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Motivation
Evidence from neuroscience and economic research let it appear irrevocable that cognitive
abilities decline with age.
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This decline has considerable implications for human interactions, economic choices, and the
quality of life per se.

Knowledge about the causal determinants of these associations would be key for sustainable
aging societies.

We study the e�ects education and its causes:

1 Cognitive reserve hypothesis 2 Use-it-or-lose-it hypothesis
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Meta-analysis by Ritchie and Tucker-Drob (2018, Psychological Science):
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Research Question & Contribution

education
15

cognitive ability
55-70

TTE: total treatment effect

Contribution:
1 We develop of novel estimator for causal mediation analysis that is directly based on IV

estimation.

• Except for Frölich and Huber [2017] (based on a control function approach), no estimator exists that
incorporates endogeneity of treatment and mediator and heterogeneous treatment e�ects.

• Frölich and Huber [2017] do not discuss estimation with binary instruments
2 First to test whether labor force causes emerging e�ects of education on old-age cognitive

abilities
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Data
Pool representative survey data from 17 countries on population aged 50+
I Survey of Health Ageing, and Retirement (SHARE), ELSA (UK)
I Biennial data 2004-2018
I Individuals around the age of 50 to 70
I Total of 80,763 observations

Measure of cognitive abilities:Word recall test: interviewer reads ten words, respondent is
asked to repeat the words
I directly a�er words are read (immediate recall)
I 5 minutes later (delayed recall)
I both together add up to word recall test score (range: 0-20)
I measure of fluid intelligence

Standard measure both in the economic literature as well as in other fields such as
neuropsychology.

Celidoni et al. (2017): Strong reduction (minus 20 per cent) predict dementia in the HRS in 70%
of all cases.
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Retirement ages and compulsory schooling

I Schooling is endogenous

I We define
D = 1(years of schooling≥
new level of compulsory
schooling)

I MediatorM (retirement) is
endogenous

ERA (ZM) Compulsory schooling (ZD)

men women change in years pivotal cohort

Austria

60-65 55-60 8-9 1951

Czech Republic

57-60 54-60 8-9 1934
9-8 1939
8-9 1947

England

65-66 60-66 10-11 1957

France

60 60 7-8 1923
8-10 1953

Germany

63 62-63

HH

8-9 1934

SH

8-9 1941

HB

8-9 1943

NI

8-9 1947

SL

8-9 1949

BW, HE, NRW, RP

8-9 1953

BY

8-9 1955

Greece

58-60 55-60 6 1963

Italy

57-58 57-58 5-8 1949

Netherlands

62 62 7-9 1936

Spain

61 61 6-8 1957
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Recall by age and treatment status
73% have D = 1. 55% haveM = 1 (not in the labor force)
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Regression results: total treatment e�ect

yit = βDit + γc + λt + δb + τc(t − b) + εit

Treatment: More education

OLS First stage 2SLS
(1) (2) (3)

More education (D) 1.485∗∗∗ 0.811∗∗∗
(0.0483) (0.306)

Post CS-reform (Z1) 0.244∗∗∗
(0.0220)

Control variables yes yes yes

Number of observations in each regression: 80,164. Additional control variables are birth
year fixed e�ects, interview wave fixed e�ects, country fixed e�ects, country-specific li-
near age trends, test repetition fixed e�ects and male. Standard errors in parentheses
clustered on birth year-country level. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Regression results: E�ect of D onM

OLS 2SLS
(1) (2)

More education (D) -0.082∗∗∗ -0.177∗∗∗
(0.008) (0.05)

Control variables yes yes

Number of observations in each regression: 80,164. Additional
control variables are birth year fixed e�ects, interview wave fixed
e�ects, country fixed e�ects, country-specific linear age trends,
test repetition fixed e�ects and male. Standard errors in parenthe-
ses clustered on birth year-country level. * p < 0.1, ** p < 0.05,
*** p < 0.01.
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Causal Mediation Analysis

Steps: Choice about
the treatment

Choice about
the mediator

Y

Y1
Y11

Y10

Y0
Y01

Y00

D = 1

M1 = 1

M1 = 0

D = 0
M0 = 1

M0 = 0

Mediated Outcomes:
Y1M1

:= Y11M1 + Y10(1− M1)

Y1M0
:= Y11M0 + Y10(1− M0)

Definition of Mediation E�ects:

TTE := Y1M1 − Y0M0

= Y1M1 − Y1M0
+ Y1M0 − Y0M0

= ITE(1) + DTE(0)

= DTE(1) + ITE(0)

I Conventional treatment e�ects focus only on Y1 − Y0

I Mediation analysis: Contribution of E(M1 − M0) to E(Y1 − Y0)
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Causal Mediation Analysis

In a hypothetical experiment:
I Random assignment of D

andM
I Full compliance
I Assignment of D

independent ofM
0 1

Population Share

E(Y)

I Because of the random assignment, we can extrapolate the means to the other groups
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Causal Mediation Analysis
To study the ITEs, we stack the populations with D = 1 and D = 0 on top of each other:
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Causal Mediation Analysis

Our proposed methods connects to the idea of a randomized experiment by using instruments.

We focus on individuals for which the treatment and mediator choice is completely random: The
complier. They have D = ZD,M = ZM

Assumption: Validity of ZM
Compulsory Schooling: First Stage Event Study

Assumption: Validity of ZB
Early Retirement Ages: First Stage Event Study

Additive Separability
Implicitly made in every IV model.
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Proposed Method

Selection equation:
Mj = 1

[
Y j1 − Y j0 ≥ Cj(ZM, X)

]

= 1

[
Pr(M = 1|ZM, X) ≥ UjM

]
∀j ∈ {0, 1}.

Potential outcome curves

0 1
UM

E(Y)

Propensity to takeM:

Pr(M0) Pr(M1)

0 1
UM

Pr(M1)
Pr(M0)

Mediation e�ects:
ITE(1) = E

(
Y11 − Y10)(Pr(M1 = 1)− Pr(M0 = 1)

)
DTE(0) = E

(
Y10 − Y00)

+
(
Pr(M0 = 1)

)
E
(
Y11 − Y01 − (Y10 − Y00)

)
Estimation Protocol Simulation results
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Causal Mediation Analysis—Results
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Causal Mediation Analysis—Results

E�ect decompositionTotal
treatment

e�ect Indirect TEs Direct TEs

TTE = LATE ITE(1) ITE(0) DTE(1) DTE(0) N

Baseline results 0.864∗ 0.293∗ 0.043 0.822∗ 0.571 80,763
(0.505) (0.153) (0.052) (0.494) (0.488)

Number of observations: 80,763. Control varixables are birth year fixed e�ects, interview wave fixed e�ects, country
fixed e�ects, country-specific linear age trends, test repetition fixed e�ects and male. Bootstrap standard errors (200
replications) in parentheses clustered on birth year-country level. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Summary & Conclusion
We study the interaction of education in adolescence and retirement around retirement age and
its e�ect on cognitive abilities of individuals in Europe aged 50-70.

We decompose LATE= ITE(1) +DTE(0).
8% = 1/3 +2/3

= ITE(0) +DTE(1)
8% = 1/20 +19/20

ITE(1) > ITE(0)

⇒ Labor Force Participation is more
stimulating for the more educated

⇒ Complementarities between education and
labor force participation.

By this, we put the results found in the literature so far in a more consistent perspective:
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Average or Midpoint Age at Outcome test (derived)

The age gradient in the e�ects may be caused by downstream di�erences in the cognitive
environment (such as labor force participation) long a�er education is finished.

Thank you for your attention
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Summary & Conclusion
Steps: 1. Stratification by ZD type 2. Separate Evaluation 3. Assess e�ects ofM

Population

Always Taker

Never Taker

Complier

Treated Complier
M = 1

M = 0

Untreated Complier
M = 1

M = 0

Methods: Imbens and Angrist [1994] Imbens and Rubin [1997]
Carneiro and Lee
[2009]
Brinch et al. [2017]
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Summary & Conclusion
Estimation protocol:

1 Estimate Propensity Score: PSM := Pr(M = 1|X) = πDZDM + X′λ

2 Purging out control variables from Y . Estimate

Y = αDZDM + βDZDMp + X
′γ + X′pδ + ε

Ỹ = Y − (X − X)′γ̂ − (X − X)′pδ̂

3 Non-parametric estimation: Evaluate Ỹ in every cell of ZD × D× M

Ỹ = α + βPSM

Determine E(Y jk|UM) using the Carneiro and Lee [2009] formula.
4 Estimating weights Pr(Mj|UM)
5 Adjust to compliers: Compute E(Y jMk |Complier to ZD) using the Imbens and Rubin [1997]

formula.
6 Computing Mediation parameters

Back
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Simulation
Properties of the data generating process:
I Binary instruments for D andM.
I X a�ecting Y ,M, D, and instruments
I Compliers to ZD are di�erent to Always Takers and Never Takers

Results:
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Simulation
-.1

0
.1

.2
.3

.4
Ef

fe
ct

-5 0 1 5 10
Event time

Female, Retired (D)

-.1
0

.1
.2

.3
.4

Ef
fe

ct

-5 0 1 5 10
Event time

Male, Retired (D)

-.7
5

-.5
-.2

5
0

.2
5

Ef
fe

ct

-5 0 1 5 10
Event time

Female, Recall (Y)
-.7

5
-.5

-.2
5

0
.2

5
Ef

fe
ct

-5 0 1 5 10
Event time

Male, Recall (Y)

Sun and Abraham Standard ES
Back

Matthias Westphal Causal Mediation Analysis August 30, 2023 23/17



Simulation
Total, direct, and indirect treatment e�ects:

E�ect decompositionTotal
treatment

e�ect Indirect TEs Direct TEs

TTE = LATE ITE(1) ITE(0) DTE(1) DTE(0)

MTE 0.864∗ 0.293∗ 0.043 0.822∗ 0.571
(0.505) (0.153) (0.052) (0.494) (0.488)

Number of observations: 80,763. Control variables are birth year fixed e�ects, interview wave fixed e�ects,
country fixed e�ects, country-specific linear age trends, test repetition fixed e�ects and male. Bandwidth =
0.25. Bootstrap standard errors (200 replications) in parentheses clustered on birth year-country level. * p <
0.1, ** p < 0.05, *** p < 0.01.
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