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Key Ideas

1. Estimating causal impacts yields “effects of causes,” but without
knowledge of mechanisms, the analyst has an incomplete
understanding of the causal pathways.

2. Mediation analysis is a structured approach to understand the
relevant causal pathways, but new identification assumptions
must be invoked to recover parameters of interest.

3. The limits of ex post mediation analysis highlight the value of
considering theory and identifying potential causal pathways during
the design stage.

4. Pairing lessons on mediators and moderators provides key insights
into Experimental Problems (EPs) 1 and 2, allowing us to
understand both the effects of causes and the causes of effects.
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Mind’s Eye
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Introduction

▶ Goiter has troubled humankind from
time immemorial

▶ As early as 3600 BC, Chinese
medical writings espoused that
upon ingestion of seaweed and
burnt sea sponge the sufferer
exhibited a decrease in goiter size

▶ Centuries apart, Hippocrates, Galen,
and Roger of the School of Salerno
recommended the same remedies

▶ What was magical about seaweed
and burnt sea sponge that allowed
it to cure goiter?
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Introduction

▶ Iodine.

▶ Iodine is a trace element in the upper crust; glaciation, flooding, and
leaching left it concentrated in coastal areas, so the most common
dietary sources are seaweed and other seafood

▶ In 1852, Adolphe Chatin was the first to publish the hypothesis of
population iodine deficiency associated with endemic goiter

▶ The magic had been discovered: ingestion of seaweed and burnt sea
sponge increased iodine levels which in turn decreased goiter

▶ Iodine represented a complete mediator — a third variable that
carried the entire effect of the seaweed treatment to curing goiter
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Introduction

▶ In terms of experimentation: the treatment group receives a seaweed
diet, the diet increases iodine levels, and the thyroid gland processes
iodine — without which an abnormally large thyroid gland (goiter)
can result

▶ Within the sciences, two questions provide deep insight:
▶ What bridges the causal relationship?
▶ What alters the magnitude and direction of the causal

relationship?

▶ Answers are necessary for theory testing, policymaking, and
understanding whether causal impacts transfer to other
environments (EP2)
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Introduction

▶ Chapter 7 studied moderators: variables that alter the strength and
direction of the causal relationship

▶ Because the experimenter only controlled the assignment of
treatment, establishing internal validity for the moderator took great
care

▶ Mediators are directly changed by treatment. They may yield a
causal chain, or mechanism, through which treatments yield effects

▶ So mediation analysis asks a different question: what is the causal
pathway from treatment (D) to outcome (Y )?

▶ Strong assumptions are needed when mediation is not considered at
the design stage — considered early, weaker assumptions suffice
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Outline

Three Running Examples

Mediation: The Basics of Causal Pathways

Applied Mediation Analysis for Economic Experiments

Conclusions
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Lind (1753): Scurvy at Sea

▶ The 18th century: diseases such as scurvy were often more
dangerous for sailors than enemies on long sea trips

▶ Crews were plagued by symptoms including fungous flesh and putrid
gums, but little was known about the disease or its causes

▶ Facing the outbreaks, an array of imaginative remedies was tried and
defended

▶ In 1747, the medical apprentice James Lind carried out one of the
first controlled clinical trials recorded in the medical sciences, aboard
HMS Salisbury

Textbook section 8.1
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Lind (1753): Scurvy at Sea

▶ He took 12 men with similar symptoms, divided them into six pairs,
and treated each pair with a different remedy:
▶ 25 drops of elixir of vitriol three times a day
▶ half a pint of seawater a day
▶ two spoons of vinegar three times a day
▶ two oranges and one lemon a day

▶ By the end of the week, the subjects on citrus fruits were well
enough to nurse the others

▶ Based on this framed field experiment, Lind wrote A Treatise of the
Scurvy (1753), arguing lemon juice would end a disease that killed
more people than the French and Spanish armies combined

▶ Only in 1940 was Vitamin C identified as the complete mediator
— the causal pathway that cures scurvy (Crandon, Lund, and Dill,
1940)
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Burland, Dynarski, Michelmore, Owen, and Raghuraman
(2023)

▶ A natural field experiment with low-income high school students,
examining the effect of free tuition offers on application rates to the
University of Michigan

▶ The goal: compare a policy offering free tuition to everyone versus
a targeted approach limiting it to those who demonstrate need
through an application process

▶ Control arm receives the usual information materials about the
University of Michigan

▶ Comparing the two treatments to control identifies the effect of
uncertainty of scholarship receipt on application rates
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Burland, Dynarski, Michelmore, Owen, and Raghuraman
(2023)

▶ Students in both scholarship arms applied at higher rates than
control — but the increase was three times larger with up-front
certainty

▶ 63% of the certainty group applied: 28 percentage points above the
control group’s 35%, and 19 points above the arm that had to
demonstrate need

▶ Alleviating uncertainty of receiving the scholarship served as a key
causal pathway — though only a partial mediator

▶ More broadly, we learn about the deleterious effects of policies that
require verification of aid eligibility after application
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Bursztyn, González, and Yanagizawa-Drott (2020)

▶ A set of field experiments on the belief-based and informational
barriers to female labor supply outside the home in Saudi Arabia

▶ Female labor supply outside the household is a contentious issue
there, and the authors design a series of experiments to examine
mediation paths

▶ Of roughly 500 married Saudi men surveyed, nearly 87% agreed
that women should be allowed to work outside the home

▶ Yet 72% of participants underestimated how many others agreed —
a misperceived social norm
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Bursztyn, González, and Yanagizawa-Drott (2020)

▶ In a set of key treatments, the authors informed some of the men
about this prevailing belief

▶ Men exposed to the treatment showed greater willingness to let their
wife participate in the labor force, evidenced by greater willingness
to enroll her in a job-matching mobile application

▶ This suggests an important partial mediator: communication of
norms and beliefs by husbands to their wives unlocks their ability to
join the workforce

▶ Together, our three examples show the questions mediation can
answer — and that answering them often requires a very explicit
and distinct experimental design
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Essential Elements of Our Three Running Examples

Study Experiment
Type

Units Control Condi-
tion

Treatment Condi-
tion

Outcome(s) Mediator

Lind (1753) FFE 12 men suffer-
ing from scurvy
aboard a ship

Eating noncitrus
fruits

Eating citrus fruits Good health or
symptoms of
scurvy, including
death

Complete mediation;
vitamin C

Burland, Dy-
narski, Michel-
more, Owen,
and Raghuraman
(2023)

NFE High school stu-
dents from low-
income families

Receiving the
standard mate-
rials about U of
Michigan

Receiving infor-
mation about free
tuition scholarship
program, with
varying certainty of
receipt

Application rates
to U of Michigan

Partial mediation: de-
gree of certainty con-
cerning scholarship of-
fer

Bursztyn,
González, and
Yanagizawa-Drott
(2020)

AFE,
FFE, and
NFE

Several cohorts
of young (18-
to-35-year-old)
Saudi Arabian
men and women
in nationally
representative
online surveys

Taking standard
survey; no belief
correction

Receiving various
forms of infor-
mation about
prevailing norms

Many, including
female par-
ticipation in
job-matching pro-
grams and female
applications of
work outside of
home

Partial mediation:
communication be-
tween male heads of
household regarding
norms around females
working outside of the
home

[Table 8.1 in the Textbook]
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Outline

Three Running Examples

Mediation: The Basics of Causal Pathways
Decomposing Total Effects in the Presence of Mediators
Moving the Goalposts: Controlled and Principal Strata Effects

Applied Mediation Analysis for Economic Experiments

Conclusions
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Where We Started: ATEs and CATEs

▶ Top panel: Chapter 3 — recover the ATE, τ = E[Yi (1)− Yi (0)]
▶ Middle panel: Chapter 7 — CATEs for Xi = x ,

τ(x) ≡ E[τi (x) | Xi = x ] = E[Yi (1, x)− Yi (0, x) | Xi = x ]

[Figure 8.1, top and middle panels in the Textbook]

Textbook section 8.2
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The New Case: The Mediator Sits on the Causal Path
▶ An entirely different issue arises when the dimension of heterogeneity

sits along the causal path, as a mediator in between the
treatment we vary and the outcome of interest

▶ Mediation corresponds to an indirect effect of D on Y that passes
through M

[Figure 8.1, bottom panel in the Textbook]
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Complete versus Partial Mediation

▶ Mediation refers to the transmission of the effect of treatment (D)
through one or more other variables, termed mediators (M)

▶ With complete mediation, the entire (or total) effect of D on Y is
transmitted through one or more mediator variables
▶ In Lind’s work on scurvy, the entire effect of the citrus runs through

enhanced Vitamin C levels

▶ With partial mediation, D has both a direct and an indirect effect
on Y
▶ The direct effect is not mediated; the indirect effect is transmitted

through one or more M variables
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Partial Mediation in Burland et al. (2023)

▶ Under the certain scholarship treatment, students applied at a rate
of 63% versus the control group’s 35%

▶ A direct effect of D might have been influential: the effect of colorful
mailings, encouragement to apply, and detailed aid information

▶ An indirect effect of D (operating via M) was the alleviation of
uncertainty of receiving the scholarship

▶ The authors estimated this causal pathway through their comparison
of the two scholarship treatments, thereby providing an estimate
of this indirect effect
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Partial Mediation in Bursztyn, González, and
Yanagizawa-Drott (2020)

▶ Mediation here operates in a similar but more complex fashion

▶ We focus on the important margin of intrahousehold
communication (M), conceived of as binary for concreteness

▶ Norm information may increase women’s labor market propensities
directly, by relaxing incorrect conformity motives of the husbands
— the information mechanism, linking D and Y

▶ It may also do so indirectly, by relaxing incorrect conformity
motives of the wives — the information sharing mechanism, linking
D and Y through M
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Why the Split Matters for Policy

▶ Discovering the relative importance of the two mechanisms is a
key activity in the social sciences

▶ To the extent that the indirect information-sharing channel is a key
component of the overall effect, alternative programs that directly
inform the women in the household (rather than the men) may be
more cost-effective

▶ That is precisely why policymakers have an interest in the indirect
effects
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One Mediator Is the Simple Case

▶ Multiple mediators can operate jointly at the same stage of a
causal model, so that several indirect effects link D to Y

▶ Or mediators can be linked sequentially, so the indirect effect of D
on Y operates through a chain of M variables

