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Abstract

Recent work encourages political scientists to move from post-only toward within-subject
designs for improved precision from repeated measurements. We formalize a potential-
outcomes framework for two-period within-subject designs that allows for unequal allocation
and heterogeneous treatment and carryover effects. We characterize the pooled estimator
and evaluate the carryover test used to justify pooling. We find: first, pooling identifies the
average treatment effect only when the gap in the average carryover effects is zero across
the two treatment sequences. The unit-clustered standard error for the pooled estimator is
identical to its design-based counterpart. Second, under mild conditions, the carryover test
has strictly less power than the average-treatment-effect test with post-only data. The
resulting two-step procedure, which pools only after a nonrejected test, produces confidence
intervals that typically undercover. When the gap is zero, undercoverage occurs if and only if
pooling is more efficient than post-only analysis, precisely when the within-subject design is
worthwhile. When the gap is nonzero, undercoverage is typical unless the gap or sample size
is large. Third, we derive a sensitivity analysis and find published conclusions robust to
plausible carryover gaps. We therefore endorse within-subject designs but recommend
justifying a zero carryover gap substantively and reporting sensitivity to departures.
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Abstract

Recent work encourages political scientists to move from post-only toward within-
subject designs for improved precision from repeated measurements. We formalize a
potential-outcomes framework for two-period within-subject designs that allows for
unequal allocation and heterogeneous treatment and carryover effects. We characterize
the pooled estimator and evaluate the carryover test used to justify pooling. We
find: first, pooling identifies the average treatment effect only when the gap in the
average carryover effects is zero across the two treatment sequences. The unit-clustered
standard error for the pooled estimator is identical to its design-based counterpart.
Second, under mild conditions, the carryover test has strictly less power than the
average-treatment-effect test with post-only data. The resulting two-step procedure,
which pools only after a nonrejected test, produces confidence intervals that typically
undercover. When the gap is zero, undercoverage occurs if and only if pooling is more
efficient than post-only analysis, precisely when the within-subject design is worthwhile.
When the gap is nonzero, undercoverage is typical unless the gap or sample size is
large. Third, we derive a sensitivity analysis and find published conclusions robust to
plausible carryover gaps. We therefore endorse within-subject designs but recommend
justifying a zero carryover gap substantively and reporting sensitivity to departures.

Keywords: within-subject design, carryover effects, potential outcomes, sensitivity analysis

1 Introduction

Researchers in experimental social science work with limited budgets and treatment effect
sizes that are often far smaller than those typical of clinical trials, making efficiency a central
concern. They have increasingly been advised to adopt repeated-measures designs, in which
each respondent contributes more than one outcome measurement (Clifford, Sheagley, and
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Figure 1: Post-only and pooled estimates from Study 1 of Clifford, Sheagley, and Piston
(2021a) using the original data (left) and after introducing a synthetic difference in average
carryover effects between treatment sequences (right).

Piston 2021a). Two variants are commonly recommended: in a pre-post design, respondents
report the outcome both before and after treatment. In a within-subject design, respondents
are sequentially exposed to two opposing treatment conditions and the outcome is measured
after each.

This advice has gained traction. Jordan, Ollerenshaw, and Trexler (2026a) identify
83 peer-reviewed studies that cited Clifford, Sheagley, and Piston (2021a) to justify a
repeated-measures design in the first four years since its publication, including 33, roughly
40%, that adopted the within-subject variant. Yet the conventional post-only design, where
respondents are exposed to a single treatment, remains the disciplinary default (Diaz and
Rossiter 2026). This difference is puzzling because a within-subject design often adds a
second measurement for the same respondents at modest cost. Its first round remains a
valid post-only experiment, allowing researchers to preserve that analysis while gaining the
option to use data from both periods.

