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The course of cognitive decline - inevitable?

The continuum of Alzheimer’s disease

Cognitive
function

Years

Figure credit: DOI: 10.2217/bmm.14.42
"https://www.who.int/news-room/fact-sheets/detail/dementia
2doi: 10.1016/S0140-6736(20)30367-6

310.14283/jpad.2024.37

Globally, more than 55 million people
living with dementia, with an additional
10 million newly affected each year’

2020: Modifiable factors estimated to
contribute 40%, while genetic risk
contributes ca. 7%?2

2023: First drugs to slow cognitive
decline or improve ADLs received FDA
approval®

Prevention, particularly primordial, safer
and likely to be more cost-effective



The role of context in cognitive ageing and
dementia



The role of context and the social
determinants of health

e Socioeconomic inequalities, i.e. deprivation
e Inequality of educational opportunity
e (Gender inequalities




Social determinants of risk for dementia

Figure 1. Risk of Incident Dementia for A Area-level and B Individual-level Socioec ic Deprivation with Genetic Risk
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Klee, M., Leist, A. K., Veldsman, M., Ranson, J. M., & Llewellyn, D. J. (2023). Socioeconomic deprivation, genetic risk and incident dementia. g
American Journal of Preventive Medicine. doi: 10.1016/j.amepre.2023.01.012




The role of schooling

Participants to the Survey of Health,
Ageing and Retirement in Europe: 25,544
women, 20,904 men with 2-6
assessments, three 10-year birth cohorts
born after 1940

Cognition: Immediate and delayed recall,
verbal fluency

Inequality of educational opportunity
(country-cohort level)

Parental
education

Innate
cognitive
abilities

l

Length and complexity
of schooling

Cognitive development

Associations of level of IEO on level of and rate of change in three cognitive measures in stratified multilevel (mixed-effects) models.

Inequality of educational opportunity data
from the World Bank Global Database on
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Leist, A. K., Bar-Haim, E., & Chauvel, L. (2021). Inequality of educational opportunity at time of schooling predicts cognitive
functioning in later adulthood. SSM - Population Health, doi: 10.1016/j.ssmph.2021.100837



General cohort gains 2007-2017 Gains across performance levels 2007-2017
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Rehnberg, J., Fors, S., Ford, K. J., Leist, A. K. (2024). Cognitive performance trends among European older adults: exploring
variations across cohorts, gender, and educational levels (2007-2017). BMC Public Health. doi:10.1186/s12889-024-19123-3




The role of gender-role norms and gender inequalities

e The role of gender-role attitudes (“when jobs

LE 11

are scarce...”, “...cut down paid work for sake
of family”) and employment biographies1

e The role of gender inequalities for dementia
risk playing out through lower-quality nutrition,
teenage pregnancy, limited education and

career opportunities of women in Latin

American countries2

'Bertogg., A., & Leist, A. K. (2023). Gendered life courses and cognitive functioning in later life: The role of gender norms and
employment biographies. European Journal of Ageing. doi: 10.1007/s10433-023-00751-4

%Ribeiro, F., Crivelli, L., & Leist, A. K. (2023). Gender inequalities as contributors to dementia in Latin America and Caribbean
Countries: what factors are missing from research? The Lancet Healthy Longevity. doi: 10.1016/S2666-7568(23)00052-1 9




The role of modifiable risk factors in cognitive
ageing and dementia
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Modifiable risk factors in dementia -
potential for prevention

5%
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Sex/gender differences in (modifiable) risk

; burden and dementia risk
A

e Differences in risk burden, but no differences in risk factor-outcome
relationships for risk of dementia in the English Longitudinal Study on
Ageing'

e Meta-analysis: Increased dementia risk in women due to higher life
expectancy and fewer educational and occupational opportunities in Latin
America; further vulnerable groups low-educated and rural residents?

