 0.007 0.308

4 Diff IADL 0.002 0.218 Country 0.003 NA

5 Diff ADL 0.002 0.231 Family burden 0.003 0.101

6 Numerical ability 0.002 -0.163 Diff ADL 0.003 0.228

7 Diff fine motor 0.002 0.219 # of chronic diseases 0.002 0.219

8 Family burden 0.001 0.093 Numerical ability 0.002 -0.193

9 Country 0.001 NA Diff fine motor 0.002 0.206

10 Lack of physical activity 0.001 0.185 Diff IADL 0.002 0.210
Table 2: Top depression predictors based on RFA Variable Importance (VIMP).
Note: The ten top RFA predictors are shown in decreasing order of importance. VIMP = random forest raw variable importance. 1, = zero-order point-biserial
correlations between each continuous predictor and the binary outcome, depression, calculated using all pairwise complete observations from the non-imputed
data. Diff mobility= difficulties with mobility, Diff ADL= difficulties in activities of daily living, Diff IADL= difficulties in instrumental activities of daily living,
Diff fine motor= difficulties with fine motor skills. NA = not applicable.

ranks were averaged across the RFA of the 20 imputed
data sets. RFA does not provide standard errors for
VIMP estimates, but we checked the consistency of vari-
ables’ VIMP ranks across analyses of the imputed data
sets (reported in the Supplemental Materials).

Logistic regression. We applied stepwise logistic regres-
sion to the A2 sub-samples (independently for women
and men) to estimate explained variance in depression
risk and odds ratios for the strongest risk/protective fac-
tors. Predictors were added sequentially in descending
order of their ranked importance, as determined by the
RFA results. Predicted variation in depression risk was
evaluated using Tjur’s coefficient of discrimination
(R*jur), which has an upper bound of 1.00 and is
closely related to R* definitions for linear models.”” We
conducted an a priori sensitivity analysis (¢ = .os,
B = .80, N = 15,000) which showed that a stepwise
change in R* (AR*) = .0005 could be reliably deter-
mined. This AR* was exceedingly small in terms of
explained variation; however, we felt it important to take
an inclusive approach. We therefore compromised by
multiplying this value by an order of magnitude (x10) to
arrive at a threshold for AR® = .00g; that is, a given pre-
dictor must contribute at least 0.5% to explained varia-
tion in depression risk to merit inclusion in the final
model. Regression coefficients (point estimates and
standard errors) were pooled across analyses of the
imputed data sets using Rubin’s rule as implemented
in R package mice.”” These were then exponentiated to
obtain odds ratios and corresponding confidence inter-
vals. Point estimates for AR* and total R* were obtained
by averaging AR® and total R* across analyses of the
imputed data sets.

Role of the funding source: The funder had no
role in the design or conduct of the study; the collec-
tion, management, analysis, or interpretation of the
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data; preparation, review, or approval of the manu-
script; or in the decision to submit the manuscript
for publication.

Results

Summary statistics

Summary statistics, including response rates, for varia-
bles in the current analyses are provided in Table 1.
Because analyses were disaggregated by sex, we
reported summary statistics by sex.

Random forest analysis

Optimized RFA tuning parameters are provided in the
Supplemental Materials. Across the 20 imputed data
sets, RFAs run with these parameter values gave aver-
age out-of-bag accuracy of M = o0.760 (range = .756
—.764) for women and M = 0.824 (range = .820—.827)
for men. RFA results for the ten predictors with the
highest variable importance are presented in Table 2,
with the full list presented as Supplemental Materials.
The top predictors were highly similar for men and
women. Self-rated social isolation was the strongest risk
factor for depression, followed by self-rated poor health
and difficulties with mobility. Other top predictors
included additional health and functional measures,
numerical ability (i.e., fluid intelligence), self-rated fam-
ily burden, and country of residence.