The main obstacle is carryover: first-period treatment may change how respondents
react to second-period treatment (Willan and Pater 1986). Figure 1 illustrates why a
carryover test does not resolve this concern. The left panel reproduces the post-only and
pooled estimates from Study 1 of Clifford, Sheagley, and Piston (2021a), where the carryover
test does not reject a zero carryover gap. In the right panel, we subtract 0.20 scale points
from the second-period outcome for respondents assigned treatment and then control, to
fabricate a carryover effect, but nothing for the reverse sequence. The same test again fails
to reject a zero carryover gap.

An analyst therefore pools in both panels, although only the original data, definitely
not the synthetic data, may satisfy the identifying condition. In the synthetic data, the test
fails to detect the difference in average carryover effects, and the pooled estimator remains



biased for the average treatment effect even in large samples. Consistent with this concern,
Jordan, Ollerenshaw, and Trexler (2026a) indeed find that repeated-measures estimates are
attenuated relative to post-only estimates in substantially larger experiments.

We formalize these concerns. Our first contribution clarifies what pooling requires. In a
general potential-outcomes framework for the two-period within-subject design that allows
for unequal allocation and heterogeneous treatment and carryover effects, pooling identifies
the average treatment effect when the gap in the average carryover effects is zero across the
two treatment sequence. This condition does not require carryover to be zero for every unit,
or even on average within either sequence. In fact, it requires only that average carryover
be equal across sequences. Shi and Ye (2024) derive the same identifying condition under
unequal allocation and heterogeneous carryover effects. We extend the design-based analysis
and also study when common regression specifications reproduce the design-based point
estimate and how their clustered standard errors compare with the design-based standard
error.

Our second contribution evaluates the carryover test and the two-step procedure that
pools only when the carryover test fails to reject. Under mild conditions, the carryover test
is less powerful than the corresponding average-treatment-effect test with the post-only
data. Estimator selection based on the carryover test also produces confidence intervals
that typically undercover. Extending Freeman (1989) beyond an additive normal model
with equal allocation, we show that, when the carryover gap is zero, undercoverage occurs
precisely when pooling is more efficient than post-only analysis, the setting in which the
within-subject design is most valuable. With a fixed nonzero carryover gap, undercoverage
is typical for parameter values common in social science: as the sample size grows, the
pooled interval initially preferred by the carryover test narrows around a biased value (the
sum of treatment effect and half of the carryover gap), and coverage recovers only when the
carryover test reliably selects the post-only analysis.

Our third contribution is a sensitivity analysis that asks how large the carryover gap
must be to overturn a conclusion based on pooling. Applying it to published within-subject
studies suggests that many conclusions are robust to plausible gaps.

Taken together, our results support the case for within-subject designs while changing
how researchers should analyze them. The post hoc carryover test should not determine
whether to pool. Researchers should instead justify equality of average carryover across
sequences as the identifying assumption, explain why any departure should be substan-
tively small, use the appropriate regression specifications, and report sensitivity to larger
departures.

2 What Does Pooling Estimate in a Within-Subject Design?

We use Study 1 of Clifford, Sheagley, and Piston (2021a) (Clifford, Sheagley, and Piston,
Replication Data for: Increasing Precision without Altering Treatment Effects: Repeated



Measures Designs in Survey Experiments) to illustrate a typical within-subject design. The
experiment revisits the Smith (1987) question-wording study: respondents report their
support for government spending on a three-point scale, with the target described as either
“welfare” or “assistance to the poor.”

For this application, we define “welfare” as the treatment condition, D = 1, and
“assistance to the poor” as the control condition, D = 0. We use “control” only as a label:
here, it refers to the alternative wording rather than the absence of an intervention. More
generally, D = 1 can denote any focal condition and D = 0 its comparator.

Let n denote the total number of respondents. As Figure 2 illustrates, the experiment
randomly assigns n; respondents to sequence (1,0), in which they receive the treatment
in Period 1 and the control in Period 2. The remaining ns = n — ny respondents follow
sequence (0,1), receiving the control first and the treatment second. The outcome is
measured immediately after each exposure. The first measurement alone forms a valid
post-only experiment. Using both measurements may improve precision, but it changes
what the resulting estimator identifies when first-period exposure carries over into the
second period.