'Geraets, A. F. J., & Leist, A. K. (2023). Sex/gender and socioeconomic differences in modifiable risk
factors for dementia. Scientific Reports, 13(80). doi: 10.1038/s41598-022-27368-4
“Ribeiro, F., Teixeira-Santos, A. C., Caramelli, P., & Leist, A. K. (2022). Systematic review and

rurality, age, and education as possible determinants. Aging Research Reviews, 81, 101703. doi:
10.1016/j.arr.2022.101703

meta-analyses on the prevalence of dementia in Latin America and Caribbean countries: Exploring sex,
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The role of glycemia in menopausal
factors

e Age at natural menopause, occurrence of bilateral oophorectomy,
hysterectomy and age at surgery (n=147,119 women; mean+SD age 55.2
+8.0 years at baseline)

e Glycemia assessed through fasting glucose levels and HbA1c
Incident dementia assessed through hospital and death records

Mediation of early age at natural menopause and incident dementia only through
HbA1c (4.7%).

Early and surgical menopause linked to less favourable glycemia markers.

Geraets, A.F.J., Ford, K.J., May, P, Kidd, E.J., Leist, A.K. The associations of age at menopause, bilateral oophorectomy, and 14
hysterectomy with glycemia and risk of dementia. Tentatively accepted at Social Science & Medicine.




The role of the gut microbiome
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. Klee, M., Aho, V. T. E., May, P., Heintz-Buschart, A., Landoulsi, Z., Jonsdéttir, S. R., Pauly, C., Pavelka, L.,
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Some words on methods in cohort/panel
studies



Using new methods to improve accuracy
of detecting ‘probable’ dementia

e Validation of a dementia algorithm in the European SHARE
(n=140,000 respondents), detection of ‘probable dementia’ without
clinical assessment, reduced underreporting from 61.0 (95% Cl,
53.3-68.7%) t0 30.4% (95% Cl, 19.3-41.4%)’

e Use of transfer learning to improve accuracy of dementia estimation
for Blacks (Brier 0.049 vs. 0.061; AUC 0.84 vs. 0.81; AUPRC 0.52 vs.
0.39) and Hispanics (improved model calibration) in the U.S. HRS?

'Klee, M., Langa, K. M., & Leist, A. K. (2024). Performance of probable dementia classification in a European

multi-country survey. Scientific Reports. doi: 10.1038/s41598-024-56734-7

2Kim, J. H., Langa, K. M., Glymour, M. M., Leist, A. K. Improving accuracy in the estimation of probable dementia in

racially and ethnically diverse groups with penalized regression and transfer learning. Under review. 17




Description - Prediction -
Causal inference

SCIENCE ADVANCES | REVIEW

RESEARCH METHODS

Mapping of machine learning approaches
for description, prediction, and causal inference
inthe social and health sciences

Anja K. Leist'*, Matthias Klee', Jung Hyun Kim', David H. Rehkopf?, Stéphane P. A. Bordas®,
Graciela Muniz-Terrera®®, Sara Wade®

Machine learning (ML) methodology used in the social and health sciences needs to fit the mlended research
purposes of description, prediction, or causal inference. This paper i

of research questions in the social and health sclences to appropriate ML approaches byi Incovporatlng the neces-
sary requirements to statistical analysis in these di We map the into descrip-
tion, prediction, counterfactual prediction, and causal structural learning to common research goals, such as
estimating prevalence of adverse social or health outcomes, predicting the risk of an event, and identifying risk
factors or causes of adverse outcomes, and explaln common ML performance metrics. Such mapping may help to

Copyright © 2022
The Authors, some
rights reserved;
exclusive licensee
American Association
for the Advancement
of Science. No claim to
ariginal US. Govemment
Works. Distributed
undera Creative
Commons Attribution
License 4.0(CCBY).

T USED 10 THINK,

CAUSATION.

1

CORRELATION lr'IPuED

THEN I TOK A
STATISTICS CLASS.
Now I DON'T;

79

SOUNDS LIKE THE
CLASS HELPED.

WELL, MAYBE.

P g

Leist, A. K., Klee, M., Kim, J. H., Rehkopf, D. H., Bordas, S. P. A., Muniz-Terrera, G., & Wade, S. (2022).
Mapping of machine learning approaches for description, prediction, and causal inference in the social and

© xked

health sciences. Science Advances. 8(42). doi: 10.1126/sciadv.abk1942

fully exploit the benefits of ML while
and h i to the
social and health sciences research.

