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e QOther applied research studying education polygenic index, and media-
tion of its causal effect through education.
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Introduction

Natural experiments are settings with credible estimates of causal effects
e Little information on the mechanisms through which they operate
e Limits understanding of the decisions and underlying economic system

e Causal Mediation (CM) is a framework for sufficiently analysing a causal
effect along an observed mechanism, which is not widely used in applied
economics.

This paper:
@ Develop selection bias concept for CM in observational settings, with
reasoning bias can crowd out inference

® Build an MTE-based model to tackle the identification problem

© lllustrate my methods with decomposing causal effects in the Oregon
Health Insurance Experiment.
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Oregon Health Insurance Experiment

In the USA, healthcare is only provided by the government in special cases
— Medicaid is the government programme which provides health insurance

for those close to the poverty line (> 70 million people in 2025).
(=

Q  poLiTics Ehe New YJork Eimes

Share of population enrolled in Medicaid

20 30 40 50%

The Bronx in New York,
represented by a Democrat, has a
high enrollment rate of 67 percent.

In California’s -
Central Valley, ' §

Republicans control
a district with one e More than 40 percent
of the highest = 7 e 3 of people rely on
enrollment rates in Medicaid in rural

"\ . counties in Eastern

the country.
s ] . Kentucky.

In eastern Louisiana,

one-third of the
population s enrolled.
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Oregon Health Insurance Experiment

In the USA, healthcare is only provided by the government in special cases
— Medicaid is the government programme which provides health insurance
for those close to the poverty line (> 70 million people in 2025).

{2004: Oregon Medicaid enrolment frozen}

1

2008: Enrolment reopens. . .
90,000 sign up (far exceeding funding allocated)
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Oregon Health Insurance Experiment

In the USA, healthcare is only provided by the government in special cases
— Medicaid is the government programme which provides health insurance
for those close to the poverty line (> 70 million people in 2025).

{2004: Oregon Medicaid enrolment frozen}

1

2008: Enrolment reopens. . .
90,000 sign up (far exceeding funding allocated)

1

{ Wait-list Lottery: }

35,000 Won 55,000 Lost
(Treatment) (Control)
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Oregon Health Insurance Experiment

Winning this wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).

Mean Outcome, winning or losing the wait-list lottery.

0.8 +0.04
(0.01)

0.74

0.6

0.54

0.44

0.34

0 1 0 1 0 1
Health insured? Any use of healthcare? Happy overall?
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Oregon — Suggestive Evidence

Winning this wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).

Healthcare

Wait-list @ Subjective
lottery well-being
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Oregon — Suggestive Evidence

Winning this wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).

Healthcare

Wait-list +4pp Subjective
Z; M D .
lottery well-being
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Oregon — Suggestive Evidence

Winning this wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).

Healthcare
Wait-list +4pp D Subjective
lottery \ well-being

+8pp
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Oregon — Suggestive Evidence

Winning this wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).

Healthcare
Wait-list +4pp D Subjective
lottery '7 well-being

+8pp

Suggestive evidence:
e |f first-stage # 0, then healthcare may be a mediating mechanism

® This gives suggestive evidence for healthcare as mechanism.

Senan Hogan-Hennessy, Cornell University 5/ 26
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Oregon — Suggestive Evidence

Winning this wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).

Healthcare
Wait-list +4pp D Subjective
lottery N well-being

+8pp
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Oregon — Suggestive Evidence

Winning this wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).

Healthcare
Wait-list +4pp D Subjective
lottery \ well-being

+8pp

What about direct effects?

e Winning access to Medicaid means you can file for free health insurance
(income effect)

® Less stress from no longer having to be uninsured (psychological gains).

Senan Hogan-Hennessy, Cornell University 5/ 26
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Oregon — Suggestive Evidence

Winning this wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).

Healthcare
Wait-list +4pp D Subjective
lottery AN well-being

+8pp

There is one missing piece to make a definitive conclusion:
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Oregon — Suggestive Evidence

Winning this wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).

Healthcare
Wait-list +4pp D Subjective
lottery AN well-being

+8pp

There is one missing piece to make a definitive conclusion:
Size of causal effect D; — Y; ...

e |f large, then healthcare explains all the lottery effect
e |f small/zero then, then all direct (e.g., psychological) gains.

Senan Hogan-Hennessy, Cornell University 5/ 26
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Causal Mediation (CM)

CM is an alternative framework to studying mechanisms, giving sufficient
evidence on the mediating mechanism.

Wait-list 7, N SubJect.lve
lottery well-being

CM aims to decompose the ATE in two channels, direct and indirect effects

= ADE + AIE.

Senan Hogan-Hennessy, Cornell University 6 /26
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Causal Mediation (CM)

CM is an alternative framework to studying mechanisms, giving sufficient
evidence on the mediating mechanism.

Healthcare
Wait-list First-stage  ~7\ Healthcare Subjective
N D; .
lottery \_/  effect well-being

Direct effect

CM decomposes the ATE into two channels, direct and indirect effects

ATE = ADE + AIE.
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Causal Mediation (CM)

CM is an alternative framework to studying mechanisms, giving sufficient
evidence on the mediating mechanism.

Healthcare
Wait-list First-stage  ~7\ Healthcare Subjective
N D; .
lottery \_/ effect well-being

Direct effect

CM decomposes the ATE into
Average Indirect Effect (AIE): E [Y (Z Di(1) ) Y (Z D;(0) )}

AIE represents the average effect going through healthcare.

Senan Hogan-Hennessy, Cornell University 6 /26
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Causal Mediation (CM)

CM is an alternative framework to studying mechanisms, giving sufficient
evidence on the mediating mechanism.

Healthcare
Wait-list First-stage  ~7\ Healthcare Subjective
N D; .
lottery \_/ effect well-being

Direct effect

CM decomposes the ATE into

Average Direct Effect (ADE): E [Yi (., D,-(Zi)> -Y (., Dz(Zz)ﬂ

ADE represents the average effect going absent healthcare.

Senan Hogan-Hennessy, Cornell University 6 /26
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Causal Mediation (CM)

Identification of the ADE + AIE needs further assumptions.

Healthcare

Wait-list
lottery

Subjective
well-being

Conventional CM relies on two identifying assumptions,

@ Treatment Z; is (quasi-)randomly assigned

® Mediator D; is (quasi-)randomly assigned, conditional on Z; realisation
and controls X ;.

—> ADE + AIE are separately identified by two-stage regression (Imai
Keele Yamamoto 2010).

Senan Hogan-Hennessy, Cornell University 7/ 26
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Causal Mediation (CM)

This approach (conventional CM) is used heavily in epidemiology and
medicine to give evidence for the channels of a treatment effect, but there
is a reason why this is not prominent in economics.

Identifying assumptions:
@ Treatment Z; is (quasi-)randomly assigned

® Mediator D; is (quasi-)randomly assigned, conditional on Z; realisation
(and covariates X;).

Translation: Healthcare is a quasi-random choice, conditional on wait-list

lottery realisation and demographic controls.

Would this be plausible in settings economists study?

Senan Hogan-Hennessy, Cornell University 8 /26
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Causal Mediation (CM) — Roy Model

Consider the case that people, after the lottery, choose to visit the doctor
in the next 12 months based on subjective costs and benefits,

Di(Z) =14 C < vi(2 ) - (2. 0)

Costs

~
Benefits

The wait-list lottery has no strategic selection, but then visiting healthcare
is a choice.