’Gl: nq units

’GQ: 79 units

Figure 2: The two treatment sequences in a within-subject design

Potential Outcomes Let Dy € {0,1} denote unit ¢’s treatment status in period ¢. There
are only two possible treatment sequences: (D;1,D;2) = (1,0) and (D;1, Di2) = (0,1).
Under the Stable Unit Treatment Value Assumption (SUTVA; Assumption 1 in Appendix
1.1), write the potential outcome for unit ¢ in period ¢, given that it receives d; in the first
period and dy in the second, as

Yite(di,do) = mi + dyri + (t — 1)0; 4, - (1)

Here, 7;; is the baseline outcome, which may vary across units and periods; 7; is the unit
treatment effect for ¢ relative to the control condition; and d; 4, is unit ¢’s second-period
carryover after receiving d; in the first period. Treatment and carryover effects may both
vary across units, and carryover may differ between treatment sequences. Because carryover
arises from prior exposure, it enters only the second-period outcome. Table 1 summarizes
the potential outcomes for the two treatment sequences.



Period 1 Period 2
1) Yi1(0,1) = my Yi2(0,1) = mia + 73 + dip
0) Yu(1,0)=mn +7 Yio(1,0) = mi2 + 6;1

Potential Sequence (0,
Potential Sequence (1,

Table 1: Potential outcomes under the two treatment sequences

What the Estimators Identify Let Y;; = Yj;(D;1, D;2) denote the observed outcome for
unit ¢ in period t. Let 7 = E[r;] denote the average treatment effect. Random assignment
(Assumption 2 in Appendix 1.1) implies that the first-period difference in average value of
Y;1 between treatment and control identifies 7. The second-period contrast in average value
of Y;o may identify something different because it also contains the carryover gap between
sequences. Define that gap as

o= E[5i70] — E[5i71].
From Table 1, the population contrasts in the two periods can be summarized as

p1 = E[Yi | (Diy, Dig) = (1,0)] = E[Y1 | (D1, Dig) = (0,1)] = 7,
p2 = E[Yip | (Di1, D) = (0,1)] = E[Yi2 | (Di1, Dig) = (1,0)] = 7 + 4.

The pooled population contrast is

(1 +ps) =74 3. )

Thus, using only the first period reproduces a post-only analysis. Using only the second
period adds the full carryover gap. Pooling both periods adds one-half of that gap. We
reserve formal statements and identification proofs in Appendix 1.2.

Pooling identifies the average treatment effect if and only if § = 0. Importantly, this
condition does not rule out carryover: it requires only that average carryover be equal
across the two treatment sequences. Carryover may vary across units, and both sequence
averages may be nonzero, provided that E[d; o] = E[d;1].

For each unit, define the potential treated-minus control contrast as

Heo =

DN | —

A’L(]-a 0) = }/’il(lv 0) - E2(170)7 Al([)? 1) = }/;2(07 1) - Yil(oa 1)
The corresponding observed treated-minus-control contrast is

A= Yii = Yi2, (D, Di2) = (1,0),
' Yio =Y, (D1, Di2) = (0,1).
We can also write i, as

fheo = %(]E[A,; | (Di1, Di2) = (1,0)] + E[A; | (Dj1, Di2) = (0, 1)]

Therefore pooling averages within-unit contrasts from two independent sequence groups.



Estimation and Asymptotic Behavior Let fi;, fi2 and ji., denote the sample analogs
of w1, po and peo. Define the variance scales

n n
ni ng
n n
02 = —V{Y¥j5(0,1)} + —V{Yi2(1,0)},
no ni

o2 = %V{Aia,m} + %V{Axo, )},

where V denotes population variances.
Under Assumptions 1-3 (Appendix 1.1),

\/ﬁ(:&l - