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About Me

I am an economics PhD student at Cornell University, with research interests
in labour economics and applied econometrics.

• Other applied research studying education polygenic index, and media-
tion of its causal effect through education.

Senan Hogan-Hennessy, Cornell University 1 / 26



Introduction 1. Oregon 2. Causal Mediation (CM) 3. CM with Selection 4. Return to Oregon Conclusion Appendix

Introduction

Natural experiments are settings with credible estimates of causal effects
• Little information on the mechanisms through which they operate
• Limits understanding of the decisions and underlying economic system
• 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:
1 Develop selection bias concept for CM in observational settings, with

reasoning bias can crowd out inference
2 Build an MTE–based model to tackle the identification problem
3 Illustrate 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).
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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

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

Wait-list Lottery:

35,000 Won
(Treatment)

55,000 Lost
(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).
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Oregon — Suggestive Evidence

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

DiZi Yi

Healthcare

Wait-list
lottery

Subjective
well-being

.+4pp

+8pp

Suggestive evidence:
• If first-stage ̸= 0, then healthcare may be a mediating mechanism
• This gives suggestive evidence for healthcare as mechanism.
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Oregon — Suggestive Evidence

Winning this wait-list lottery significantly increased healthcare usage, plus
subjective well-being (Finkelstein et al, 2012).
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What about direct effects?
• 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).
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Oregon — Suggestive Evidence

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

There is one missing piece to make a definitive conclusion:

Size of causal effect Di → Yi . . .

• If large, then healthcare explains all the lottery effect
• If small/zero then, then all direct (e.g., psychological) gains.
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Causal Mediation (CM)

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

Zi Yi
Wait-list

lottery

Healthcare
Subjective
well-being

.
Treatment Effect (ATE)

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

ATE = ADE + AIE.
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CM is an alternative framework to studying mechanisms, giving sufficient
evidence on the mediating mechanism.
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CM decomposes the ATE into

Average Indirect Effect (AIE) : E
[
Yi

(
Zi, Di(1)

)
− Yi

(
Zi, Di(0)

)]

AIE represents the average effect going through healthcare.
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CM decomposes the ATE into

Average Direct Effect (ADE) : E
[
Yi

(
1 , Di(Zi)

)
− Yi

(
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)]

ADE represents the average effect going absent healthcare.
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Causal Mediation (CM)

Identification of the ADE + AIE needs further assumptions.

DiZi Yi

Healthcare

Wait-list
lottery

Subjective
well-being

.First-stage

Direct effect

.Healthcare
effect

Conventional CM relies on two identifying assumptions,
1 Treatment Zi is (quasi-)randomly assigned
2 Mediator Di is (quasi-)randomly assigned, conditional on Zi realisation

and controls X i.

=⇒ ADE + AIE are separately identified by two-stage regression (Imai
Keele Yamamoto 2010).
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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:
1 Treatment Zi is (quasi-)randomly assigned
2 Mediator Di is (quasi-)randomly assigned, conditional on Zi realisation

(and covariates X i).

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

lottery realisation and demographic controls.

Would this be plausible in settings economists study?
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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′
)
= 1





Ci︸︷︷︸
Costs

≤ Yi

(
z′, 1

)
− Yi

(
z′, 0

)

︸ ︷︷ ︸
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.
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Causal Mediation (CM) — Selection Bias

Individual unobserved benefits are an unobserved confounder U i here,

DiZi Yi

Healthcare

Wait-list
lottery

Subjective
well-being

.First-stage

Direct effect

.Healthcare
effect

U i

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

)
.

ADE biases AIE biases
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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) ÂDE − ADE. (b) ÂIE − AIE.
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CM with Selection

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

Take as given that Zi is quasi-randomly assigned, but Di is not:

DiZi Yi

Healthcare

Wait-list
lottery

Subjective
well-being

.First-stage

Direct effect

.Healthcare
effect

U i

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

The structural model is based on 3 assumptions.

DiZi Yi
Wait-list

lottery
Subjective
well-being

.

