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Key |deas

1. are a key departure from between-subject
designs in that the same unit is observed in treatment and control
sequentially.

2. require stronger identification assumptions

than between-subject designs but have more statistical power and
generate more information.

3. Balanced panel, temporal stability, and causal transience
assumptions are three new identification challenges when using
within-subject designs.

4. can usefully be categorized based on whether
these new assumptions are plausible.
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Mind's Eye




Introduction

» Thus far, our experimental approach has leveraged a
: each unit is placed in treatment or
control simultaneously and we measure outcome differences
post-treatment

> The average treatment effect is Y;(1) — Y;(0): the difference
between the average outcomes of the two groups, or the difference
between two marginal distributions

» Because the mean is a linear operator, the difference-in-means is the
mean of differences; estimating median or percentile effects requires
a different design

» This chapter explores one such approach: a
, where each unit receives both treatment and control
sequentially, relying on three additional assumptions
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Comparing Between-Subject and Within-Subject Designs

> design

» Each unit is placed in either treatment OR control
> ldentifies the average treatment effect Y;(1) — Y;(0)

> design
> Each unit participates in treatment AND control in different periods

> |dentifies the treatment effect on each unit under additional
assumptions

» Advantage: more statistical power and more information generated

» Drawback: requires three additional identification assumptions
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Within-Subject Designs

> To recover an internally-valid estimate the WS design relies on three
additional assumptions on top of our standard ones

» Central consideration: are these three key identification assumptions
met?

1. Assumption Balanced panel: requires that all participants remain in
the study for all 7 and for each we observe their outcome, treatment
assignment, actual treatment, and unit-level characteristics

2. Assumption Temporal stability: requires that the potential
outcome is not a function of time

3. Assumption Causal transience: requires that the effect of the
contemporary treatment does not depend on the regime
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WS Design Examples

> We use three examples of experiments to present the framework and
draw out the assumptions underlying designs

> Each example highlights one commonly used WS design

Textbook Section 10.1
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Gneezy (2005)

> Gneezy (2005) uses an

> Research question: how do consequences influence the choice to
lie?

> Design: subjects judge scenarios where a salesman lies about a car's
condition

> Treatment variation: cost of the lie (buyer's repair costs) is either
$250 or $1000
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Gneezy (2005): Results

> 50 subjects judge based on only one cost (BW)

> 36% of subjects considered the $250 cost lie unfair

> 50 subjects judge both costs sequentially (WS)

> 18% of subjects considered the $250 cost lie unfair

> Balanced panel and temporal stability are guaranteed by design, but
causal transience appears to be violated

9/52



List (2004)
> List (2004) employs a
> Research question: what is the nature of discrimination in markets?

» Design: individuals approach and bilaterally bargain with dealers
who sell sports cards; the treatment variation is whether the
individual approaching the dealer is a man or a woman (> 1,100
participants), and repeated interactions with the same dealer allow
for a WS-comparison

» Results: women receive initial and final offers inferior to men, due
to statistical discrimination

» Assumptions reasonably met, since dealers not aware of the
experiment
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Rodemeier (2023)

» Rodemeier (2023) combines stealth and overt approach by adding
time between treatments ( )

> Research question: what shapes the demand for carbon offsetting?

» Design: customers can buy carbon offsetting in an online
supermarket; treatment varies price and quantity upon visiting the
website

> Results: increased demand for mitigation when prices fall but not
when quantity increases; revealed WTP = 16 EUR/tCO, versus =
200 EUR/tCO; in the survey (~1,150% higher)

» The NFE is followed with a hypothetical valuation survey 10-11
months later, providing a WS feature (though balanced panel and
temporal stability are called into question)
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Our Three Running Examples

Study Experiment Units Conditions Outcomes Design Type
Type
Gneezy Lab College Condition 1: Repairs cost $250 The unfairness Overt WS
(2005) experiment students Condition 2: Repairs cost $1000 of the lie
List (2004) NFE Car Dealers Condition 1: Dealer approached by a man Initial price Stealth WS
Condition 2: Dealer approached by a woman offers

Rodemeier NFE & Sur- Online Condition 1: WTP offers in an NFE for Willingness-to- Epochal WS
(2023) vey grocery carbon offsets pay

store Condition 2: Hypothetical WTP offers in a

shoppers survey for carbon offsets

[Table 10.1 in the Textbook]
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Outline

Potential Outcomes in a Within-Subject Design
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Treatment Regime

» Consider subjects i € {1,..., N} with outcome, Y, measured in
periodst € T ={0,..., T}

» Every individual receives a D; = (Dx,...,DiT)
where Dj; represents unit i's treatment assignment in period t

» The researcher observes Yj; in each period after the administration
of D,'t

» The potential outcome for unit i in period t now depends on:

> the contemporaneous treatment D
> the treatment regime D;, along with all time specific effects, t

» And can be expressed as Yi(Dit, D _¢, T) where D; _; denotes the
vector of treatment statuses in all periods other than t

Textbook section 10.2
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Causal Effect

» With assumptions of Chapter 3, we identify the treatment regime’s
causal effect on the outcome in each of the experimental periods

> This corresponds to a between-subject comparison of D; and D’;

» The researcher can observe both Yj; and Yjq for a single unit,
allowing them to identify the individual treatment effect

» The subsequent richness in the outcome space provides information
to go beyond estimating marginal distributions to the full joint
distribution of outcomes

> We can write Var[r;] as a function of potential outcomes:

Var[z;] = Var[Y:(1) — Y;(0)]

Var[Y;(1)] 4 Var[Y;(0)] — 2Cov[Y;(1), Y;(0)] (10.2)
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WS Design Advantages

> A between-subject experiment provides information on the marginal
distribution of potential outcomes, providing the necessary
ingredients to recover Var[Y;(1)] and Var[Y;(0)]

» The fundamental problem of causal inference prevents us from
obtaining information about the joint distribution of potential
outcomes in a between-subject design

> Thus, Cov[Yi(1), Yi(0)] is unobserved in such experiments but a
within-subject design generates such information naturally
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Data from List's (2004) stealth WS design

| PANEL A: Between-Dealer Data

Yi(0) Yi(1) Ti
Dealer #1 ? $125 ?
Dealer #2 $95 ? ?
Dealer #3 ? $115 ?
Dealer #4 ? $100 ?
Dealer #5 $110 ? ?
Dealer #6 $130 ? ?
Average $111.67 $113.13 $1.67
l PANEL B: Within-Dealer Data
Yi(0) Yi(1) Ti
Dealer #1 $105 $125 $20
Dealer #2 $95 $120 $25
Dealer #3 $120 $115 -$5
Dealer #4 $100 $100 $0
Dealer #5 $110 $130 $20
Dealer #6 $130 $130 $0
Average $110 $120 $10

[Table 10.2 in the Textbook]
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Trade-offs

» While such a design is attractive, there are inherent trade-offs when
employing a design

> lIssue 1: Treatment conditions occur at different times

> There is an extra burden of data collection whereby attrition might
be a concern

> Treatment status will not be independent of potential outcomes in
the presence of any time-varying factors that influence outcomes

> lIssue 2: Treatments may have more than a transient impact

> Most severe for overt designs, as the subject is aware of
treatment application

> Less so in stealth designs, by definition, the treatments
themselves are not salient
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Outline

Identification Assumptions in a Within-Subject Design
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Balanced Panel

A10.1 Balanced Panel: For all (i,t) € Z x T, we have P[R: = 1] =1,
and for all (i,t) € Z x T with P[R;; = 1] = 1 the researcher observes
(\/I'tv tha Zihxit)

» Assumption 10.1 requires that all participants remain in the study
for all 7 (no attrition)

» For each we observe their outcome, treatment assignment, actual
treatment, and unit-level characteristics

> Stronger than key Assumption 3.2 (Observability), because needed
for all periods

» This assumption is more likely to hold when the time between
measurements is small

Textbook section 10.3
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Temporal Stability

A10.2 Temporal Stability: For all t € T,
Yit(DityDi,—h t) = Yit(Dit,Di,—t)

» Temporal stability rules out any time-varying effects that affect
potential outcomes

» For instance factors such as fatigue affecting outcomes in late
periods

» This assumption is more likely to hold when the time between
measurements is small
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Causal Transience
A10.3 Causal Transience: For all D;, Yi:(Djt,D;, T) = Yi(Di, T)

» The causal transience assumption states that the effect of the
contemporaneous treatment does not depend on the regime

> Two parts:

> No anticipation: Future treatments do not influence current behavior

> No carry-over: Past treatments do not influence future ones

» Future outcomes are orthogonal to all past treatments and outcomes

» This assumption is more likely to hold when the time between
measurements is large
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No Anticipation

» The no-anticipation part is plausible in many contexts, but may be
violated when units learn of their future treatment conditions and
adjust their behavior in anticipation

> Example: a subject offered a mug for $5 in a take-it-or-leave-it game
accepts more often than the same $5 offer when they know a lower
second offer follows a rejection

» For our examples: unaware Gneezy subjects have no reason to
change first-period behavior; List could test it (it was met);
Rodemeier's 10-11 month gap makes violation unlikely