INTRODUCTION
Compared to many traditional statistical methods and with increasing
availability of large datasets of relevance to the social and health
sciences, machine learning (ML) methods have the potential to con-
siderably improve aspects of empirical analysis. This includes
advances in prediction, by fast processing of large amounts of data;
in detecting nonlinear and higher-order relationships between
exposures and confounders; and in improving accuracy of prediction.
However, uptake of ML approaches in social and health research,
spanning from sociology, psychology, and economics to social and
clinical epidemiology and public health, has been rather slow and
remains fragmented to this date. We argue that this is, in part, due
to a lack of ion between the disciplines, the limited in-
corporating of domain knowledge into analytical approaches in the
social and health sciences, and a lack of accessible overviews of ML
approaches fitting the research goals in the social and health sciences.
The aims of this paper are to provide a high-level, nontechnical
toolbox of ML approaches through the systematic mapping of
research goals in the social and health sciences to appropriate ML
methods; explain common metrics in ML; and point researchers to
solutions to common problems in ML modeling. Our review focuses
on research questions that involve datasets with human participants
as research units and the analysis of clinically assessed or self-
reported variables. In most studies in the social and health sciences
using ML, we present here models that are trained on static datasets,
that is, models are not continuously processing new data but rely on
finite datasets from cohort studies or surveys after the end of data
collection and cleaning.

"Department of Social Sciences, Institute for Resea rchon So(lo Economic \nequamy
(IRSEI), University of L Esch ., Luxembourg.

Epidemiology and Population Health, P Univeriy, Palo Ao, Ch. Uk lDer
partment of Engineering, University of Luxembourg, Esch-sur-Alzette, Luembour.
Centre for Dementia Prevention, University of Edinburgh, Edinburgh, UK. *Chio
University, Athens, OH, USA. ®School of Mathematics, University of Edinburgh,
Edinburgh, UK.

*Corresponding author. Email: anjaleist@unilu

Leist et al, Sci. Adv. 8, eabk1942 (2022) 19 October 2022

ific aspects relevant to the social and health sciences
of the uptake of ML applications to advance both basic and applied

Our review should be seen as complementary to introduction
papers to ML in the fields of epidemiology and health research (1),
psychology (2), and economics (3). For general introductions to
statistical learning, interested readers are referred to excellent text-
books on these approaches (4, 5).

The remainder of the review is organized as follows: The “Mapping
research purposes in the social and health sciences to ML tasks”
section outlines the main task of mapping research purposes in the
social and health sciences to appropriate ML approaches. The
“Basics of ML” section covers the basics of ML, specifically tradi-
tional ML categorizations, data preparation, model building, and
“real-world” applications of ML. The next sections describe the
mapping of ML approaches to research purposes of description,
prediction, and causal inference, mapping appropriate ML methods
and giving empirical examples. The “ML performance metrics™
section gives an overview of ML performance metrics. The “Looking
forward” section closes with an outlook.

MAPPING RESEARCH PURPOSES IN THE SOCIAL AND HEALTH
SCIENCES TO ML TASKS
Common research purposes in the social and health sciences can be
categorized, in a nutshell, as researchers’ intentions to (i) describe
phenomena, (ii) predict social or health outcomes, and (iii) find
causes of and possibilities to intervene to improve these outcomes.
‘We will, over the course of this review, present in more detail specific
research questions related to description, prediction, and causal
inference (6), even if not all research questions allow these strict dis.
tinctions. We will map these research questions to appropriate ML
methods, using empirical studies as illustration where possible.
Methods summarized as ML in this review represent different
traditions of data analysis, e.g., inferential statistics, statistical learning,
and computational sciences. Their common denominator is the ability
to process large amounts of data, while model building and model
selection decisions are more driven by the data structure {data-driven)
than in traditional inferential statistics.