Theorem: If choice to attend healthcare is based on costs and benefits
(Roy model) and control variables do not explain all benefits = mediator
mechanism is not random, there is unobserved confounding.

Senan Hogan-Hennessy, Cornell University 9 /26
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Causal Mediation (CM) — Selection Bias

Individual unobserved benefits are an unobserved confounder U ; here,

Healthcare
Wait-list First-stage  ~7\ - Healthcare Subjective
N D; .
lottery \_/ effect well-being

Direct effect

Senan Hogan-Hennessy, Cornell University 10 / 26
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Causal Mediation (CM) — Selection Bias

Individual unobserved benefits are an unobserved confounder U ; here,
N d
Healthcare PR

First-stage \m - Healthcare
N effect

Wait-list
lottery

Subjective
well-being

Direct effect
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Causal Mediation (CM) — Selection Bias

Individual unobserved benefits are an unobserved confounder U ; here,

0
Healthcare PR
- 1
Wait-list First-stage \/D_\((H‘ealthcare Subjective
lottery N effect well-being

Direct effect

In economic settings, Conventional CM analyses have bias similar to clas-
sical selection bias (Heckman Ichimura Smith Todd 1998).

® Direct: CM Estimand = ADE+ (Selection Bias+Group difference bias)

® Indirect: CM Estimand = AIE+ (Selection Bias+Group difference bias)

Senan Hogan-Hennessy, Cornell University 10 / 26
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Causal Mediation (CM) — Selection Bias

With strategic selection, the bias terms can be large and mislead inference
on how much goes through the mediating channel.

Figure: Simulated Distribution from 10,000 simulated datasets.

(a) ADE — ADE. (b) AIE — AIE.
Density Density
84 1 8 1
| |
74 74
| |
6 1 64 1
| |
54 1 54 1
| |
44 44
| |
34 1 34 1
| I
21 | 21 |
| |
14 14
1 |
0 . . | . . . 0l . . ! . . :
075 050  -0.25  0.00 0.25 0.50 0.75 075 050 -025  0.00 0.25 0.50 0.75
Estimate —True Value Estimate —True Value
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CM with Selection

Conventional CM does not identify ADE + AIE in economic settings, so |
build a structural model for natural experiment settings.

Senan Hogan-Hennessy, Cornell University 12 / 26
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CM with Selection

Conventional CM does not identify ADE + AIE in economic settings, so |
build a structural model for natural experiment settings.

Take as given that Z; is quasi-randomly assigned, but D; is not:

Healthcare -7 e

Wait-list
lottery

Subjective
well-being

Intuition: model U; via healthcare MTE to identify ADE + AIE.

Senan Hogan-Hennessy, Cornell University 12 / 26
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MTE Model

The structural model is based on 3 assumptions.

) 3) U

Wait-list
lottery

Subjective
well-being
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MTE Model

The structural model is based on 3 assumptions.

) 3) U

Wait-list
lottery

Subjective
well-being

(1) First-stage monotonicity,

Intuition: No defiers — no one visits healthcare less if winning wait-list
lottery, relative to losing.

Senan Hogan-Hennessy, Cornell University 13 / 26
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MTE Model

The structural model is based on 3 assumptions.

Wait-list
lottery

Subjective
well-being

(2) Mediator take-up cost IV
Requires an |V, which affects Y; only via D,.
Key example: Cost-shifting IV — random variation in healthcare take-up

(not gains), e.g. different healthcare costs.

Senan Hogan-Hennessy, Cornell University 14 / 26
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MTE Model

The structural model is based on 3 assumptions.

@ (v) @, o
[ i
Co)

D:

Wait-list /5~N1) X
N

lottery

Subjective
well-being

(3) Selection on benefits — unobserved selection in D; is relevant

Key example: Roy model, people choose to take healthcare if internal
subjective gains exceed costs.

Senan Hogan-Hennessy, Cornell University 15 / 26
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MTE Model — Identification

The structural model is based on 3 assumptions.

@ (v) (3) (U

(1) First-stage > ()

Wait-list
lottery

Subjective
well-being
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MTE Model — Identification

The structural model is based on 3 assumptions.

Wait-list
lottery

Subjective
well-being

Theorem: Under assumptions (1), (2), (3) ADE + AIE are identified.

ADE Intuition: Control for unobserved confounding via healthcare MTE.

AIE Intuition: Extrapolate indirect effects across healthcare MTE.

Senan Hogan-Hennessy, Cornell University 16 / 26
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MTE Model — Estimation

Figure: CM Estimates from 10,000 simulated datasets with Normal Errors.

(a) ADE — ADE. (b) AIE — AIE.
Density Density

8 1 8
|

74 74
|

6 1 6-
1

54 1 5
|

44 4

34 . 3

Parametric MTE
24
14
T T 04— T
075  -050  -0.25 0.00 0.25 0.50 0.75 075 -050  -0.25 0.00 0.25 0.50 0.75
Estimate —True Value Estimate —True Value
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MTE Model — Estimation

Figure: CM Estimates from 10,000 simulated datasets with Uniform Errors.

(a) ADE — ADE. (b) AIE — AIE.
Density Density

81 1 8- 1

1 1

a I " |
64 1 64 1

1 1

51 1 54 1

1

'Semi-parametric MTE 44

3 -
24
14
T T 04— T
075  -050  -0.25 0.00 0.25 0.50 0.75 075 -050  -0.25 0.00 0.25 0.50 0.75
Estimate —True Value Estimate —True Value
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Return to Oregon

Winning the wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).

Mean Outcome, winning or losing the wait-list lottery.

0.8 +0.04
(0.01)

0.74

0.6

0.54

0.44

0.34

0 1 0 1 0 1
Health insured? Any use of healthcare? Happy overall?
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Return to Oregon

Winning the wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).

Healthcare
Wait-list +4pp D, Subjective
lottery 'Z well-being

+8pp
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Return to Oregon

Winning the wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).

Healthcare
Wait-list +4pp Subjective
Y D; .
lottery well-being
+8pp
Suggestive evidence: Healthcare is a mechanism.
Plausible direct effects: Stress reduction and psychological gains.
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Oregon — Conventional CM

Does using healthcare improve subjective well-being?

0.8 1

0.7 1

0.6 1

0.5+

0.4 1

0.3

0 1
Happy overall?

Outcome, attending healthcare or not.

® OLS estimate of healthcare D; — Y; subjective well-being is —2.5pp

(1.1).
¢ Controls for initial health conditions gives +2.8pp (1.1).
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Oregon — Conventional CM

Conventional CM estimates lottery subjective well-being effects as mostly
direct, ~ 0 healthcare.

Estimate, percent effect on subjective well-being . Total . Direct . Indirect

Conve.ntional Parame{ric MTE Semi—parar'netric MTE
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Oregon — Selection Bias

OLS Estimates had negative or little effects of healthcare — subjective
well-being.

Healthcare

Subjective
well-being

Wait-list
lottery

Example confounder: undiagnosed conditions among those without health
insurance, near or below the poverty line.

Implication: negative selection bias in OLS estimates, and Conventional
CM underestimated

Senan Hogan-Hennessy, Cornell University 22 /26
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Oregon — Selection Bias

OLS Estimates had negative or little effects of healthcare — subjective

well-being. S--s
l: Ui )
Healthcare PSR
U
Wait-list Subjective
lottery well-being

Example confounder: undiagnosed conditions among those without health
insurance, near or below the poverty line.

Implication: negative selection bias in OLS estimates, and Conventional
CM underestimated indirect healthcare channel.