> Researchers increase plausibility by concealing information about
treatments or conducting a stealth WS design
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Outline

Threats to the Internal Validity of Within-Subject Designs
Threats to Balanced Panel
Threats to Temporal Stability
Crossover Designs and Latin Squares
Threats to Causal Transience
Washout Periods
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Threats to Balanced Panel

> In a WS design, the added temporal component places an additional
strain on identification

> [f attrition is related to potential outcomes or treatment assignment,
the treatment effect is no longer recovered

» Example: Treatment is unpleasant, subjects anticipate similar
experience in the future and hence do not show-up

» Only if attrition is random is the treatment effect recovered (see
Chapter 12 for more details)

Textbook section 10.4
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Threats to Temporal Stability

» Under temporal stability, a unit’s potential outcome does not depend
on the period in which the experimenter measures the outcome

> The literature has enumerated various threats to temporal stability,
we focus on three key threats:

1. Time-specific shocks to the outcome

> Weather, seasonal effects...

2. Time trends

> Learning, regression to the mean...

3. The way the outcome is measured might change over time

> Measuring kids abilities over multiple years
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Threats to Temporal Stability

» Fundamental tradeoff: the closer treatment and control in a WS
design, the more likely temporal stability is satisfied, but causal
transience is less likely!

> Example Rodemeier (2023): For A10.2 (Temporal Stability) to hold,
the valuation of carbon offsets need to not undergo a substantial
change over the 10-11 month period

> But anticipation is not possible and carry-over highly unlikely
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Crossover Designs and Latin Squares

» One approach for controlling for time effects is to generate different
random orders of the treatment conditions

> Participants are randomly assigned to one of the orders

> With Np treatment conditions, there are Np! different unique orders
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Crossover Designs and Latin Squares

» When multiple orders appear in the same period, one can use time
fixed effects to net out the effect of time from the treatment effect

> Ideally, all treatment conditions will appear in each of the periods
> However, this is not always feasible with large numbers of treatments

» When possible, the optimal assignment of orders should follow the
Latin square design

> In a Latin square, each treatment appears once on each trial orders
and once in each of the order across trials
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Latin Squares Design

» For example, when D;; = {0,1,2,3} one potential Latin square
design is shown below

|

Latin Squares Design

Period 1  Period 2 Period 3  Period 4
Order 1 D,‘t =3 D,‘t =1 D,'t =0 D,‘t =2
Order 2 D,'t =2 D,'t =0 D,'t =1 D,'t =3
Order 3 D,‘t =1 D,'t =2 D,'t =3 D,‘t =0
Order 4 D,'t =0 D,'t =3 D,'t =2 D,‘t =1

[Table 10.3 in the Textbook]
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Treatment Conditions

» The balance of treatment conditions implies that many violations of
the temporal stability and causal transience assumptions will have
small effects on the experiment'’s internal validity

» But does not automatically ensure the internal validity of the results
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Latin Square Designs

> Latin square designs also permit researchers to test certain
implications of the assumptions

» Under causal transience and temporal stability or no anticipation,
the treatment effect should not depend on when the researcher
observes the outcome

» Thus, researchers can test whether treatment effects vary with time
or order

» When these effects do not vary with these factors, the assumptions
are more credible
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Threats to Causal Transience

» The main threats to causal transience are anticipation and
carry-over effects

> Anticipation effects occur when subjects change their behavior
because of treatments that will happen in the future

» For example, Uber drivers might respond to anticipated wage
increases in the future

» The no-anticipation assumption rules out this possibility and allows
for an unbiased estimate of the treatment effect in the first period
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Threats to Causal Transience

> Carry-over effects occur when the impact of treatment persists
through the measurement of another

> Consider Gneezy (2005):

> If his sole purpose was to estimate the treatment effect of the size of
the lie (the cost of the repairs for the buyers is $250 versus $1000),
over his 50 subjects in his overt design, then he must assume
carry-over effects were zero

> His results suggest otherwise due to the existence of order effects

> List (2004) relied on the zero carry-over assumption and his data
supported it; Rodemeier (2023) spaced treatments 10-11 months

apart for this reason
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Sensitization

> Another form of carry-over effect is sensitization

> Sensitization occurs when subjects can discriminate between
differences in treatments and, therefore, be more responsive than
when only exposed to one treatment

> For example, when subjects are inattentive to some factor that
varies across treatments, researchers increase the salience of that
factor by being one of the only things that change across periods

> Subjects may be more attuned to the differences caused by that
variable than they would be naturally

> Sensitization may also increase the threat of experimenter demand
effects
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Carry-Over Effects