U i

(1) First-stage ≥ 0

IV(2) (3)

(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



Introduction 1. Oregon 2. Causal Mediation (CM) 3. CM with Selection 4. Return to Oregon Conclusion Appendix

MTE Model

The structural model is based on 3 assumptions.

DiZi Yi
Wait-list

lottery
Subjective
well-being

.

U i

(1) First-stage ≥ 0

IV(2) (3)

(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



Introduction 1. Oregon 2. Causal Mediation (CM) 3. CM with Selection 4. Return to Oregon Conclusion Appendix

MTE Model

The structural model is based on 3 assumptions.

DiZi Yi
Wait-list

lottery
Subjective
well-being

.

U i

(1) First-stage ≥ 0

IV(2) (3)

(2) Mediator take-up cost IV

Requires an IV, which affects Yi only via Di.

Key example: Cost-shifting IV — random variation in healthcare take-up
(not gains), e.g. different healthcare costs.
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MTE Model

The structural model is based on 3 assumptions.

DiZi Yi
Wait-list

lottery
Subjective
well-being

.

U i

(1) First-stage ≥ 0

IV(2) (3)

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

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

The structural model is based on 3 assumptions.

DiZi Yi
Wait-list

lottery
Subjective
well-being

.

U i

(1) First-stage ≥ 0

IV(2) (3)

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.
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MTE Model — Estimation

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

(a) ÂDE − ADE. (b) ÂIE − AIE.
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MTE Model — Estimation

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

(a) ÂDE − ADE. (b) ÂIE − AIE.
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Return to Oregon

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

Does using healthcare improve subjective well-being?

• OLS estimate of healthcare Di → Yi subjective well-being is −2.5pp
(1.1).

• Controls for initial health conditions gives +2.8pp (1.1).
Senan Hogan-Hennessy, Cornell University 20 / 26
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Oregon — Conventional CM

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

Senan Hogan-Hennessy, Cornell University 21 / 26
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Oregon — Selection Bias

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

DiZi Yi

Healthcare

Wait-list
lottery

Subjective
well-being

U i

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 Conclusion Appendix

Oregon — Selection Bias

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

DiZi Yi

Healthcare

Wait-list
lottery

Subjective
well-being

U i

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 Conclusion Appendix

Oregon — MTE Model

I bring the MTE model to these data instead.

DiZi Yi
Wait-list

lottery
Subjective
well-being

.

U i

(1) First-stage ≥ 0

IV(2) (3)

Healthcare IV: 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.
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Oregon — MTE Model

Oregon Health Insurance applicants asked pre-lottery healthcare location.

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 IV, restores indirect
effect through increasing healthcare visitation.

Senan Hogan-Hennessy, Cornell University 25 / 26
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Conclusion

Overview:
1 Selection bias in conventional CM analyses when mediator mechanism

strategically selected into.
2 Connect CM with labour theory + selection-into-treatment + MTEs.

Caveats and points to remember:
• Structural assumptions and IV for identification + estimation (not ideal)
• Application to Oregon Health Insurance Experiment, showing subjective

well-being effects mediated by healthcare take-up
• Credible analyses of mechanisms are hard in practice, and wide confi-

dence intervals show true uncertainty.
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Appendix: CM Guiding Model

Consider binary treatment Zi = 0, 1, binary mediator Di = 0, 1, and con-
tinuous outcome Yi.

DiZi Yi

Mediator

Treatment Outcome
First-stage Indirect

Direct Effect

U Confounder

Average Direct Effect (ADE) : E
[
Yi

(
1 , Di(Zi)

)
− Yi

(
0 , Di(Zi)

)]

• ADE is causal effect Z → Y , blocking the indirect Di path.

Average Indirect Effect (AIE): E
[
Yi

(
Zi, Di(1)

)
− Yi

(
Zi, Di(0)

)]

• AIE is causal effect of Di(Zi) → Yi, blocking the direct Zi path.
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Group Difference — ADE

CM effects contaminated by (less interpretable) bias terms.