Logistic regression

Predictors for the logistic regression were entered step-
wise in decreasing order of RFA importance, with pre-
dictor retention determined by AR*rjy,, > .005. Only five
predictors met this threshold, the top three of which
were consistent across men and women (Figure 1). Self-
rated social isolation and self-rated poor health
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Total = 24.2% Total = 23.8%

Risk/Protective Factor

I Difficulties in IADL
Family burden (self-rated)
Difficulties with mobility
. Poor health (self-rated)
. Social isolation (self-rated)

% Explained Variation in Depression Risk

Men Women

Figure 1. Cumulative % explained variation in depression risk accounted for by the top risk/protective factors, as entered in step-
wise order based on RFA importance.

accounted for most of the explained variation in depres-  difficulties in instrumental activities of daily living
sion risk (22.0% for men, 22.3% for women). Difficul-  (IADL) accounted for an additional 0.6% of explained
ties in mobility accounted for an additional 1.6% (men)  variation. In women, self-rated family burden accounted
and 0.6% (women) of explained variation. In men, for an additional 0.9% of explained variation.

A Men @ Women

Social isolation (self-rated) -Sh-
Poor health (self-rated) 1 —A9—
Difficulties with mobility 1 =

Family burden (self-rated) L
Difficulties in IADL - A
05 1?0 1.5 2.0
Odds Ratio

Figure 2. Odds ratios of the top risk/protective factors for depression. Odds ratios correspond to predictors in standardized units (for
comparative purposes).
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Note that several of the top predictors as determined
by RFA (which is robust to multicollinearity) were non-
significant in the stepwise approach due to overlapping
explained variation in depression risk. Measures of
functional health were salient in this regard in that they
offered little additional explanatory information beyond
that of mobility difficulties. RFA results showed country
of residence as a top predictor; however, increases in
explained variation related to this variable in the logistic
regression analyses were small (~1%) given the large
number of potential comparisons (with 18 countries
represented). We therefore excluded country as a predic-
tor in the final regression models.

Odds ratios for the top five risk/protective factors
(standardized, for comparative purposes) are shown in
Figure 2. Estimates in raw format are provided as Sup-
plemental Materials. Results were as follows: +1SD
social isolation increased odds in men by 1.99x, 95% CI
[1.90,2.08] and in women by 1.93x%, 95% CI [1.85,2.02];
+1SD poor health increased odds in men by 1.93x, 95%
CI [1.81,2.05] and in women by 1.98x, 95% CI
[1.87,2.10]; +1SD difficulties in mobility increased odds
in men by 1.24%, 95% CI [1.17,1.31] and in women by
1.25%, 95% CI [1.15,1.36]. Additionally, in men, +1SD dif-
ficulties in IADL increased odds by 1.19%, 95% CI
[1.11,1.28]. In women, +1SD higher self-rated family bur-
den increased odds by 1.27%, 95% CI [1.22,1.32].

Discussion

We used random forest machine learning to compare
56 variables for predicting depression in a large sample
of middle-aged and older European adults. Results
showed that self-reported social isolation and poor
health were the top predictors, accounting for over 20%
of variability in depression risk. Mobility problems, diffi-
culties in instrumental activities of daily living (for
men), and family burden (family responsibilities inter-
fering with personal aims, for women) accounted for
approximately 2% of additional explained variability in
risk. This demonstrates that social isolation, poor
health, and difficulties in daily functional activities are a
potent combination of risk factors closely linked to
depression in later life.

Our findings amplify prior work identifying social
isolation as a key predictor for depression among older
adults.?®?9 In 2020, the National Academies of Scien-
ces, Engineering, and Medicine published a report stat-
ing that social isolation and loneliness represent a
“significant yet underappreciated public health risk”.>®
This report points to a growing concern that over 25%
of community-dwelling Americans aged 65 and older
are socially isolated, with 43% reporting feeling lonely.
The current results indicate that older Europeans are
likely similarly affected by problems of social isolation
and depression.
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Depression manifests both objectively and subjec-
tively. Accordingly, in our study, we included a variety
of social, health, cognitive, and functional variables,
measured both objectively and subjectively. Of the top
predictors for depression, subjective measures were
most strongly represented. Social isolation (a composite
measure based on subjectively reported lack of compan-
ionship, feeling left out, feeling isolated from others,
and feeling lonely) was a much stronger predictor of
depression risk than were more than 30 objectively mea-
sured sociodemographic, family, transactional, and
social network-related variables. Self-reported social iso-
lation was most strongly correlated with objective meas-
ures of living with a partner/spouse (r = -.29), mobility
difficulties (r = .28), and distance to one’s “closest other”
(r=.22). Self-rated poor health was most strongly corre-
lated with objective measures of mobility difficulties
(r = 0.49), number of chronic diseases (r = 0.42), and
physical inactivity (r = .33). These self-report measures
of social isolation and poor health likely reflect health,
mobility, and relational proximity problems that influ-
ence depression risk both directly and through their
(potentially complex) interactions—and thus, compared
with more narrowly defined risk factors, may be espe-
cially important for assessing risk outcomes in older
adults.>'