> Researchers may detect carry-over effects if they counterbalance
treatment regimes and compare the effects of a given treatment by
position

> If effects are asymmetric, carry-over effects may be confounding the
results
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Washout Periods

> One way to reduce the harms of carry-over effects is to use washout
periods

> This means increasing the amount of time between treatments

» The benefits of washout periods are context-specific
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Washout Periods

> If one is worried about carryover effects in an experiment, a
potential solution is the introduction of washout periods

» These are simply periods of time between the measurement of an
outcome and the administration of another treatment to allow the
treatment effects to dissipate

> |If the treatment effects of interventions fade over time, one can
recover an estimate of the treatment effect absent carryover effects
after the effect of the previous treatment has faded

» Washout periods are common in pharmaceutical trials
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Washout Periods

> Yet, there are no measurements analogous to half-life that can be
used to determine the proper time length in an economic experiment

» The proper length of washout periods is context specific

> For example, in List (2004) several hours were used; in Rodemeier
(2023), 10-11 months used; in Gneezy (2005), several minutes
between conditions

> A researcher may be able to determine the proper washout period in
pilots by varying the length of time between treatments and testing
for symmetry across different treatment regimens
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Outline

Key Advantages of Within-Subject Designs
Heterogeneity and the Full Distribution of Treatment Effects
Experimental Power
Minimum Detectable Effect for Within-Subject Designs
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Heterogeneity and the Full Distribution of Treatment
Effects

> Recall from Chapter 3 that treatment effect heterogeneity refers to
positive variance in the individual treatment effect

Var[t;] = Var[Y;(1)] + Var[Y;(0)] — 2Cov[Yi(1), Y;(0)] > 0 (10.3)

> This parameter cannot be identified in a between-subject design
because the joint distribution of potential outcomes is unobserved

Textbook section 10.5
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Heterogeneity and the Full Distribution of Treatment
Effects

> As an alternative, researchers typically calculate the average
treatment effect conditional on some pre-determined covariates

» Under a design satisfying all of the necessary assumptions,
Cov[Y;(1), Yi(0)] is observable

» This means that the heterogeneity in the treatment effects can be
studied directly
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Importance of Treatment Effect Heterogeneity

» There are three principal reasons why it might be important to study
treatment effect heterogeneity

1. Understanding who benefits the most and who is harmed from a
treatment can allow for better distribution of treatment or program

2. Understanding heterogeneity across outcomes helps to uncover
mediators

3. It can help deepen our understanding of the generalizability of
treatment effects or predict external validity
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Experimental Power

| 2

designs have been advocated for their potential to yield more
powerful tests for the same cost than between subject experiments

This is because they allow for estimation controlling for individual
specific effects

Bellemare et al. (2016) suggest an approach based on Monte Carlo
simulations to compare the power achieved in and designs

In certain cases, a between-subject design requires 4-8 times more
subjects than a design to reach an acceptable level of statistical
power

Adding more experimental periods can substantially increase the
statistical power of a design, but has very little effect in the
design
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Minimum Detectable Effect for Within-Subject Designs

» Assume that we are interested in the following random effects
regression model:

Yiie =m0+ tDije + pi +€ie (10.4)

» Treatment, Dj, is a time-varying treatment variable where D;; =1
when unit i receives treatment at period t and is 0 otherwise

» Time-invariant subject level heterogeneity is captured by p; ~ F,
and is assumed to be independent of treatment under randomization

> Idiosyncratic errors, € ~ F¢p are assumed to be homoscedastic
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Minimum Detectable Effect for Within-Subject Designs
Computing the statistical power requires following the following steps:

1. Choose the number of subjects, N, the number of time periods, T,
the values of (mg, ), and the distributions (F,, Fc). Given this
information, generate sample {(Yi ¢, Di¢):t=1,..., T}i=1.. N

2. Estimate Equation 10.4 and compute z = 1/se(%) and the
corresponding p-value of the null hypothesis Hp : T = 0 against a
one-sided or two-sided alternative.

3. Repeat steps 1 and 2 for a large number of samples. In each
iteration, compute the fraction of the estimated p-values that are
less than the significance level of the test (e.g., 0.05). This
represents the power of the test.
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Minimum Detectable Effect for Within-Subject Designs

> Statistical power attained from a WS design or a BW design with
two periods for various treatment effects t:

Exhibit 10.4: Statistical Power for Within and Between-Subject Designs

] © ©
i A ~
N N N

8
8 1
8

° T T T T T ° T T T T T ° T T T T T
0 100 200 300 400 0 100 200 300 400 0 100 200 300 400
Number of subjects Number of subjects Number of subjects
[— ws 8s| [— ws Bs| [— ws Bs|
7 =0.05 7=0.1 7t =015

[Figure 10.1 in the Textbook]
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Outline

Conclusion
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What have we learned?

> Experimentalists must make a key decision when choosing between a
within-subject and a between-subject design

> Beyond the identification assumptions necessary to recover
treatment effects in a WS or a between-subject design, the power
and informational content gained with WS designs are attractive

> For instance, assessing the share of the population helped by
treatment requires knowledge of the distribution of the difference
between the outcomes of each individual in the presence and
absence of the program

> Carefully weigh each design's advantages and disadvantages along
the dimensions discussed above and pick one better suited to answer
the particular research question

Textbook section 10.6
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What have we learned?

A10.2 Time Violation
Threat
Low High
Stealth Epochal
A10.3 Low
Causal
Transcience
Threat  High
Overt Just Say No!

[Figure 10.2 in the Textbook]
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What have we learned?

» There is usually not a universally preferred method unless the
stealth-within subject design is in reach

» In most situations, the choice BW or WS should depend on:

> Experimental characteristics
> Nature of what information is sought
> Trade-offs the researchers are willing to make

» The analyst should never put information acquisition or power above
succeeding in accomplishing EP1 from Chapter 1

> Next: Part Il turns to a detailed discussion of the core
identification assumptions and violations of exclusion restrictions

51/52



References |

Bellemare, C., L. Bissonnette, and S. Krdger (2014, January). Statistical power of within- and between-subjects designs in economic
experiments. SSRN Electronic Journal.

Bellemare, C., L. Bissonnette, and S. Krdger (2016). Simulating power of economic experiments: The PowerBBK package. Journal of the
Economic Science Association 2(2), 157-68.

Biesanz, J. C., S. G. West, and O.-M. Kwok (2003). Personality over time: Methodological approaches to the study of short-term and
long-term development and change. Journal of Personality 71(6), 905-42.

Campbell, D. T. and J. C. Stanley (1963). Experimental and Quasi-experimental Designs for Research. Chicago: R. McNally.

Castillo, M., R. Petrie, M. Torero, and A. Viceisza (2014). Lost in the mail: A field experiment on crime. Economic Inquiry 52(1),
285-303.

DellaVigna, S., J. A. List, U. Malmendier, and G. Rao (2022). Estimating social preferences and gift exchange at work. American
Economic Review 112(3), 1038-74.

Gneezy, U. (2005). Deception: The role of consequences. American Economic Review 95(1), 384-94.

Gneezy, U., J. A. List, and G. Wu (2006). The uncertainty effect: When a risky prospect is valued less than its worst possible outcome.
Quarterly Journal of Economics 121(4), 1283-309.

Holz, J., R. Jiménez Durdn, and E. Laguna-Miiggenburg (2021). Estimating repugnance toward price gouging with incentivized consumer
reports.

Hull, P. (2018). Estimating treatment effects in mover designs.

Levitt, S. D. and J. A. List (2011). Was there really a hawthorne effect at the hawthorne plant? an analysis of the original illumination
experiments. American Economic Journal: Applied Economics 3(1), 224-38.

List, J. A. (2004). The nature and extent of discrimination in the marketplace: Evidence from the field. Quarterly Journal of
Economics 119(1), 49-89.

Oxford English Dictionary (2024, December). s.v. “hawthorne (n.)".

Rodemeier, M. (2023). Willingness to pay for carbon mitigation: Field evidence from the market for carbon offsets. Ssrn scholarly paper,
Rochester, NY. https://papers.ssrn.com/abstract=4360822.

Rodemeier, M. (Forthcoming). Willingness to pay for carbon mitigation: Field evidence from the market for carbon offsets. Review of
Financial Studies.

Shadish, W. R., T. D. Cook, and D. T. Campbell (2002). Quasi-experiments: Interrupted time-series designs. In Experimental and
Quasi-Experimental Designs for Generalized Causal Inference, pp. 171-205. Belmont, CA: Wadsworth Cengage Learning.

52/52


https://papers.ssrn.com/abstract=4360822

	Potential Outcomes in a Within-Subject Design
	Identification Assumptions in a Within-Subject Design
	Threats to the Internal Validity of Within-Subject Designs
	Threats to Balanced Panel
	Threats to Temporal Stability
	Crossover Designs and Latin Squares
	Threats to Causal Transience
	Washout Periods

	Key Advantages of Within-Subject Designs
	Heterogeneity and the Full Distribution of Treatment Effects
	Experimental Power
	Minimum Detectable Effect for Within-Subject Designs

	Conclusion
	References