Senan Hogan-Hennessy, Cornell University 22 /26



Introduction 1. Oregon 2. Causal Mediation (CM) 3. CM with Selection 4. Return to Oregon Concluslon Appendix
e} 000000 000000000 0000000 0O0000e00 00000000

Oregon — MTE Model

| bring the MTE model to these data instead.

(2)

Wait-list
lottery

Subjective
well-being

Healthcare 1V: pre-lottery healthcare location.

Intuition: Different locations charge different prices for similar healthcare.
Heading to A&E costs more than a local doctor’s office.

Senan Hogan-Hennessy, Cornell University 23 /26
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Oregon — MTE Model

Oregon Health Insurance applicants asked pre-lottery healthcare location.

Usual Healthcare Location

1. Private clinic

2. Public clinic

3. Hospital clinic

4. Hospital A&E

5. Urgent care

6. Other clinic

7. No regular

00 01 02 03 04 05 06 07 08 09 10
Visited healthcare in following 12 months, Pr( D=1 | X" )

IV assumption: where the uninsured, near poverty line, participants visits
is indicative of their local healthcare access and cost.

Senan Hogan-Hennessy, Cornell University 24 / 26
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Oregon — MTE Model

Using MTE approach, with regular healthcare location 1V, restores indirect
effect through increasing healthcare visitation.

Estimate, percent effect on subjective well-being

. Total . Direct . Indirect

©
1

-
1

[}
1

ol
1

N
1

N
1

[N
1

04+ -

Conventional Parametric MTE Semi-parametric MTE
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Conclusion

Overview:

@ Selection bias in conventional CM analyses when mediator mechanism
strategically selected into.

® Connect CM with labour theory + selection-into-treatment + MTEs.

Caveats and points to remember:
e Structural assumptions and IV for identification + estimation (not ideal)

e Application to Oregon Health Insurance Experiment, showing subjective
well-being effects mediated by healthcare take-up

e Credible analyses of mechanisms are hard in practice, and wide confi-
dence intervals show true uncertainty.

Senan Hogan-Hennessy, Cornell University 26 / 26
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Appendix: CM Guiding Model

Consider binary treatment Z; = 0, 1, binary mediator D; = 0, 1, and con-
tinuous outcome Y;.

.=~

+. U ) Confounder

-
-

Mediator T H
First-stage -~ “Indirect
) -

Treatment Outcome

Direct Effect

Average Direct Effect (ADE): E [YZ (., Di(Zl-)> -Y (., Dl(Zl))}
e ADE is causal effect Z — Y, blocking the indirect D; path.

Average Indirect Effect (AIE): E [ <Zz, D; (1)) <Zz, D;(0) )]
e AIE is causal effect of D;(Z;) — Y, blocking the direct Z; path.

Senan Hogan-Hennessy, Cornell University 26 / 26
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Group Difference — ADE

CM effects contaminated by (less interpretable) bias terms.

CM Estimand = ADEM -+ Selection Bias

Ep, []E[Y;\Zi:I,Di]fE[Yi|Zi:0,Di]]

Estimand, Direct Effect
= Ep,—a [E [Yi(1, Di(Z:)) - Yi(0, Di(Z:)) | Di(1) = d']]
Average Direct Effect on Mediator (ADEM) take-up — i.e., D; (1) weighted

+Ep, []E [¥:(0, Di(Z:)) | Di(1) = d'] — E [Yi(0, Di(Z:)) | Di(0) = d'] ]

Selection Bias

The weighted ADE you get here is a positive weighted sum of local ADEs,
but with policy irrelevant weights D;(1) = d'.

= consider this group bias, noting difference from true ADE.

Senan Hogan-Hennessy, Cornell University 26 / 26
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Selection Bias — Direct Effect

CM Effects + contaminating bias.
CM Estimand = ADE + (Selection Bias + )

Ep,—a[E[Yi| Z:=1,Di =d] ~E[V;|Z =0,Di = d]]

Estimand, Direct Effect
=EYi(1, Di(Z:)) - Yi(0, Di(Z:))]
Average Direct Effect

+Ep,_a [IE [Y;(0, Di(Z:)) | Di(1) = d'] — E [Yi(0, Di(Z:)) | Ds(0) = d'] ]

Selection Bias

(1=Pr (D) =d))

TEp=e | (B Yi(1,Di(Z) - x<0D<Z>>r z<>—1—d]
—-E [Y:(1,Di(Z:)) — «(Z:)) | Di(0) = d']
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Group Difference — AIE

CM effects contaminated by (less interpretable) bias terms.

CM Estimand = AIEM + (Selection Bias + )

Ez [(]E[Di|Zi:1]—]E[Di|Zi:O]) x (]E[mzi,Di:1}—1E[Yi|zi7Di:0])}

Estimand, Indirect Effect
= B [Yi(Zi, Di(1)) = Yi(Zi, D:(0)) | Di = 1]
Average Indirect Effect on Mediated (AIEM) — i.e., D; = 1 weighted

+ﬁ(E [Yi(Z:,0)| D; = 1] — E [Yi(Z:,0) | D; = 0])

Selection Bias

(1—Pr(D( ) D;(0 )—o)> <E [Yi(Zi, 1) — Yi(Zi,0)| Di(1) = 0 or D;(0)

o (Di(1) 1D<>—0) ~E [Yi(Zi,1) - Yi(Z:,0)]

The weighted AIE you get here is not a positive weighted sum of local
AlEs, because the AIE is only about D(Z) compliers.

— consider this eroun hias. notine difference from true AIF.
Senan Hogan-Hennessy, Cornell University 26 / 26
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O000@000

Selectlon Blas - Indlrect Effect

CM Effects + contaminating bias, where 7 = Pr (D;(0) # D;(1)).
CM Estimand = AIE + <Selection Bias + >

Ez, [(]E[Di|Zi:1]—]E[Di|Zi:0]> x (E[E|Zi,Di:1}—]E[Yi|Zi7Di:0]>}

Estimand, Indirect Effect

= E [Yi(Z:, Di(1)) — Yi(Zi, Ds(0))]

Average Indirect Effect

+7(E[Yi(Z,0)| Di = 1] - E [Yi(Z:,0) | D; = 0] )

Selection Bias

E[Yi(Zi,1) = Yi(Z:,0) | Di = 1]
(1-Pr(pi=1) (—E[%(Zi,l)—Yi(Zi,O)lDi _0]>
+ 7

1 - Pr(Di(1)
+( Pr(Di(1) =

=1,D;(0) = 0)) E [Yi(Zi,1) = Yi(Z:,0)| Di(Z:) # Zi]
1,D;(0) = 0) -EYi(Z;,1) - Yi(Z;,0)]
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Semi-parametric Control Functions

Semi-parametric specifications for the CFs \g, A1 bring some complications
to estimating the AIE.

E[Yi|Zi,Di=0,X;] = a+7vZi + ¢(Xi) + podo(n(Zi; X)) ,

E[Yi| Zi,Di =1, Xi] = (a4 B8) + (v + 8) Zi + o(Xi) + p1hi(n(Zi; X))

Intercepts, a, (o + 3), and relevance parameters pg, p1 are not separately
identified from the CFs A\o(.), A\1(.) so CF extrapolation term
(p1 — po)T(m(0; X;), m(1; X;)) is not directly identified or estimable.

These problems can be avoided by estimating the AIE using its relation to

—CF
the ATE, AIE =

N N

— —_ (1 ~ = (1 i~

ATE — (1-Z) (NZ%(S%(LX») ~Z (szm(o;xi)) :
1=1 =1
ADE gi:ern Z;i=1 ADE given Z;=0

Senan Hogan-Hennessy, Cornell University 26 / 26
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Appenldx CM with Selection

Suppose Z; is ignorable, D; is not, so we have the following causal model.

Treatment @ @ Q Outcome

Then this system has the following random coefficient equations:

Di=o¢+7Z; —i—gO(Xi) + U;
Yi=a+pD;+~vZ;+0Z;D; + ((X;) + (1 —D;)Up; + DUy

where 3,7, 0 are functions of pg(2'; X;). Correlated error term

ADE=E[y+6D;], AE=E |7(8+0Z +0,)]

with [71 =E[U1,;— U, | Xi,Di(0) # D;(1)] unobserved complier gains.

Senan Hogan-Hennessy, Cornell University 26 / 26
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Appenldx CM with Selection

Suppose Z; is ignorable, D; is not, so we have the following causal model.

Treatment @ @ @ Outcome

Main problem, second-stage is not identified:
EY;|Zi,Di, X;] = a+BD;+~Z; +6Z;D; + p(X;)
+ D,E[U1;|D; =1, X}

Unobserved D; confounding.

Identification intuition: ldentify second-stage via MTE control function.
Senan Hogan-Hennessy, Cornell University 26 / 26
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Appenldx CM W|th Selectlon — Identlflcatlon

Assume:
@ Mediator monotonicity, Pr (D;(0) < D;(1)| X;) =1

= Di(¢)=1{U; <n(2; X;)}, forz' =0,1 (Vycatil 2002).
@ Selection on mediator benefits, Cov (U;, Uy,;), Cov (U;, Up;) # 0
— First-stage take-up informs second-stage confounding.
© There is an IV for the mediator, Xiv among control variables X ;.

= 7(Z;; Xi) =Pr(D; =1|Z;, X;) is separately identified.

Proposition:
E [Yi(zlv 1) = Yi(2',0) ‘ Zi=4,X;,U; = Pl]
:B+5Z’+E[Ul,l_UO,Z’XZ’UZ:p/]7 fOI’pIE(O’l)'

Senan Hogan-Hennessy, Cornell University 26 / 26



Appendix
00000000

Appenidx: CM with Selection — Identification

The marginal effect has corresponding Control Functions (CFs), describing
unobserved selection-into-D;,

poro() =E [Uo; |9 < Ui, pmA(p) =E[Ui | U <p'].

These CFs restore second-stage identification, by extrapolating from XV
compliers to D;(Z;) mediator compliers,

E [}/1 | Zi, Di, Xz] = o+ 5Dl + ’)’Zi + 5ZZ'DZ‘ + (,O(Xl)
+ po (1 = D;) Xo(m(Zs; X)) + p1Didi (m(Z;; X ;)

CF adjustment.

This adjusted second-stage re-identifies the ADE and AlE,

ADE =E [y +6D;], AIE = Elw (ﬂ +6Z; + (p1 — po) I'(w(0; X;), (1; X)) )1

Mediator compliers extrapolation.

Senan Hogan-Hennessy, Cornell University 26 / 26
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Appenldx CM W|th Selectlon — Estimation

Will explain how estimation works, with simulation evidence.
@ Random treatment Z; ~ Binom (0.5), for n = 5, 000.

® (Uo,,Ui;) ~ BivariateNormal (0,0, 09,01, p) , Costs C; ~ N(0,0.5).

Roy selection-into-D;, with constant partial effects + interaction term.
Di(z') =1{C; <Yi(,1) = Yi(,0)},
Yi(2,d) = (z’ +d + z’d’) + Uy for 2/,d =0,1.

Following the previous, these data have the following first and second-stage
equations, where X!V is an additive cost IV:

D; = ]l{Cz‘ - (Ul,i_UO,i> < Zi — Xiv}
Yi=Z;+D;+ Z;Di+ (1 - D;)Up; + DUy ; .

— unobserved confounding by BivariateNormal (Uo,i,Uu)-
Senan Hogan-Hennessy, Cornell University 26 / 26
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Appenidx: CM with Selection — Estimation

Errors are normal, so system is Heckman (1979) selection model.

CFs are the inverse Mills ratio, with ¢(.) normal pdf and ®(.) normal cdf,

(=2~ (p)) N G(@Np") /
W, M) =——7—+—~ for p’ € (0,1).

Pl = 5@ (1)

Parametric Estimation Recipe:

@ Estimate first-stage 7(Z;; X ;) with probit, including XV.
@ Include Ay, A\; CFs in second-stage OLS estimation.

©® Compose CM estimates from two-stage plug-in estimates.

— Same as conventional CM estimates (two-stages), with CFs added.

7 (B-F 0Z; + (1 — po) T (7(0; X 3), 7(1; X)) )]

Mediator compliers extrapolation.

A/D\E:Eh—ngi], AE=E
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Appenidx: CM with Selection — Estimation

If errors are not normal, then CFs do not have a known form, so semi-
parametrically estimate them (e.g., splines).

EY;|Zi, Di =0,X;] = a+7Zi + ¢(X;) + poro(7(Zi; X)) ,

E[Yi| Zi, Di =1, Xi] = (a+ B) + (v + 0) Zi + ¢(X:) + prhi(n(Zis X))

Semi-parametric Estimation Recipe:

@ Estimate first-stage 7(Z;; X;), including X!V,

® Estimate second-stage separately for D; = 0 and D; = 1, with regres-
sors A\o(p'), A\1(p), semi-parametric in 7(Z;; X ;).

©® Compose CM estimates from two-stage plug-in estimates.

— Same as conventional CM estimates, with semi-parametric CFs.

ADE =E [7+0D;], AIE = El% (B+032i+ (1 — o) D (7(0; X.), 7(13 X»))]

Senan Hogan-Hennessy, Cornell University 26 / 26
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Appenidx: CM with Selection — Estimation

Figure: CF Adjusted Estimates Work with Different Error Term Parameters.

(a) ADE.
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Introduction

ECLH’I;E]IfI]iSt = Menu Q Try for free Login

Leaders | Modification revolution
Science has made a new genetic
revolution possible

Now let it flourish

Senan Hogan-Hennessy, Cornell University

Nature vs Nurture

1. Genetics measure nature (ini-
tial endowment)

2. Find genes associated with
outcomes

3. Deeper understanding of social
outcomes, from genetics.

1/22



Introduction 1. Genetics & Education

Introduction

Nature(?) vs Nurture

1. Genetics measure
component of nature
(at most.. .)

one

2. Genes associated with out-
comes are not the entire
story

3. Genetics gives new find-
ings, with caveats.

Senan Hogan-Hennessy, Cornell University

2. Genetic Effects

3. Causal Mediation Analysis

Economics and genetics
meet in uneasy union

Use of population-genetic data to predict economic success sparks war of words.

BY EWEN CALLAWAY

Fast-forward three decades, and leading
enet 4

genetics as a proxy for other factors that can
and culture.

similar charge at economic chers who

T lessons for anas-

[<3 The invalid assumption that
probably
amongthe two or three most erious

and common errors of human reasoning”

claim that a diversity can

predict the success o ts cconomy. To criics,

sometimes called genocconomics. The work
d pay-off.

y Jay Gould was

policy-makers”

andan individuals ntelligence when he made
this familiar complaint in his 1981 book The
Mismeasure of Man.

oy,

ing charges of genetic determinism, and even
racism. But the economists say tha they have
en misunderstood, and are merely using

Enrico Spolaore, an economist t Tufts Univer-
sity near Boston, Massachusetts, who has also
used global geneticdiverity data n his rescarch.

But the economists at the forefront of this
field clearly need to be prepared for harsh
scrutiny of their techniques and conclusions.
Atthe centre of the storm s 107-page paper
by Oded Galor of Brown University in Provi-
dence, Rhode Island, and Quamrul Ashraf of
Williams College in Williamstown, Massa-
chusett'. Ithas been peer-reviewed by econo-
‘mistsand biologists soonappear in
American Economic Review, one of the most
prestigious economics journals,

‘The paper argues that there are stronglinks
between estimates of genetic diversity for

1/22
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Introduction

Introduction

Genes associated with education causally improve labour market outcomes,
but the mechanism is unclear

This paper:

1. Estimate the causal effect of the Education PGI on education and in-
come using quasi-random genetic variation from parents in UK Biobank
(replicating Carvalho 2025)

2. Decompose the labour market genetic effect into an education channel
+ direct genetic effect using design-based causal mediation framework

3. Sensitivity analysis for different values for returns to an extra education
year, transparently showing identification uncertainty.

Preview: Education PGI causal effects transmit via education channel
— Direct genetic effect closes to zero at plausible education returns values.

Senan Hogan-Hennessy, Cornell University 2 /22
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Introduction

How do genes associated with education affect labour outcomes?
Introduction

1. Genetics & Education
Data: UK Biobank

2. Genetic Effects
Mendelian Independent Assortment

3. Causal Mediation Analysis
Sensitivity analysis

Conclusion

Senan Hogan-Hennessy, Cornell University 2 /22



Introduction

Introduction — Research Ethics

Genetic differences are real, but they are not fate.

» A higher Ed PGI reflects a statistical tendency, not a destiny — social
policies and institutions can modify or eliminate the consequences of
genetic variation

» These results provide no support for “natural” social hierarchies or ge-
netic justifications for inequality

» Genetic associations estimated within one ancestry group cannot be
meaningfully compared across groups; any such inference would be both
invalid and ethically deficient

The appropriate interpretation:
» Both social and genetic factors shape socioeconomic outcomes

» This should inspire support for policies promoting equality of opportunity
— not acceptance of inequality as inevitable or “natural.”

Senan Hogan-Hennessy, Cornell University 3/22
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Genetics: a Primer

» The human genome is a 3 billion-long sequence of base pairs

» =~ 0.1% these pairs differ between two average people

Person 1's DNA:

Senan Hogan-Hennessy, Cornell University 4 /22



Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Genetics: a Primer

» The human genome is a 3 billion-long sequence of base pairs
» ~ 0.1% these pairs differ between two average people

Person 1's DNA:

16T ¢ ¢ TG 1674
A cC A C C A C A A cC A C
Gene:
l Moderated by
external factors
Protein: @ "
gene—
environment
l interactions.”
Outcome

Senan Hogan-Hennessy, Cornell University 4 /22
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Genetics: a Primer

» The human genome is a 3 billion-long sequence of base pairs
» ~ 0.1% these pairs differ between two average people

Person 2's DNA:

¢ T ¢ ¢&C6 ¢+ 16T+
C cC A C C cC A A C A A
Gene:
l Moderated by
external factors
Protein: X "
gene—
environment
l interactions.”

Different outcome.

Senan Hogan-Hennessy, Cornell University 4 /22
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Education PolyGenic Index (Ed PGIl)

“We conduct a genome-wide association study (GWAS) of educational at-
tainment (EA) in a sample of 3 million individuals and identify 3,952 ap-
proximately uncorrelated genome-wide-significant single-nucleotide poly-
morphisms (SNPs). A genome-wide [...] polygenic index (PGI), explains
12-16% of EA variance and contributes to risk prediction for ten diseases.”
Abstract — Okbay et al. (2022, Nature Genetics)

~log (P value)

Senan Hogan-Hennessy, Cornell University 5/ 22
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Education PolyGenic Index (Ed PGIl)

Person 1's DNA:

THGTG GHTGT THGTG
ACca C CachA ACTacC

3,952 Different Genes:

3,952 Different Proteins: @

Education Years

Senan Hogan-Hennessy, Cornell University 6 /22
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Education PolyGenic Index (Ed PGIl)

Person 2's DNA:

¢ ¢t T¢ ¢&G& 1+ 16T+
c]]:CAc C:I]:CCA A:D:CAA

3,952 Different Genes:

3,952 Different Proteins: P

|

Education Years

Senan Hogan-Hennessy, Cornell University 6 /22
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Education PolyGenic Index (Ed PGI)
Person 2's DNA:
G II: G G :I:I: T T :I:I: T
Cca© Ccocchr Acah
3,952 Different Genes:

3,952 Different Proteins: P

|

Education Years

» |In practice, we do not know exact location of relevant gene regions

» Nor the associated protein + how it works.
Senan Hogan-Hennessy, Cornell University 6 /22
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Education PolyGenic Index (Ed PGI)

Person 2's DNA:

CCAC CCCA ACAA

Calculate Polygenic Index (PGI):

1. Ildentify mutation regions
(3,952 for Ed PGI)

2. Calculate weights for each

3. Assign a 1-dim genetic
A measure, summarising +
Education Years dimension-reducing this topic.

» In practice, we do not know exact location of relevant gene regions

» Nor the associated protein + how it works.
Senan Hogan-Hennessy, Cornell University 6 /22
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Education PolyGenic Index (Ed PGI)

Education Polygenic Index (Ed PGlI):
A weighted sum of single letter gene changes predicting years of education.

Person 1's DNA:

16T 6 ¢TI G6G+ +67T4
A:I:I:CAC C:[I:ACA A:I:I:CAC

Weights: w1 0 0 O 0 w2 0 O 0 0 0 ws

Person 1's Ed PGI:
J
Z; = ij]l {person 1 has one-letter change at j} =0
j=1

Senan Hogan-Hennessy, Cornell University 7/ 22
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Education PolyGenic Index (Ed PGI)

Education Polygenic Index (Ed PGlI):
A weighted sum of single letter gene changes predicting years of education.

Person 2's DNA:

¢ T ¢ &G+ 16T+
c]]:CAc C:I:I:CCA A:I:I:CAA

Weights: w1 0 0 O 0 wy 0 O 0 0 0 ws

Person 2's Ed PGI:
J
Z; = Z w;1 {person 2 has one-letter change at j} = w; + wy + w3
j=1

Senan Hogan-Hennessy, Cornell University 7/ 22
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Education PolyGenic Index (Ed PGI)

Education Polygenic Index (Ed PGlI):
A weighted sum of single letter gene changes predicting years of education.

Person 2's DNA:

GHG G:I:l:T T:IIT
CcaC Ccch Acgah
Weights: w1 0 0 O 0 wy 0 O 0 0 0 ws

Person 2's Ed PGl:
J
Z; = ij]l {person 2 has one-letter change at j} = w; + wa + w3
j=1
Note: Humans have two copies of each chromosome, so indicator is 0, 1,

2 corresponding to how many copies one has.
Senan Hogan-Hennessy, Cornell University 7/ 22



1. Genetics & Education

Education PolyGenic Index (Ed PGIl)

Previous economics + science research shows Ed PGl is strongly associated
with multiple economics-relevant outcomes:

Retirement wealth (Barth et al., 2020)

Life-cycle income (Barth et al., 2022)

Longevity (Marioni et al., 2016)

Primary school performance (Aagaard-Houmark et al., 2022)

Parental—child care, nurture (Aagaard-Houmark et al., 2025)
(Muslimova et al. 2025)

Labour market outcomes (causal) (Carvalho, 2025)

Open question: What are the mechanisms behind these relationships?
» |s education the only way it is related to outcomes?