▶ In Bursztyn, González, and Yanagizawa-Drott (2020), between the
provision of information and whether wives apply for paid
employment, each household faces a variety of important life choices

▶ Each may affect eventual labor force participation — and each may
itself be altered by the husband’s differential exposure to the norms
treatment
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A Phone Call a Day Keeps. . . Students Engaged

▶ Kraft and Dougherty (2013) run an NFE in which sixth- and
ninth-grade students in the treatment group received one phone
call per day and a written message from a teacher during a
mandatory summer school program

▶ The intervention raised student engagement and led to a higher rate
of homework completion

▶ The authors then surveyed teachers and students to identify three
mechanisms:
▶ better student–teacher relationships
▶ higher rates of parental involvement
▶ increased student motivation

▶ With the appropriate use of surveys, causal pathways can be
discovered and those mediators themselves cost-effectively
enhanced
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A Phone Call a Day Keeps. . . Students Engaged

▶ In a complementary FFE, Bergman (2021) partnered with a school
in a low-income area of Los Angeles: an administrator emailed,
texted, and called parents of students in 6th through 11th grades,
with information on their children’s missing assignments and grades

▶ Calls were made several times a month over six months, and caused
greater student engagement — improved GPAs, higher grades,
higher attendance

▶ The interesting aspect is the design choice: rather than surveys,
Bergman estimates a structural model to disentangle reduced
monitoring cost (direct effect) from updated parental beliefs
(mediator)

▶ Using maximum likelihood on the Bayesian equilibria, he finds both
channels explain the causal effect — and that reducing informational
problems can rival education reforms such as introduction of
high-quality charter schools
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Setting Up the Potential Outcomes

▶ Take an outcome of interest Yi for unit i and a treatment variable
Di ∈ {0, 1}

▶ Introduce a mediator Mi ∈ {0, 1} which arises after Di is realized
but before Yi is realized

▶ Unlike Chapter 3, potential outcomes must now be more
complicated objects to allow for distinct channels

▶ We allow our treatment to yield an effect
▶ directly on Yi (aptly deemed the direct effect)
▶ indirectly on Yi through the direct effect of treatment on Mi (which

we call an indirect effect)
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Potential Mediators and “Mixed” Potential Outcomes

▶ Starting in reverse, define potential mediators Mi (d) as the value
of the mediator arising when we fix Di = d

▶ Working outward, define potential outcomes Yi (Mi (d), d) as the
outcome arising when Di = d

▶ As before, we observe only a single potential outcome for each unit i

▶ Moreover, because Yi is completely determined — directly and
indirectly — by Di , we cannot observe, e.g., Yi (Mi (1), 0): this
involves a mediator value for a different value of treatment than the
one assigned

▶ The unobservability of such “mixed” potential outcomes is what
frustrates our ability to separate direct from indirect effects
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The Average Direct Effect

▶ With these richer potential outcomes there is no single,
uncontroversial definition of an ATE, even with a binary
treatment

▶ So we must enrich our vocabulary, distinguishing effects arising from
the contributions of Di and of Mi (d)

▶ One natural parameter is the average direct effect (ADE) of
treatment, averaging over all potential mediator values:

ADE (d) ≡ E[Yi (Mi (d), 1)− Yi (Mi (d), 0)] (8.1)

▶ The ADE is the average effect of treatment once we average over
the values of the mediator that arise naturally in the population
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The Average Indirect Effect

▶ Of separate interest is the effect of variation in the mediator due to
treatment, holding the direct contribution of treatment fixed:

AIE (d) ≡ E[Yi (Mi (1), d)− Yi (Mi (0), d)] (8.2)

▶ Together the ADE and AIE summarize the role of the direct and the
indirect mechanism — a decomposition that matters for both
policymaking and theory testing

▶ Under complete mediation, as in Lind (1753), the ADE is zero
and the AIE contains the complete effect, i.e. the ATE

▶ This gives theorists the correct model at work and gives policymakers
insight into what is necessary to achieve the effects they pursue
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Reading AIE (0) in Bursztyn, González, and
Yanagizawa-Drott (2020)

▶ Here the outcome is female labor force participation outside the
home, and the mediator is intrahousehold information sharing

▶ AIE (0) answers: how much higher (or lower) would female labor
force participation be . . .
▶ had no husbands received the norms information,
▶ but had one group’s wives been conveyed information as if their

husbands had received it?

▶ That contrast isolates the potential indirect effect
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What Does the Typical ATE Recover?