CM Estimand = ADEM + Selection Bias

EDi

[
E [Yi |Zi = 1, Di]− E [Yi |Zi = 0, Di]

]

︸ ︷︷ ︸
Estimand, Direct Effect

= EDi=d′
[
E
[
Yi(1, Di(Zi))− Yi(0, Di(Zi))

∣∣Di(1) = d′
]]

︸ ︷︷ ︸
Average Direct Effect on Mediator (ADEM) take-up — i.e., Di(1) weighted

+ EDi

[
E
[
Yi(0, Di(Zi))

∣∣Di(1) = d′
]
− E

[
Yi(0, Di(Zi))

∣∣Di(0) = d′
] ]

︸ ︷︷ ︸
Selection Bias

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

=⇒ consider this group bias, noting difference from true ADE. Back
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Selection Bias — Direct Effect

CM Effects + contaminating bias.

CM Estimand = ADE +
(
Selection Bias + Group difference bias

)

Model

EDi=d′
[
E
[
Yi

∣∣Zi = 1, Di = d′
]
− E

[
Yi

∣∣Zi = 0, Di = d′
] ]

︸ ︷︷ ︸
Estimand, Direct Effect

= E [Yi(1, Di(Zi))− Yi(0, Di(Zi))]︸ ︷︷ ︸
Average Direct Effect

+ EDi=d′
[
E
[
Yi(0, Di(Zi))

∣∣Di(1) = d′
]
− E

[
Yi(0, Di(Zi))

∣∣Di(0) = d′
] ]

︸ ︷︷ ︸
Selection Bias

+ EDi=d′




(
1− Pr

(
Di(1) = d′

) )

×
(
E
[
Yi(1, Di(Zi))− Yi(0, Di(Zi))

∣∣Di(1) = 1− d′
]

− E
[
Yi(1, Di(Zi))− Yi(0, Di(Zi))

∣∣Di(0) = d′
]
)




︸ ︷︷ ︸
Group difference bias Group-diff
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Group Difference — AIE

CM effects contaminated by (less interpretable) bias terms.

CM Estimand = AIEM +
(
Selection Bias + Group difference bias

)

EZi

[(
E [Di |Zi = 1]− E [Di |Zi = 0]

)
×
(
E [Yi |Zi, Di = 1]− E [Yi |Zi, Di = 0]

)]

︸ ︷︷ ︸
Estimand, Indirect Effect

= E [Yi(Zi, Di(1))− Yi(Zi, Di(0)) |Di = 1]︸ ︷︷ ︸
Average Indirect Effect on Mediated (AIEM) — i.e., Di = 1 weighted

+ π
(
E [Yi(Zi, 0) |Di = 1]− E [Yi(Zi, 0) |Di = 0]

)

︸ ︷︷ ︸
Selection Bias

+ π

[(
1− Pr (Di(1) = 1, Di(0) = 0)

Pr (Di(1) = 1, Di(0) = 0)

)(E [Yi(Zi, 1)− Yi(Zi, 0) |Di(1) = 0 or Di(0) = 1]

− E [Yi(Zi, 1)− Yi(Zi, 0)]

)]

︸ ︷︷ ︸
Groups difference Bias

The weighted AIE you get here is not a positive weighted sum of local
AIEs, because the AIE is only about D(Z) compliers. Model .
=⇒ consider this group bias, noting difference from true AIE. Back
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Selection Bias — Indirect Effect

CM Effects + contaminating bias, where π = Pr (Di(0) ̸= Di(1)).

CM Estimand = AIE +
(
Selection Bias + Group difference bias

)
Model

EZi

[(
E [Di |Zi = 1]− E [Di |Zi = 0]

)
×
(
E [Yi |Zi, Di = 1]− E [Yi |Zi, Di = 0]

)]

︸ ︷︷ ︸
Estimand, Indirect Effect

= E [Yi(Zi, Di(1))− Yi(Zi, Di(0))]︸ ︷︷ ︸
Average Indirect Effect

+ π
(
E [Yi(Zi, 0) |Di = 1]− E [Yi(Zi, 0) |Di = 0]

)

︸ ︷︷ ︸
Selection Bias

+ π




(
1− Pr (Di = 1)

)(E [Yi(Zi, 1)− Yi(Zi, 0) |Di = 1]

− E [Yi(Zi, 1)− Yi(Zi, 0) |Di = 0]

)

+

(
1− Pr (Di(1) = 1, Di(0) = 0)

Pr (Di(1) = 1, Di(0) = 0)

)(E [Yi(Zi, 1)− Yi(Zi, 0) |Di(Zi) ̸= Zi]

− E [Yi(Zi, 1)− Yi(Zi, 0)]

)




︸ ︷︷ ︸
Groups difference Bias Group-diff
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Semi-parametric Control Functions

Semi-parametric specifications for the CFs λ0, λ1 bring some complications
to estimating the AIE.