» |s there a direct genetic relationship, absent returns to education?

Senan Hogan-Hennessy, Cornell University 8 /22
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Data: UK Biobank

This is the dataset that genetics researchers have used for genetics research.

The first “Biobank”

» Tissue samples (e.g., DNA) from
500,000 Britons

> Large-scale population study started

® uk . . . . .
b")bamk in 2004, to investigate biological +
genetic basis of low-frequency dis-
Enabling scientific discoveries that improve human health

eases

» Includes surveys for social out-
comes, including education, occupa-
tion, etc.

UK Biobank has N ~ 25,000 subsample of people with genetic data from
siblings included.!

LLimited to race = white, for whom Ed PGl is defined.
Senan Hogan-Hennessy, Cornell University 9 /22
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Ed PGI and Education

(a) Ed PGL. (b) Ed PGI + Education Years, Binscatter.
Observations Education Years
10000
Mean Ed PGI
=0 1" slope = +0.93 (0.02)
7500 164 Edyears
154
5000 1
144
134
2500 1
124
0- 114 T T T v v
2 1 0 1 2 -3 2 1 0 1 2 3

Ed PGI, s.d. units Ed PGI, s.d. units
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Education and Labour Market Outcomes

(a) Education Years. (b) Education Years + Income.

Observations, N Annual Income, £ thousands
9000 50
Mean Ed years

| Slope = +6.49%
89007 = 13.84 (Sec. school) I

] 40 (0.001)
6000 A

5000 A

4000+

30004
20004 104

1000 +

0-

0- —— 17—

10 11 12 13 14 15 16 17 18 8 9 10 11 12 13 14 15 16 17 18
Education Years Education Years
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2. Genetic Effects

Associations with the Ed PGI

Introduction 1. Genetics & Education 3. Causal Mediation Analysis Conclusion

(a) Ed PGl — Education Years. (b) Ed PGl — Hourly Wages.

Education Years Occupation Hourly Wages, £

.| RawOLS =+1.103 (0.020) 2207 Raw OLS = +0.092 (0.003)
22.54
16 %
151 20.0 1
( ]
14
134 17.5 4
127 15.0 1
114
o L il S s s
-3 -2 1 0 1 2 -3 -2 1 0 1 2

Ed PGlI, s.d. units

Senan Hogan-Hennessy, Cornell University

Ed PGlI, s.d. units
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Mendelian Independent Assortment

Question: Is Ed PGl randomly assigned?

Mother Father Child

AA AA AA
I e

No, inherited from parents.

Child Mother rrFather
E 28| 2,0, 275

—
) ]

1 Moth Fath
CT

Senan Hogan-Hennessy, Cornell University 13 / 22
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Mendelian Independent Assortment

Difference in Ed PGI from parents’ arises from random inheritance + mix-
ing, Mendelian Independent Assortment.

Father Child

1
Pr (Child inherits | Father one copy) = 3

l.e., inheritance probability depends
; only on parents’ genetics.

Senan Hogan-Hennessy, Cornell University 14 / 22
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Mendelian Independent Assortment

Difference in Ed PGI from parents’ arises from random inheritance + mix-
ing, Mendelian Independent Assortment.

Father Child

1
Pr (Child inherits ‘ Father one copy) = 3

l.e., inheritance probability depends
; only on parents’ genetics.

Propagate this reasoning across all

3,952 single-letter gene changes in the
Ed PGlI, and both parents:

AR ) {th”d ‘ Z]ff'it)he', Zxat)her} — Independently assigned.
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Ed PGI Causal Effects: Identification.

Difference in Ed PGI from parents’ arises from random inheritance + mix-
ing, Mendelian Independent Assortment.

‘ —
ZFather Zl\/lother

1) m(i)

Propagate this reasoning across all 3,952 single-letter changes in the Ed
PGI, and both parents:

AR ) [ZCh"d ‘ ZFather Zmﬁ)hﬂ — Independently assigned.

Senan Hogan-Hennessy, Cornell University 15 / 22
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Ed PGI Causal Effects: Identification

Difference in Ed PGI from parents’ arises from random inheritance + mix-
ing, Mendelian Independent Assortment.

7 Father  Chid Zl\/lotk?
f(@) ¢ m(i)

Propagate this reasoning across all 3,952 single-letter changes in the Ed
PGI, and both parents:
zhd R [Zl-Ch”d ‘ ZFE’;)he', Zxa.t)her} — Independently assigned.
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Ed PGI Causal Effects: Identification

Difference in Ed PGI from parents’ arises from random inheritance + mix-
ing, Mendelian Independent Assortment.

T Fath Child Mother
t 1 other
Zin L Z (i)

Propagate this reasoning across all 3,952 single-letter changes in the Ed
PGI, and both parents:

AR ) [ZCh"d ‘ ZFather ZM(Ot)her} — Independently assigned.
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Ed PGI Causal Effects: Identification

Difference in Ed PGI from parents’ arises from random inheritance + mix-
ing, Mendelian Independent Assortment. = Use the difference from
parents as plausibly random genetic variation.

Remark on Estimation:

Control for imputed mean parental Ed

PGI from siblings, because few parents

observed in UK Biobank, losing statis-
_tical efficiency.

e

o Fath Child
Zgr 250 2

m(i)

ZiCh”d —E {ZCh"d ‘ ZFather Z (i) } — Independently assigned.
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Ed PGI Causal Effects: Estimates

Figure: Distribution of the Ed PGI, Relative to Imputed Parental Decile.

(a) Ed PGL. (b) Ed PGl minus imputed parental mean.

Parental Quantile, 1st through 10th Parental Quantile, 1st through 10th

LN W A O o N ® ©

LN oW A O O N ® ©
- >>>

0
EdPGI

AR ) [ZiCh”d ‘ ZF?;)her, ZM(Other} — Independently assigned.
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Introduction

1. Genetics & Education

2. Genetic Effects

3. Causal Mediation Analysis

Causal Effects of the Ed PGI

(a) Ed PGl — Education Years.

Education Years

174

16

154

144

134

12 A

114

104

Raw OLS = +1.103 (0.020)

-3 -2 1 0 1 2

Ed PGl, s.d. units

(b) Ed PGl — Hourly Wages.

Occupation Hourly Wages, £

Conclusion

201 Raw OLS = +0.092 (0.003)
2254
20.0 4
=]
17.54
15.0 4
12.54

-3 2 -1 0 1 2
Ed PGl, s.d. units

Replicates main estimates in Carvalho (2025).

Senan Hogan-Hennessy, Cornell University
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects

Ed PGI causally affects education years and labour market outcomes.
— Not surprising, Ed PGl computed from data only genes + education.

Ed PGI ——
calculated \
Average .
Ed PGl ( Z; : S D; ) Education
education effect

Ed PGI @ Average g% Occupation

total effect '/ Income + Wages
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects

Ed PGI causally affects education years and labour market outcomes.
— Not surprising, Ed PGl computed from data only genes + education.

Ed PGI ———_
calculated \v
Average N .
Ed PGl ( Zi : ¥ D; ) Education
education effect
Average Occupation
Z; N Y
Ed PGl @ total effect '/ Income + Wages

Usual approach: Observe education years — labour market outcomes,
and conclude with suggestive evidence that education “is a mechanism.”