10f20
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Using new methods to get closer
to causal inference

Rungs of Judea Pearl’s causal ladder:

e Estimate associations (descriptive)
e Do an intervention
e Imagine counterfactuals

ACTIVITY:
QUESTIONS:

g
>

EXAMPLES:

f}. COUNTERFACTUALS

Imagining, Retrospection, Understanding

What if I had done ...2 Why?
(Was it X that caused Y? What if X had not
occurred? What if T had acted differently?)

Wias it the aspirin that stopped my headache?
Would Kennedy be alive if Oswald had not
killed him? What if I had not smoked for the
last 2 years?

ACTIVITY:

QUESTIONS:

EXAMPLES:

(2. INTERVENTION

Doing, Intervening

What if 1do ...2 How?
(What would Y be if I do X?
How can I make Y happen?)

If T take aspirin, will my headache be cured?
What if we ban cigarettes?

ACTIVITY:
QUESTIONS:

EXAMPLES:

(1. ASSOCIATION

Seeing, Observing

What if 1 see ..?
(How are the variables related?
How would seeing X change my belief in Y?)

What does a symptom tell me about a disease?
What does a survey tell us about the
election results?

Pearl, J., & Mackenzie, D. (2018). The Book of Why: the new

science of cause and effect. Basic books.
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And how we applied this thinking

...by ‘emulating’ trials inspired by Miguel Hernan

Condition similar to

RCT ‘intervention’
Sample of Extended
observational study follow-up

Condition similar to
RCT ‘control’

Outcome of interest

20



And how we applied this thinking

...to test the role of working after age 65+ for cognitive -~
functioning and other health outcomes

Al
v
[AA

Condition similar to
RCT ‘intervention’

Sample of Extended
observational study follow-up
Eligibility criteria, Condition similar to
working histories RCT ‘control’

Outcome of interest

Kim, J.-H., Muniz-Terrera, G., & Leist, A. K. (2023). Does (re-)entering the labor market at advanced ages protect against
cognitive decline? A panel-matching difference-in-differences approach. Journal of Epidemiology and Community Health,
77(10), 663-669. doi: 10.1136/jech-2022-220197

21



Korea: KLoSA, N=1,872

Cognitive functioning: K-MMSE é
U.S.: HRS, N=4,070 ;%
Entering/exiting work after age 65 o§
Cognitive functioning: Telephone

Interview for Cognitive Status (TICS)

Matching difference-in-difference

77(10), 663-669. doi: 10.1136/jech-2022-220197
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Kim, J.-H., Muniz-Terrera, G., & Leist, A. K. (2023). Does (re-)entering the labor market at advanced ages protect against
cognitive decline? A panel-matching difference-in-differences approach. Journal of Epidemiology and Community Health,
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And how we applied this thinking (7~

...to test the role of hearing aids in hearing impairment for
dementia risk

Condition similar to
RCT fintervention’

Sample of Extended
observational study follow-up
Eligibility criteria: Condition similar to
hearing impairment RCT ‘control’

Outcome of interest

Mur, J., Klee, M., Solomon, A., Johnson, C., Littlejohns, T. J., Muniz-Terrera, G., Leist, A.K. A hypothetical intervention on the use of hearing
aids for the risk of dementia in people with hearing loss in UK Biobank. Revise & resubmit at American Journal of Epidemiology. 23




N=60,633 UKB participants with HL
N=4,063 (6.7%) HA users
Mean follow-up of 11.4 years

Dementia ascertained through
hospital, death, primary care
records

N=857 incident dementia; N=106
HA users (blue); N=751 non-users
(red)

Proportion without dementia

1.000

0.995

0.990

0.985

0.980

0.975

0.970

0.965

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Follow-up (years)

Mur, J., Klee, M., Solomon, A., Johnson, C., Littlejohns, T. J., Muniz-Terrera, G., Leist, A.K. A hypothetical intervention on the use of hearing
aids for the risk of dementia in people with hearing loss in UK Biobank. Revise & resubmit at American Journal of Epidemiology. 24



Korean Longitudinal Study of Aging (KLoSA)

Studies | E LSA

DE English Longitudinal Study of Ageing
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Your
brain health
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