E [Yi |Zi, Di = 0,X i] = α+ γZi + φ
(
X i

)
+ ρ0λ0

(
π(Zi;X i)

)
,

E [Yi |Zi, Di = 1,X i] = (α+ β) + (γ + δ)Zi + φ
(
X i

)
+ ρ1λ1

(
π(Zi;X i)

)
.

Intercepts, α, (α + β), and relevance parameters ρ0, ρ1 are not separately
identified from the CFs λ0(.), λ1(.) so CF extrapolation term
(ρ1 − ρ0)Γ

(
π(0;X i), π(1;X i)

)
is not directly identified or estimable.

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

CF
=

ÂTE − (1− Z)

(
1

N

N∑

i=1

γ̂ + δ̂ π̂(1;X i)

)

︸ ︷︷ ︸
ÂDE given Zi=1

−Z

(
1

N

N∑

i=1

γ̂ + δ̂ π̂(0;X i)

)

︸ ︷︷ ︸
ÂDE given Zi=0

.
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Appenidx: CM with Selection

Suppose Zi is ignorable, Di is not, so we have the following causal model.

DiZi YiTreatment Outcome
First-stage Indirect

Then this system has the following random coefficient equations:

Di = ϕ+ πZi + φ(X i) + Ui

Yi = α+ βDi + γZi + δZiDi + ζ(X i) + (1−Di)U0,i +DiU1,i
︸ ︷︷ ︸

Correlated error termwhere β, γ, δ are functions of µd′(z
′;X i).

ADE = E [γ + δDi] , AIE = E
[
π
(
β + δZi + Ũi

)]

with Ũi = E [U1,i − U0,i |X i, Di(0) ̸= Di(1)] unobserved complier gains.
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Appenidx: CM with Selection

Suppose Zi is ignorable, Di is not, so we have the following causal model.

DiZi YiTreatment Outcome
First-stage Indirect

Main problem, second-stage is not identified:

E [Yi |Zi, Di,X i] = α+ βDi + γZi + δZiDi + φ(X i)

+ (1−Di)E [U0,i |Di = 0,X i]

+ DiE [U1,i |Di = 1,X i]
︸ ︷︷ ︸
Unobserved Di confounding.

Identification intuition: Identify second-stage via MTE control function.
Senan Hogan-Hennessy, Cornell University 26 / 26
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Appenidx: CM with Selection — Identification

Assume:
1 Mediator monotonicity, Pr (Di(0) ≤ Di(1) |X i) = 1

=⇒ Di(z
′) = 1

{
Ui ≤ π(z′;X i)

}
, for z′ = 0, 1 (Vycatil 2002).

2 Selection on mediator benefits, Cov (Ui, U0,i) , Cov (Ui, U1,i) ̸= 0

=⇒ First-stage take-up informs second-stage confounding.

3 There is an IV for the mediator, X IV
i among control variables X i.

=⇒ π(Zi;X i) = Pr (Di = 1 |Zi,X i) is separately identified.

Proposition:

E
[
Yi(z

′, 1)− Yi(z
′, 0)

∣∣Zi = z′,X i, Ui = p′
]

= β + δz′ + E
[
U1,i − U0,i

∣∣X i, Ui = p′
]
, for p′ ∈ (0, 1).
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Appenidx: CM with Selection — Identification

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

ρ0λ0(p
′) = E

[
U0,i

∣∣ p′ ≤ Ui

]
, ρ1λ1(p

′) = E
[
U1,i

∣∣Ui ≤ p′
]
.