Senan Hogan-Hennessy, Cornell University 18 / 22



Introduction 1. Genetics & Education 2. Genetic Effects

Direct and Indirect Effects

3. Causal Mediation Analysis Conclusion

Ed PGI causally affects education years and labour market outcomes.

= Consider the mechanisms:

» Creativity » Classroom learning

» Soft skills » Hard skills

» Occupational qualifications

A direct effect implies Ed PGl genes have direct labour market benefits.
Motivated by literature noting that Ed PGl improves/correlated with
» fluid intelligence test score (Carvalho 2025)

» Income, after controlling for education (correlationally, Papageorge Thom
2020, Bryson et al. 2025)

» Financial literacy at retirement (Barth et al. 2020).
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects

Ed PGI causally affects education years and labour market outcomes.

Figure: Model for Causal Effect of the Ed PGI.

A Occupation
Ed PGI @ verage 3 Y; ) income +
total effect
wages
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects

Ed PGI causally affects education years and labour market outcomes.

Figure: Model for Causal Mediation of the Ed PGl.

Education
years

Ed PGI @ Average >@
education effect
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects

Ed PGI causally affects education years and labour market outcomes.

Figure: Model for Causal Mediation of the Ed PGl.

Education
years
A Occupation
Ed PGI v.erage )@ income —+
education effect
wages

Direct genetic effect
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects

Ed PGI causally affects education years and labour market outcomes.

Figure: Model for Causal Mediation of the Ed PGl.

Education
years
Occupation
Average >\  Education ceeup
Ed PGI . N D; income +
education effect "\_"/ returns wages

Direct genetic effect
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects

Ed PGI causally affects education years and labour market outcomes.

Figure: Model for Causal Mediation of the Ed PGl.

Education
years e -

’ . Occupation
Average ‘/D\R Education 7'+~ P

- > i income +
education effect
v returns wages

Direct genetic effect
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion
Returns to Education

The only missing piece for a valid Causal Mediation analysis are causal
estimates for returns to education (and statistical uncertainty).

Density of British IV Estimates

0.150 4

0.125+

0.100 4

0.0754

0.050 4

0.025+4

0.000 - T T
5 10 15 20 25

Percent Effect of an Extra Education Year on Income

Note: Distribution from 17 IV estimates for Britain (Patrinos Psacharopoulos 2026).
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The only missing piece for a valid Causal Mediation analysis are causal
estimates for returns to education (and statistical uncertainty).

Density of British IV Estimates

0.150
\ Correlational Estimate in UK Biobank

0.1251 after controlling for Ed PGI

0.100 4

0.0754

0.050 4

0.025+4

0.000- r T
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Note: Distribution from 17 IV estimates for Britain (Patrinos Psacharopoulos 2026).

Senan Hogan-Hennessy, Cornell University 19 / 22



Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects — Estimates

Using Correlation return estimate of ~ 6%(0.1 SE):

Estimate, percent Ed PGl effect on income outcomes . '
0.08 - . Total . Direct . Indirect

0.07
0.06 1
0.05
0.04 1
0.03 4
0.02 1

0.01 1

Occupational wage Occupational income Household income
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects — Estimates

Using Correlation return estimate of ~ 6%(0.1 SE):

Estimate, Proportion mediated through education
1.0

0.9 1
0.8 1
0.7+
0.6 4
0.5+
0.4 4
0.3 1

0.2 1
0.14
0.0 ==

Occupational wage Occupational income Household income
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion
Direct and Indirect Effects — Sensitivity Analysis

The only missing piece for a valid Causal Mediation analysis are causal
estimates for returns to education (and statistical uncertainty).

Density of British IV Estimates
0.150 I
\ Correlational Estimate in UK Biobank

0.1251 after controlling for Ed PGI

0.100 4

0.0754

0.050 4

0.025+4

0.000 - T T
5 10 15 20 25

Percent Effect of an Extra Education Year on Income

Note: Distribution from 17 IV estimates for Britain (Patrinos Psacharopoulos 2026).
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects — Sensitivity Analysis

The only missing piece for a valid Causal Mediation analysis are causal
estimates for returns to education (and statistical uncertainty).

Figure: Model for Causal Mediation of the Ed PGlI.

Education
years  __---=-<__
gl B Occupation
Average /X Education oeep
Ed PGl - X D; > income +
education effect \\/ returns wages

Direct genetic effect
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects — Sensitivity Analysis

Figure: Sensitivity Analysis, Effect of Ed PGl on Log Occupational Wages via
Education Years.

Direct and Indirect Effect Estimates
0.125

0.100 4 Indirect Education Effect

0.075 4

Total Effect

0.050 4 Direct Genetic Effect
0.075 : T T T T T T T
0.0 2.5 5.0 75 10.0 12.5 15.0 17.5 20.0

Education Return Value, Percent
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects — Sensitivity Analysis

Figure: Sensitivity Analysis, Proportion of Ed PGl Effect on Income Outcomes
via Education Years.

Indirect Effect / Total Effect

Occ annual income Occ hourly wage Occ household income (midpoint)

1.50 1
1.25 1
1.00 1 ;
0.75 1 ‘ :
0.50
0.25

0.004

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Education Return Value, Percent
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Direct and Indirect Effects — Sensitivity Analysis

Figure: Sensitivity Analysis, Proportion of Ed PGl Effect on Income Outcomes
via Education Years.

Indirect Effect / Total Effect

Occ annual income Occ hourly wage Occ household income (midpoint)

1.50 1

1.254

1.004

0.75 4

0.50 1

0.25 4

0.004

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Education Return Value, Percent

Direct genetic effect closes — 0 at plausible education returns values.
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Conclusion

Conclusion

Genes correlated with education impact income inequality primarily through
education — implying this inequality gradient could be tackled via policies
aimed at education access.

1. Ed PGI raises education years and labour market outcomes (replicating
Carvalho 2025)

2. Economics literature has speculated (with suggestive evidence) on direct
genetic effects, but lacked quantitative evidence

3. At plausible causal returns to education values, most of the total genetic
income effect operates through the education channel, with a direct
genetic effect that is small, and — 0 under higher return values.

Senan Hogan-Hennessy, Cornell University 22 /22



Conclusion

Conclusion

Genes correlated with education impact income inequality primarily through
education — implying this inequality gradient could be tackled via policies
aimed at education access.

1. Ed PGI raises education years and labour market outcomes (replicating
Carvalho 2025)

2. Economics literature has speculated (with suggestive evidence) on direct
genetic effects, but lacked quantitative evidence

3. At plausible causal returns to education values, most of the total genetic
income effect operates through the education channel, with a direct
genetic effect that is small, and — 0 under higher return values.

“The difference of natural talents in different men, is, in reality, much less
than we are aware of [...]. The difference between the most dissimilar characters,
between a philosopher and a common street porter, seems to arise not so much
from nature, as from habit, custom, and education.”

— A Smith (1776), The Wealth of Nations, Volume 1 p. 16.
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The End of Faculty Tenure

eclines in tenure density constitute the greatest threat U.S. higher education

By Marc Stein

Is Tenure Really Dying?
And Would That Be Good
or Bad?

Is academic tenure in for major changes over the next decade?
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The American Association of University
Professors (AAUP) released its 2021-22

Annual Report on the Economic Status of

the Profe: n, which details findings

from the AAUP's annual Faculty

Compensation Survey. One of the

report's biggest takeaways is that real

wages for full-time faculty in 2021 fell

below Great Recession levels of the late 2000s, after adjusting for
inflation.