Suppose the mediation model describes the world, but we ignore the
mediating variables. Adding and subtracting a missing counterfactual:

ATE = E[Yi (Mi (1), 1)− Yi (Mi (0), 0)]

= E[Yi (Mi (1), 1)− Yi (Mi (1), 0)]︸ ︷︷ ︸
ADE(1)

+E[Yi (Mi (1), 0)− Yi (Mi (0), 0)]︸ ︷︷ ︸
AIE(0)

= E[Yi (Mi (1), 1)− Yi (Mi (0), 1)]︸ ︷︷ ︸
AIE(1)

+E[Yi (Mi (0), 1)− Yi (Mi (0), 0)]︸ ︷︷ ︸
ADE(0)

(8.3)

▶ The ATE is a blend of direct and indirect effects
▶ Distinct notation — AIE (1) versus AIE (0) — allows indirect effects

to vary with the level of the direct treatment
▶ For Lind (1753), ATE = AIE
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Handing Control of the Mediator to the Researcher

▶ The ADE and AIE are defined at mediator levels that would prevail
naturally; it is also useful to consider effects that place greater
control in the researcher’s hands

▶ Suppose the researcher can directly control the assignment of both
the treatment and the mediator — analogous to controlling
treatment and moderator assignment in Chapter 7

▶ The randomization then becomes a full factorial design in the
space of D ×M

▶ What we might once have called interaction effects we now
reinterpret as average controlled direct effects (ACDE):

ACDE (m) ≡ E[Yi (m, 1)− Yi (m, 0)], (8.4)

where m is the value of the mediator M
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Controlled Direct Effects Are Not a Free Lunch

▶ First: under many circumstances the mediator cannot be directly
manipulated
▶ If communicating with wives without their husband present were

culturally outlawed, it would be impossible — or unethical — for
Bursztyn et al. (2020) to sidestep those rules

▶ Second: to the extent treatments and mediators endogenously
interact, the level that would naturally prevail (Mi (1), Mi (0)) may
differ from the level m imposed by the researcher
▶ So ACDE(1) may differ from ADE(1), reducing the external validity

of the ACDE(1)

▶ The second concern is more amenable to design: just as the
experimenter picks scientifically-interesting levels of D, so should
they pick scientifically-interesting levels of M
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When Additive Separability Collapses Everything

▶ Suppose there is no interaction — that is, D and M have additively
separable contributions to Y

▶ Then all of the direct effects coincide:

ACDE (1) = ACDE (0) = ADE (1) = ADE (0)

▶ And there is a single indirect effect:

AIE (1) = AIE (0)
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Principal Strata: Always- and Never-Mediators

▶ Alternatively, researchers can relinquish control over the mediator
at the cost of focusing on a subset of the population

▶ Define unobserved subpopulations by their mediation responses:
individuals with M(1) = M(0) are the “always” and “never”
mediators, whose level does not change with treatment status

▶ For them the subpopulation ATE exactly equals the average direct
effect. For always-mediators with M(1) = M(0) = 1:

subpopulation ATE = E[Yi (Mi (1), 1)− Yi (Mi (0), 0) | Mi (1) = Mi (0) = 1]

= E[Yi (1, 1)− Yi (1, 0)]︸ ︷︷ ︸
ADE(1)

+E[Yi (1, 0)− Yi (1, 0)]︸ ︷︷ ︸
= 0

(8.5)
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But Can We Find Them?

▶ The catch is identifying these strata ex ante

▶ For Bursztyn, González, and Yanagizawa-Drott (2020), this amounts
to predicting which women would be perfectly informed (or not
informed) about prevailing norms for some subset of households — a
task that is unlikely to succeed

▶ For Burland et al. (2023), it amounts to subsetting to individuals
who are informed perfectly, or not at all, about scholarship certainty
regardless of treatment status

▶ While certainly a subpopulation, and not necessarily one of great
interest, these individuals present a rare opportunity: for them, the
subpopulation ATE exactly equals the average direct effect
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What if We Just Fixed Windows?

▶ One less discussed aspect of experimental design is where in the
causal chain to intervene

▶ A first instinct is to go straight to manipulating potential policies —
but that may not be the most efficient approach

▶ Consider curbing crime. In 1982, George L. Kelling and James Q.
Wilson introduced the broken windows theory: visible signs of crime
and disorder create an environment that encourages further crime

▶ A building with broken windows signals that no one cares, so people
break more windows — and commit other, more serious crimes
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What if We Just Fixed Windows?

▶ Keizer, Lindenberg, and Steg (2008) put the theory to the test in a
series of NFEs across different city neighborhoods in the Netherlands
with low baseline levels of crime

▶ The crux: are people more willing to defy social rules when they see
evidence others already have?

▶ About 25% of subjects stole an envelope containing a five-euro
note from a mailbox when there was graffiti or litter nearby —
versus about 13% when the area was clean

▶ People were also more likely to trespass after seeing illegally parked
bicycles, and more likely to litter near abandoned shopping carts

▶ The lesson: even if an experiment does not test a viable policy
directly, it can identify a causal mechanism that becomes the
core of another policy
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Outline

Three Running Examples

Mediation: The Basics of Causal Pathways

Applied Mediation Analysis for Economic Experiments
A Parametric Workhorse and Its Pitfalls
Basic Case: Binary Randomized Treatment
Separate Randomization of Treatment and Mediator
Paired Design
Crossover Design

Conclusions
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The Analyst’s Starting Point

▶ We now begin from the perspective of an analyst who has already
conducted their experiment with a binary treatment D, and aims to
explore a mediation mechanism M that is observed in the data

▶ In what follows we presuppose a particular type of experiment, then
detail the options available in that case

▶ The history of mediation begins with a parametric version.
Consider this system of linear equations with constant coefficients:

Yi = µ+ λdyDi + λmyMi + X ′
i δ + ϵi (8.6)

Mi = α+ λdmDi + X ′
i γ + vi (8.7)