These CFs restore second-stage identification, by extrapolating from X IV
i

compliers to Di(Zi) mediator compliers,

E [Yi |Zi, Di,X i] = α+ βDi + γZi + δZiDi + φ(X i)

+ ρ0 (1−Di)λ0

(
π(Zi;X i)

)
+ ρ1Diλ1

(
π(Zi;X i)

)
︸ ︷︷ ︸

CF adjustment.

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

ADE = E [γ + δDi] , AIE = E

[
π
(
β + δZi + (ρ1 − ρ0) Γ

(
π(0;X i), π(1;X i)

)
︸ ︷︷ ︸

Mediator compliers extrapolation.

)]
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Appenidx: CM with Selection — Estimation

Will explain how estimation works, with simulation evidence.
1 Random treatment Zi ∼ Binom (0.5), for n = 5, 000.
2 (U0,i, U1,i) ∼ BivariateNormal (0, 0, σ0, σ1, ρ) , Costs Ci ∼ N(0, 0.5).

Roy selection-into-Di, with constant partial effects + interaction term.

Di(z
′) = 1

{
Ci ≤ Yi(z

′, 1)− Yi(z
′, 0)

}
,

Yi(z
′, d′) =

(
z′ + d′ + z′d′

)
+ Ud′ for z′, d′ = 0, 1.

Following the previous, these data have the following first and second-stage
equations, where X IV

i is an additive cost IV:

Di = 1
{
Ci −

(
U1,i − U0,i

)
≤ Zi −X IV

i

}

Yi = Zi +Di + ZiDi + (1−Di)U0,i +DiU1,i .

=⇒ unobserved confounding by BivariateNormal
(
U0,i, U1,i

)
.
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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 ϕ(.) normal pdf and Φ(.) normal cdf,

λ0(p
′) =

ϕ(−Φ−1(p′))
Φ(−Φ−1(p′))

, λ1(p
′) =

ϕ(Φ−1(p′))
Φ(Φ−1(p′))

, for p′ ∈ (0, 1).

Parametric Estimation Recipe:
1 Estimate first-stage π(Zi;X i) with probit, including X IV

i .
2 Include λ0, λ1 CFs in second-stage OLS estimation.
3 Compose CM estimates from two-stage plug-in estimates.

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

ÂDE = E
[
γ̂ + δ̂Di

]
, ÂIE = E

[
π̂
(
β̂ + δ̂Zi + (ρ̂1 − ρ̂0) Γ

(
π̂(0;X i), π̂(1;X i)

)
︸ ︷︷ ︸

Mediator compliers extrapolation.

)]
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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).

E [Yi |Zi, Di = 0,X i] = α+ γZi + φ
(
X i

)
+ ρ0λ0

(
π(Zi;X i)

)
,

E [Yi |Zi, Di = 1,X i] = (α+ β) + (γ + δ)Zi + φ
(
X i

)
+ ρ1λ1

(
π(Zi;X i)

)
.

Semi-parametric Estimation Recipe:
1 Estimate first-stage π(Zi;X i), including X IV

i .
2 Estimate second-stage separately for Di = 0 and Di = 1, with regres-

sors λ0(p
′), λ1(p

′), semi-parametric in π̂(Zi;X i).
3 Compose CM estimates from two-stage plug-in estimates.

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

ÂDE = E
[
γ̂ + δ̂Di

]
, ÂIE = E

[
π̂
(
β̂ + δ̂Zi + (ρ̂1 − ρ̂0) Γ

(
π̂(0;X i), π̂(1;X i)

))
]
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Appenidx: CM with Selection — Estimation

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

(a) ADE. (b) AIE.
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Introduction

Nature vs Nurture
1. Genetics measure nature (ini-

tial endowment)
2. Find genes associated with

outcomes
3. Deeper understanding of social

outcomes, from genetics.
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Introduction

Nature(?) vs Nurture
1. Genetics measure one

component of nature
(at most. . . )

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

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

T

A

T

A

T

A

T

A

T

A
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G
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C

G
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G
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Person 2’s DNA:
T

A

T

A

T
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T
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G
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Gene:

XProtein:

Outcome

Moderated by
external factors

“gene–
environment
interactions.”
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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

A

T

A

T

A

T

A

T

A

G

C

G

C

G

C

G

C

G

C

G

C

G

C

T

A

Gene:

XProtein:

Different outcome.