Introduction

Funding Down, Tuition Up
State Cuts to Higher Education Threaten Quality
and Affordability at Public Colleges

UPDATED AUGUST 15,2016 | BY MICHAEL MITCHELL, MICHAEL
LEACHMAN, AND KATHLEEN MASTERSON!

Years of cuts in state funding for public colleges and
universities have driven up tuition and harmed students’
educational experiences by forcing faculty reductions, fewer
course offerings, and campus closings. These choices have

made college less affordable and less accessible for students
who need degrees to succeed in today’s economy.

REPORT  JUN 11

Mounting Peril for Public
Higher Education During
the Coronavirus
Pandemic

Absent federal action, state budget cuts are about to add to colleges’ pain from the pandemic.

Most Americans
don’t realize state
funding for higher
ed fell by billions




Introduction — Preview & Road—Map

Three connected topics:
1. Document the substitution away from professors towards lecturers, at
US public universities
2. Link the substitution to stagnating state funding, with a causal ap-
proach
3. Infer the mechanism for these changes, limited hiring, and implications
for university decision—making.

Trends in US Higher Education

Shifts in State Funding
Effects on Faculty

Mechanism for Faculty Substitution
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Trends in US Higher Education

Despite rising enrolment at US public universities, state funding has

stagnated.

(a) Mean Enrolment, per University.

Student Enrolment, thousands

(b) Mean Funding per student among Public
Universities.

Mean Funding per Student, $ thousands

121
10+ M
8_

6

2

2 W
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Year

—o— Private —e— Public
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Trends in US Higher Education

At the same time, lecturers employment has increased drastically, and
tenure-track/tenured professors fallen at public universities.

(a) Non-tenure Track (lecturers). (b) Tenured (Full Professors).
Lecturer count / 100 students Tenured Professors / 100 students
1.00 3.00
2.751
0.75 1
2501
0.50- 2.251
2.001
0.251
1.754
0.00 1.504
1990 1995 2000 2005 2010 2015 2020 1990 1995 2000 2005 2010 2015 2020
Year Year
~o— Private —e- Public ~o— Private —e- Public
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Trends in US Higher Education

States decide an annual budget:

1. State legislature plans an-
nual budget

2. Back-and-forth  bargaining
with governor, who signs off
when they agree

3. Higher education is attrac-
tive to cut funding in this
bargaining, thanks to low
lobbying power.

254

204

Figure: Average Public University Funding.

Mean Funding per Student, $ thousands

2= o000 %000

1990 1995 2000 2005 2010 2015 2020
Year

Total Non-inst. —e— State Tuition

= institutional set-up leads to public universities being stiffed year-on-

year.
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Trends in US Higher Education

THE CHRONICLE OF HIGHER EDUCATION susscrae

NEWS | ADVICE | THE REVIEW CURRENT ISSUE | VIRTUAL EVENTS

Higher Ed’s
Financial Roller

Coaster

State support is too often
caught in boom or bust cycles.
That volatility destabilizes the

sector.
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Trends in US Higher Education

Figure: Average lllinois University Funding.

Mean Funding per Student, $ thousands This process in ”Im0|S' 2015:

25 1. Democrat state legislature
plans annual budget

1 2. Sends to Republican gover-

154 7 : nor, then bargaining went
nowhere
3. 2016 fiscal year starts with

no budget, state staff fur-
loughed etc.

1990 1995 2000 2005 2010 2015 2020
Year

Total Non-inst. —e— State —e— Tuition

= Partisan disagreements led to lllinois public universities being stiffed
in 2016.
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Shifts in State Funding
Estimate causal effects using Shift-Share 1V for state funding — faculty

(Deming Walters 2017, Chakrabarti Gorton Lovenheim 2020).

1. Exploit different rates of historical reliance on state funding between
universities, in 1990-1993

3

IV — Zl State Funding; 1990+ y Total State Funding,;y
4 \ Total Revenues; 19904+ Student Populations(,-)’t

1. Base reliance on state funding, 1990-1993

Intuition:

» State-wide shifts in higher ed funding affect universities that rely on
state funding more

» State-wide shifts in higher ed funding come from
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Shifts in State Funding
Estimate causal effects using Shift-Share 1V for state funding — faculty

(Deming Walters 2017, Chakrabarti Gorton Lovenheim 2020).

1. Exploit different rates of historical reliance on state funding between
universities, in 1990-1993

IV — 23:1 State Funding; 19904 - y Total State Fundingg;y ;
4 \ Total Revenues; 1990+ Student Populations(,-)J

1. Base reliance on state funding, 1990-1993

Strong instrument for yearly public university state funding:
» —$1,000 per student funding shift—share — —$1,176 state funding
» —10% per student funding shift—share — —9.77% state funding.
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Shifts in State Funding — Effects on Faculty

Shift—Share IV Results for the average public university:
—10% state funding per student — =~ 4.4% more lecturers / students.
—10% state funding per student — ~ 1.4% fewer professors / students.

Lecturers

Asst. Professors - |:|

Full Professors ~ <>

All Faculty - A

03 -02 -01 00 01 02 03 04 05 06
IV Estimate 115




Shifts in State Funding — Effects on Faculty

— Stagnating state funding, and increasing reliance on lecturers.

Substitution effects are long-lasting — medium-term elasticities:

(a) Non-tenure Track (lecturers). (b) Tenured (Full Professors).
Estimate Estimate
0.1+ 0.6
0.0 0.5
-0.14 ol 0.44
0.2 ,// 0.3
03{mmmmmm T T 024 _ ]
-0.44 0.1-‘\‘\.\‘—_—:__./0—.———‘\‘\.
-0.54 T oof— L L T e == —
064 7 0.1
o 1 2 3 4 5 6 7 8 9 10 0o 1 2 3 4 5 6 7 8 9 10
Years, Relative to Funding Cut Years, Relative to Funding Cut
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Mechanism for Faculty Substitution

Stagnating state funding led to substitution towards lecturers, at US public
universities, but unclear how these effects come about.

» Are faculty let-go by their universities?
» Are faculty leaving voluntarily, following pay cuts?

» Are faculty poached by other universities e.g., after promotion
limits at their current university?

To briefly summarise effects of state funding cuts on faculty, using data
on all lllinois public uni staff 2011-2021:

» No detected effect of state funding cuts on follow-on salaries, exit
rates, or promotions among lllinois faculty

» These data represent those who are already faculty
= i.e., incumbent faculty unaffected by state funding cuts.
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Mechanism for Faculty Substitution

Condundrum: how can substitution effects happen?
= limits faculty hiring, supported by hiring data.

Professors Hired, count / 100 students

12+

2":". °
i o €% ..o’oo

3 4 5 6 7 8 9 10 11 12 13 14 15
State Funding per Year, $ thousands per student

Auxiliary data on professor hiring from Wapman Zhang Clauset Larremore (2022) for USA public
universities 2011-2021.
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Conclusion

Are lecturers a bad thing? No, but many are over-worked, under-paid. . .

The Cruelty of the Adjunct (a) Part-time Rate, Lecturers at
System Public Unis

AlexandraBradner  April 13,2022 g 29

Percent of Lecturers Working Part-time
1.0

0.9

0.8

2006 2008 2010 2012 2014 2016 2018 2020
Year

Implies that public universities (who educate the majority of US higher ed
students) make long-lasting personnel decisions based on yearly funding

cuts. While instruction salaries are < 30% of total spending. ...
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