Textbook section 8.3
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Mediation Graph with Linear Functional Form

▶ λdy : average direct effect of D on Y ; λdm: effect of D on M; λmy :
effect of M on Y

▶ The average indirect effect of D on Y is the product λdmλmy

[Figure 8.2 in the Textbook]
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What the Functional Form Buys

▶ Through the combined functional form and constant effects
assumptions, we obtain substantial simplification

▶ The average direct effects collapse to the constant λdy

▶ As a consequence the average indirect effects also collapse to a
constant: substituting (8.7) into (8.6), the AIE arises as the
product of the effect of treatment on the mediator and the effect of
the mediator on the outcome, λdmλmy

▶ This result is powerful because it succinctly summarizes the entirety
of effects
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Two-Stage Experiments — and Where to Look Next

▶ Because of the multiplicative structure, this approach in principle
opens the door to logistically simpler two-stage experiments:
▶ First experiment: randomize D and measure its effect on M
▶ Second experiment: randomize D and measure its effect on Y ,

controlling for M

▶ The chapter’s Appendix 8.1 puts all of this into motion on a data
set on parental beliefs, covering the traditional Baron–Kenny
approach, a twist that answers the common criticisms, and guidance
for regression-based mediation analysis Appendix 8.1

▶ But there is an alternative design-based approach: cases where the
researcher can directly manipulate the mediator by random
assignment. It dispenses with the functional form assumptions — at
the cost of new ones
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Assumption 8.1: Statistical Independence of the Treatment

▶ Stepping back from the parametric workhorse: because D has been
randomly assigned, the treatment is statistically independent of
potential outcomes and potential mediators

▶ Assumption 8.1 (Statistical Independence of the Treatment):

{Yi (1, 1),Yi (1, 0),Yi (0, 1),Yi (0, 0),Mi (1),Mi (0)} ⊥⊥ Di

▶ This is nothing more than a slight generalization of Assumption 3.4
from Chapter 3, fit to the mediation context
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Assumption 8.2: Conditional Independence of the Mediator

▶ Nonetheless, learning about the relationship between M and Y
requires additional assumptions

▶ Assumption 8.2 (Conditional Independence of the Mediator):

{Yi (1, 1),Yi (1, 0),Yi (0, 1),Yi (0, 0)} ⊥⊥ Mi | Di

▶ Concretely: the value of the mediator be as good as randomly
assigned, even though the researcher never had direct control over
its level
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Sequential Ignorability

▶ Assumption 8.1 and assumption 8.2 jointly chart out a sequence of
assumptions on the assignment mechanism:
▶ the treatment must be assigned so that it is statistically independent

of all relevant potential outcomes and mediators, and
▶ then, conditional on the first-stage treatment assignment, the

mediator must be statistically independent of potential outcomes

▶ For this reason researchers typically consider assumption 8.1 and
assumption 8.2 jointly as one sequential randomization or
sequential ignorability assumption

▶ A related, more practically inspired condition is the support
condition:

▶ Assumption 8.3 (Support): 1 > P[Di = 1 | Mi = m] > 0 for all m
▶ In the spirit of the non-zero probability condition from Chapter 6:

every mediator value has a non-zero probability of each treatment
value
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Recovering a Mixed Potential Outcome

▶ Under assumptions 8.1 through 8.3 we can directly recover each of
the four terms in our expression of the ATE under the mediation
model

▶ For example, the mean outcome absent treatment (D = 0), but with
the mediator value of someone counterfactually in the treated
group (M = 1):

E[Yi (Mi (1), 0)] = E
[
Yi ·(1−Di )·

1

P[Di = 1]

(
1

1− P[Di = 1 | Mi = m]
−1

)]
(8.8)

▶ The import of the support condition is evident: it ensures the
boxed term is neither 0 nor 1

▶ In Burland et al. (2023), student uncertainty over receiving the
scholarship is distributed so as to satisfy this condition — there is no
evidence of a violation in their data
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Why “As-If Random” Mediators Are Doubtful

▶ When the units are individuals, potential mediator values usually
reflect choice and optimization processes undertaken by the
individual in response to treatment assignment

▶ So the “as-if” random assignment of the mediator is unlikely to
hold

▶ In Bursztyn, González, and Yanagizawa-Drott (2020), the approach
above would have us learn about the direct effect from a
treatment–control contrast among husbands whose wives eventually
were or were not informed

▶ That would both require information on the beliefs of wives and
also rule out positive complementarities in households where
husbands are more willing to share information
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Separate Randomization

▶ A popular approach is separate randomization of the treatment D
and the mediator M:
▶ Conduct a first experiment whereby D is randomized, then measure

the outcome M
▶ Conduct a second experiment that randomizes M and measures

outcome Y

▶ This looks so much like our familiar method that it seems the four
assumptions from Chapter 3 would let us recover the parameters of
interest

▶ One might conjecture that assumption 8.1 and assumption 8.2 are
satisfied by randomizing both D and M, and therefore that the AIE
in (8.2) is recovered

▶ That is not the case. Even though treatment and mediator each
satisfy statistical independence, combining the two is not
sufficient to identify the AIE
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A Simple Example of Separate Randomization of M and D

Population Potential Mediators and Outcomes Treatment Effect Mediator Effect Causal Mediation

Proportion Mi (1) Mi (0) Yi (t, 1) Yi (t, 0) on Mediator on Outcome Effect
Mi (1)−Mi (0) Yi (t, 1)− Yi (t, 0) Yi (t,Mi (1))− Yi (t,Mi (0))

0.3 1 0 0 1 1 −1 −1
0.3 0 0 1 0 0 1 0
0.1 0 1 0 1 −1 −1 1
0.3 1 1 1 0 0 1 0

Average 0.6 0.4 0.6 0.4 0.2 0.2 −0.2

[Table 8.2 in the Textbook]

Reproduced from Table 1 in Imai et al. (2011)
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Reading Table 8.2

▶ The hypothetical population gives the proportion of “types” of
units by the values of their potential mediators and outcomes

▶ These values can never be jointly observed — but the separate
experiments identify the ATE of D on M and the ATE of M on Y

▶ Both of those average effects are positive, at 0.2. One might
therefore conclude the AIE must be positive too

▶ From the final column, however, the AIE is negative: −0.2
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Why the Sign Flips

▶ The units with a positive treatment effect of D on M are precisely
those for whom the effect of M on Y is negative

▶ In a nutshell, the naturally prevailing levels of the mediator when
treated (M(1) and M(0)) differ from the level set in the
experiment that randomly varied M — so we never recover the AIE

▶ The sequential ignorability assumption is exactly what rules such a
possibility out
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Separate Randomization and Racial Stereotypes

▶ Word, Zanna, and Cooper (1974) ran a lab experiment leveraging
separate randomization to study self-fulfilling prophecy

▶ Experiment 1: randomly assigned white participants to interview a
Black or a white confederate. Black applicants received less
immediacy, higher rates of speech errors, and shorter interviews
▶ Race of applicant (D) affected interview quality (M)

▶ Experiment 2: confederate white interviewers interviewed the
participants from Experiment 1, either as white applicants had been
interviewed, or with the less immediate, error-prone, shorter
treatment black applicants had received
▶ Interview quality (M) was randomized; applicant behavior (Y )

measured
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Separate Randomization and Racial Stereotypes

▶ Participants treated as black applicants had been in Experiment 1
performed less adequately and were more nervous than those
treated as white applicants had been

▶ Two design lessons:
▶ The hardest part is randomly assigning participants to levels of

the mediator, so that the M → Y relation can be studied
experimentally and satisfy sequential ignorability

▶ With the key assumptions in place, separate randomization has real
power to reduce alternative explanations of the mediation
hypothesis

▶ Though the experimental economist might object to the deception
involved in the design — an issue we return to in Chapter 17
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Paired Design

▶ A useful alternative to separate randomization is a paired design:
two parallel experiments drawn from the same population

▶ Experiment A: a standard experiment, randomly assigning
treatment D. This recovers the ATE , which as we showed is
composed of direct and indirect effects

▶ Experiment B: a full factorial design in D ×M, to estimate all
the distinct ACDE s in equation (8.4)
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Testing for the Interaction

▶ The issue of “mixed” potential outcomes must again be dealt with
in parameter recovery

▶ While this is a fundamentally untestable question, the researcher can
take initial steps — as in the causal-moderator discussion of Chapter
7 — and use Experiment B to explore whether there is a
meaningful interaction effect of D ×M

▶ If not, this suggests treatment and mediator work in a predominantly
additively separable way

▶ Which, as established above, implies there is only one average direct
effect and one average indirect effect — and the ACDE s from
Experiment B recover that average direct effect
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Recovering the AIE Across the Two Experiments

AIE = E[Yi (Mi (1), 1)− Yi (Mi (0), 0)]︸ ︷︷ ︸
ATE (Experiment A)

− E[Yi (1, 1)− Yi (1, 0)]︸ ︷︷ ︸
ACDE (Experiment B)

(8.9)

▶ Thus all mechanism-specific components of the ATE are
recovered

▶ The analyst can quantify each, assess theory against these
quantities, and conduct subsequent experiments varying only M to
assess relative cost-effectiveness
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Crossover Design

▶ Another design alternative is the crossover design: a single
experiment with multiple time periods, a special variant of a
within-subject design (Chapter 10)

▶ Round 1: randomize treatment Di1; measure the (endogenous)
mediator Mi1 and outcome Yi1

▶ Round 2: flip the treatment assignment (Di2 = 1− Di1), but hold
the mediator fixed at the value observed in round 1

▶ Finally, the second-round outcome Yi2 is observed

▶ The advantage: round 1 lets participants reveal their
treatment-to-mediator path

58 / 69



The Key Assumption

▶ The key assumption modifies the temporal stability and causal
transience assumptions introduced in Chapter 10

▶ Beyond requiring that treatment assignment in round 1 does not
affect outcomes in later rounds, we must also assume that fixing
the mediator at its initial endogenous level yields the same
outcome as the endogenously chosen mediator

▶ More succinctly, if Mi (d) = m, then

E[Yi1(Mi (d), d)] = E[Yi2(m, d)] for all d ,m

▶ This carries all the issues associated with within-subject designs
discussed in Chapter 10 — but now in terms of both the outcome
and the mediator
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What the Crossover Design Buys