Beyond social isolation and general poor health, we
found that problems with mobility (e.g., walking up
stairs), difficulties in instrumental activities of daily liv-
ing (in men), and self-reported burden of family respon-
sibilities (in women), collectively accounted for an
additional 2.2% (in men) and 1.5% (in women) of varia-
tion in depression risk. Difficulties with day-to-day func-
tion/personal care can contribute to loss of
independence and lower self-efficacy, which in turn has
been associated with depression onset.>* The interrup-
tion of personal goals due to increased burden of care
and/or other stressful life events has been linked to
higher depression and more emotional distress.** Taken
together, these associations indicate that challenges in
navigating functional aspects of daily life likely contrib-
uted to depression risk.

Globally, the prevalence of depression in women has
been estimated to be nearly twice that of men," however
factors predictive of depression in older adults have
rarely been compared across sexes. We conducted analy-
ses independently by sex, and results showed highly
similar predictor patterns across women and men,
despite large differences in later-life depression preva-
lence rates (18% in men vs. 32% in women) as mea-
sured by the EURO-D in this population-representative
sample. The question then remains as to what accounts
for the overall difference in prevalence rates across sexes
if the key risk factors and predictive effects are so simi-
lar? In addition to sex-related differences in IADL and
burden of family care, a much larger percentage of
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women vs. men were widowed (22.5% vs. 6.8%), and
widowhood was positively correlated with depression
(¢ = .10 in women; ¢ = .07 in men), which suggests that
differences in bereavement may have also played a role.
Notwithstanding, future studies of sex-related differen-
ces in risk factors for depression among older adults
may benefit by closer examination of sex/gender-related
social disparities and gender role socialization, which
may influence the expression of depressive symptoms.**

Limitations

Data for this study were cross-sectional (SHARE Wave
6), so we could not examine temporal associations
between risk/protective factors and depression onset.
The decision to analyze cross-sectional data was made
on the basis that social network variables of key concern
were only collected in SHARE Waves 4 and 6, with
additional risk/protective factors of focal interest only
collected at Wave 6. Additionally, although we found lit-
tle evidence of an effect of chronological age on differen-
ces in depression risk, it has been suggested that
stressful life experiences (SLE) more strongly influence
depression risk in mid- vs. late-life.>> Further, depressive
symptoms in women have been shown to be elevated
during the menopause transition.’® Unfortunately, we
could not include SLE and related antecedents for affec-
tive disorders in our analyses, nor were we able to
account for menopausal status or potentially important
neurophysiological measures (e.g., cerebral white mat-
ter lesion prevalence) as these variables were not avail-
able from SHARE.

Conclusion

Depression remains a leading cause of disability in mid-
dle age and later life that is both preventable and possi-
bly modifiable. The current results point to social
connectedness, physical health, and mobility as key for
maintaining emotional wellbeing and minimizing
depression risk in later adulthood. Difficulties in instru-
mental activities of daily living (in men) and increased
family burden (in women) appear to differentially influ-
ence depression risk across sexes. From a public health
perspective, these results provide evidence of the impor-
tance of screening for depression risk and perceived
social isolation within this age demographic during rou-
tine medical visits where these health indicators (per-
ceived health, mobility) should be assessed regularly.
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