Moderated by
external factors

“gene–
environment
interactions.”
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Education PolyGenic Index (Ed PGI)

“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)
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Education PolyGenic Index (Ed PGI)

Person 1’s DNA:
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3,952 Different Genes:

P3,952 Different Proteins:
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Education PolyGenic Index (Ed PGI)
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3,952 Different Genes:

P ′3,952 Different Proteins:

Education Years
▶ In practice, we do not know exact location of relevant gene regions
▶ Nor the associated protein + how it works.
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Education PolyGenic Index (Ed PGI)

Person 2’s DNA:
T

A
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T
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T

A

G
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Education Years

Calculate Polygenic Index (PGI):
1. Identify mutation regions

(3,952 for Ed PGI)
2. Calculate weights for each
3. Assign a 1-dim genetic

measure, summarising +
dimension-reducing this topic.

▶ In practice, we do not know exact location of relevant gene regions
▶ Nor the associated protein + how it works.
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Education PolyGenic Index (Ed PGI)

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

Person 1’s DNA:

T

A

T

A

T

A

T

A

T

A

T

A

G
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G

C

G

C

G

C

G

C

G

C

Weights: 0 0 0 0 0 0 0 0 0w1 w2 w3

Person 1’s Ed PGI:

Zi =

J∑

j=1

wj1 {person 1 has one-letter change at j} = 0

Note: Humans have two copies of each chromosome, so indicator is 0, 1,
2 corresponding to how many copies one has.
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Education PolyGenic Index (Ed PGI)

Education Polygenic Index (Ed PGI):
A weighted sum of single letter gene changes predicting years of education.
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Weights: 0 0 0 0 0 0 0 0 0w1 w2 w3

Person 2’s Ed PGI:

Zi =

J∑

j=1

wj1 {person 2 has one-letter change at j} = w1 + w2 + w3

Note: Humans have two copies of each chromosome, so indicator is 0, 1,
2 corresponding to how many copies one has.
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Education PolyGenic Index (Ed PGI)

Previous economics + science research shows Ed PGI 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?
▶ Is education the only way it is related to outcomes?
▶ Is there a direct genetic relationship, absent returns to education?
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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

in 2004, to investigate biological +
genetic basis of low-frequency dis-
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.1

1Limited to race = white, for whom Ed PGI is defined.
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Ed PGI and Education

(a) Ed PGI. (b) Ed PGI + Education Years, Binscatter.
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Education and Labour Market Outcomes

(a) Education Years. (b) Education Years + Income.
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Associations with the Ed PGI

(a) Ed PGI → Education Years. (b) Ed PGI → Hourly Wages.
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Mendelian Independent Assortment

Question: Is Ed PGI randomly assigned?

FatherMother

=⇒

Child

Answer:
No, inherited from parents.

E
[
ZChild
i

∣∣∣ZMother
m(i) , ZFather

f(i)

]

=
1

2

(
ZMother
m(i) + ZFather

f(i)

)
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Mendelian Independent Assortment

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

Father

=⇒

Child

Pr
(
Child inherits

∣∣ Father one copy
)
=

1

2

I.e., inheritance probability depends
only on parents’ genetics.

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

ZChild
i − E

[
ZChild
i

∣∣∣ZFather
f(i) , ZMother

m(i)

]
−→ 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.

ZMother
m(i)ZFather

f(i) ZChild
i

Remark on Estimation:
Control for imputed mean parental Ed
PGI from siblings, because few parents
observed in UK Biobank, losing statis-
tical efficiency.
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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 PGI. (b) Ed PGI minus imputed parental mean.
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Introduction 1. Genetics & Education 2. Genetic Effects 3. Causal Mediation Analysis Conclusion

Causal Effects of the Ed PGI

(a) Ed PGI → Education Years. (b) Ed PGI → Hourly Wages.