▶ In return, we can separately recover AIE (0) and AIE (1) — and
hence both average direct effects, appealing to our decomposition.
For example:

AIE(1) ≡ E[Yi2(Mi (1), 1)− Yi2(Mi (0), 1)]

= E[Yi2(Mi (1), 1)]− E[Yi2(Mi (0), 1)]

= E[Yi1(Mi (1), 1)]− E[Yi2(Mi (0), 1)]

= E[Yi1 | Di1 = 1]︸ ︷︷ ︸
Initial period mean
of initially-treated

− E[Yi2 | Di1 = 0]︸ ︷︷ ︸
Subsequent period mean
of initially-untreated

(8.10)

▶ The penultimate line uses the no-carryover assumption to replace a
subsequent-round mean with an initial-round mean
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Why Market Experience Matters

▶ Perhaps the most far-reaching insight of behavioral economics is the
endowment effect: people’s tendency to offer to sell a good in
their possession at a substantially higher level than they will pay for
the identical good not in their possession

▶ Normatively this challenges the independence assumption — that
preferences are orthogonal to current entitlements — used in most
theoretical and applied economics models

▶ List (2003, 2011) used a series of lab experiments, AFEs, FFEs, and
NFEs to show the endowment effect is not immutable by market
experience: the most experienced marginal traders show little to no
evidence of it

▶ But this work did not pin down why — what were the neural causal
pathways?
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Why Market Experience Matters

▶ Tong et al. (2016) conducted two functional MRI (fMRI) studies
to replicate the experience result and investigate how market
experience changes the neural correlates of the endowment effect

▶ Convergent evidence: the influence of market experience on the
endowment effect is mediated in part by lower sensitivity of the
right anterior insula during giving something up (selling)

▶ Robust across both studies despite different populations, procedures,
and incentives. Decreased insula activity suggests market experience
causes agents to experience less loss aversion while selling

▶ The causal pathway was discovered: as people gain market
experience they reallocated brain activity away from the loss region
of the brain when contemplating a proposed trade. In doing so, they
were less likely to attach a higher value to items in their possession
versus items not in their possession
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What have we learned?

▶ A mediator is an intervening variable that is, at least partly,
responsible for the relationship between the treatment and an
outcome variable

▶ Conceptually, a treatment causes changes in the mediator, and the
mediator then causes changes in the outcome

▶ Clarifying the causal pathways through which treatments produce
outcome changes identifies key mechanisms, tests theories, and
sheds light on the necessary elements of a program that must be in
place to yield its promised benefits

▶ Combining causal pathways with moderation provides an inferential
powerhouse that is unparalleled empirically

Textbook section 8.4
64 / 69



A Complete Mediation Path with Sequentially-Linked
Mediators

[Figure 8.3 in the Textbook]
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The Machine, and What It Teaches

▶ How do we get kids to read more books? Find a school with a
vending machine that takes acorns (A) and dispenses apples (B),
which land on a balance (C), causing a woman’s soccer ball to fly
over a goose house (D) and onto an organ, which plays beautiful
music (E), which causes the goose to fly out of the classroom
window (F), where a hunter notices the goose and unloads his rifle
with no success (G), startling a squirrel, who jumps from its nest,
causing a book to fall gently into the awaiting arms of a student
reader (H)

▶ The exhibit gives a crisp sense of what external validity requires:
creative vending machines, a random awaiting unused balance, Title
IX rules that provide girls’ soccer, an ingenious biologist on staff
studying geese, a music budget that has not been slashed, city
hunting and gun laws that permit such hunting chicanery, and a
bibliophile squirrel
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What have we learned?

▶ The machine offers four further insights:
▶ Take great caution generalizing from a localized experiment to a

policy implemented at scale
▶ One scholar’s outcome might be another’s mediator — there are

no rules determining M and Y beyond that both must follow D
▶ Greater causal density makes relevant pathways harder to identify
▶ Understand the complete set of mechanisms before generalizing

from part of the puzzle to the whole

▶ Without a keen sense of how the whole puzzle fits together —
mediators and moderators — take great care in generalizing and
scaling. We return to this issue in part 4 of the Textbook

▶ Next chapter: before that, we must understand longitudinal
experimental designs
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Appendix 8.1: The Setting

▶ List, Pernaudet, and Suskind (2021) conducted two FFEs on the drivers of
socioeconomic gaps in children, linking parental beliefs, parental
investments, and child outcomes

▶ Experiment 1 (light touch): treated parents watched a short educational
video on the parent’s role in early development, plus practical tips

▶ Experiment 2: treated parents received twelve home visits with feedback
on their interactions with their children, emphasising a learning-rich
environment

▶ Both experimental interventions have a brief and a long-lasting positive
impact on parental beliefs, and there is evidence to suggest that parental
investments were enhanced

▶ So beliefs plausibly serve as a key pathway mediating the effect of the
interventions on both parental investments and child outcomes

▶ Treatment = the home visiting program; mediator = parental beliefs;
outcomes = parental investments and child outcomes
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Appendix 8.1: The Baron and Kenny (1986) Conditions
Baron and Kenny test whether an independent variable X affects a dependent
variable Y through a mediating variable M using three tests:

1. Variations in the independent variable significantly account for variations
in the presumed mediator (path a in Figure 8A.1).

2. Variations in the mediator significantly account for variations in the
dependent variable (path b in Figure 8A.1).

3. When paths a and b are controlled, a previously significant relation
between the independent and dependent variables is no longer significant.

Independent
X

Mediator
M

Dependent
Y

a b

c

[Figure 8A.1 in the Textbook]
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Appendix 8.1: The Baron and Kenny Equations

The approach is tested using three regressions:

M = a0 + aX + e1 (A8.1.1)

Y = c0 + c ′X + e2 (A8.1.2)

Y = b0 + cX + bM + e3 (A8.1.3)

▶ First regress the mediator on the independent variable; then the dependent
variable on the independent variable; then the dependent variable on both

▶ Mediation is present when X is significant in (A8.1.1), X is significant in
(A8.1.2), and M is significant in (A8.1.3)

▶ c is the direct path and a× b the indirect path in Figure 8A.1
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Appendix 8.1: The Sobel Test and Our Notation

▶ Since the independent variable is assumed to cause the mediator, the two
are likely correlated. This multicollinearity reduces power in the tests of
coefficients in (A8.1.3)

▶ Baron and Kenny therefore suggest the Sobel z-test for the indirect path
a× b:

z =
a× b√

b2s2a + a2s2b

▶ Mapping onto the chapter’s notation: c and λdy are synonymous, as are
a× b and λdmλmy — capturing the average direct and average indirect
effect respectively:

Mi = α+ λdmDi + X ′
i δ + vi (A8.1.4)

Yi = θ + λ′
dyDi + X ′

i δ + ωi (A8.1.5)

Yi = µ+ λdyDi + λmyMi + X ′
i δ + ϵi (A8.1.6)
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Appendix 8.1: Baron and Kenny Mediation Analysis —
Parental Beliefs

Parental Parental Parental Child Child
Beliefs Investments Investments Outcome Outcome

Parental Beliefs 0.43∗ 0.33∗∗

(0.16) (0.12)

Home Visiting Program 1.46∗∗∗ 0.62 0.017 0.49 0.03
(0.24) (0.35) (0.404) (0.25) (0.29)

Sobel z-test (λdmλmy ) 2.43 2.53

▶ Beliefs do not suffice as a mediator for either outcome: the home visiting
program is significant in the first regression and the mediator in the last, but the
independent variable is not significant alone in the second regression for either
outcome

▶ Yet note that the average indirect effect is significant

[Table 8A.1 in the Textbook]
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Appendix 8.1: Imai’s Critique and the Interaction Model

▶ Imai, Keele, and Yamamoto (2010b) show that including (A8.1.5) is
redundant. Substituting (A8.1.4) into (A8.1.6):

Yi = µ∗ + (λdy + λmyλdm)Di + X ′
i δ + ϵ∗i (A8.1.7)

▶ Hence requiring λ′
dy = 0 is unnecessary: the AIE can be nonzero even if

the average total effect is zero, because the mediation effect can offset
the ADE

▶ Baron and Kenny also assume the treatment–mediator interaction is zero
— a no-interaction assumption. Imai et al. (2010a) add the interaction
(as advocated in Kraemer et al., 2008):

Yi = ρ+ λdyDi + λmyMi + λdmyDiMi + X ′
i δ + ϵi (A8.1.8)

▶ Then ADE = λdy + λdmy (α+ λdmD) and AIE = λdm(λmy + λdmyD)
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Appendix 8.1: A Comparison of Methods — Parental
Beliefs

Parental Investments Child Outcome

Method Baron & Kenny Interaction Non-parametric Baron & Kenny Interaction Non-parametric

AIE 0.63∗∗ 0.71∗ 0.46∗ 0.49∗∗ 0.708∗ 0.46∗∗

(0.35) [0.22, 1.45] [0.07, 1.16] (0.25) [0.17, 1.47] [0.10, 1.15]

ADE 0.017 0.12 0.03 0.03 0.05 0.03
(0.40) [−0.22, 0.44] [−0.3, 0.56] (0.29) [−0.71, 0.49] [−0.53, 0.55]

ATE 0.62 0.58 0.49 0.49 0.76 0.50
(0.35) [−0.06, 1.35] [−0.07, 1.12] (0.26) [−0.03, 1.34] [−0.07, 1.17]

∗∗∗0.001 ∗∗0.01 ∗0.05 ‘.’0.1; standard errors in parentheses, bootstrap intervals in brackets

[Table 8A.2 in the Textbook]
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Appendix 8.1: What We Recommend

▶ The interaction relaxes the no-interaction assumption, but clean
interpretation still depends on a correctly specified linear model
for potential outcomes, and is hard to extend to nonlinear models
(Bugni et al., 2023) — which makes discrete outcomes awkward

▶ Imai et al. (2010b) introduce a nonparametric estimator based on
Monte Carlo simulation, applicable to any statistical model. There is
generally no simple expression for the asymptotic variance, so a
bootstrap is used for uncertainty

▶ Baron and Kenny’s approach has been popular, but it ignores the
treatment–mediator interaction and relies on sequential ignorability
plus a linear model

▶ We recommend the nonparametric approach when using a
regression-based model to study mediation: it handles outcomes and
mediators of any type and makes weaker functional-form
assumptions

back to main slide
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