Replicates main estimates in Carvalho (2025).
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Direct and Indirect Effects

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

DiZi

YiZi

EducationEd PGI

Ed PGI
Occupation
Income + Wages

Average
education effect

Average
total effect

Ed PGI
calculated

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

=⇒ Consider the mechanisms:

Direct Genetic Channel Returns to Education

▶ Creativity
▶ Soft skills

▶ Classroom learning
▶ Hard skills
▶ Occupational qualifications

A direct effect implies Ed PGI genes have direct labour market benefits.
Motivated by literature noting that Ed PGI 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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Direct and Indirect Effects
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Figure: Model for Causal Effect of the Ed PGI.

.Zi Yi

Education
years

Ed PGI
Occupation
income +
wages

Average
total effect

Direct genetic effect

Senan Hogan-Hennessy, Cornell University 18 / 22



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 PGI.

DiZi

Education
years

Ed PGI
Average

education effect
Yi

Occupation
income +
wages

Direct genetic effect

Education
returns

Senan Hogan-Hennessy, Cornell University 18 / 22



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 PGI.

DiZi

Education
years

Ed PGI
Average

education effect
Yi

Occupation
income +
wages

Direct genetic effect

Education
returns

Senan Hogan-Hennessy, Cornell University 18 / 22



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 PGI.

DiZi

Education
years

Ed PGI
Average

education effect
Yi

Occupation
income +
wages

Direct genetic effect

Education
returns

Senan Hogan-Hennessy, Cornell University 18 / 22



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 PGI.

DiZi

Education
years

Ed PGI
Average

education effect
Yi

Occupation
income +
wages

Direct genetic effect

Education
returns

Senan Hogan-Hennessy, Cornell University 18 / 22



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).

Note: Distribution from 17 IV estimates for Britain (Patrinos Psacharopoulos 2026).
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Direct and Indirect Effects — Estimates

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

Note: Distribution from 17 IV estimates for Britain (Patrinos Psacharopoulos 2026).
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Direct and Indirect Effects — Sensitivity Analysis

Figure: Sensitivity Analysis, Effect of Ed PGI on Log Occupational Wages via
Education Years.
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Direct and Indirect Effects — Sensitivity Analysis
Figure: Sensitivity Analysis, Proportion of Ed PGI Effect on Income Outcomes
via Education Years.

Direct genetic effect closes → 0 at plausible education returns values.
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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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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.
(b) Mean Funding per student among Public
Universities.
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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).
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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.

Figure: Average Public University Funding.

=⇒ institutional set-up leads to public universities being stiffed year-on-
year.
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Trends in US Higher Education

Figure: Average Illinois University Funding.

This process in Illinois, 2015:

1. Democrat state legislature
plans annual budget

2. Sends to Republican gover-
nor, then bargaining went
nowhere

3. 2016 fiscal year starts with
no budget, state staff fur-
loughed etc.

=⇒ Partisan disagreements led to Illinois public universities being stiffed
in 2016.
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Shifts in State Funding

Estimate causal effects using Shift-Share IV 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
2. Interacted with state-wide changes in higher education funding.

IV =
3∑

τ=0

1

4

(
State Fundingi ,1990+τ

Total Revenuesi ,1990+τ

)

︸ ︷︷ ︸
1. Base reliance on state funding, 1990–1993

×
(
Total State Fundings(i),t
Student Populations(i),t

)

︸ ︷︷ ︸
2. State-wide higher ed funding shifts

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 population shifts +
changing budget priorities — not one campus’ actions.
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Shifts in State Funding

Estimate causal effects using Shift-Share IV 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
2. Interacted with state-wide changes in higher education funding.

IV =
3∑

τ=0

1

4

(
State Fundingi ,1990+τ

Total Revenuesi ,1990+τ

)

︸ ︷︷ ︸
1. Base reliance on state funding, 1990–1993

×
(
Total State Fundings(i),t
Student Populations(i),t

)

︸ ︷︷ ︸
2. State-wide higher ed funding shifts

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.
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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).
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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 Illinois public uni staff 2011–2021:

▶ No detected effect of state funding cuts on follow-on salaries, exit
rates, or promotions among Illinois 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.

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. . .

(a) Part-time Rate, Lecturers at
Public Unis

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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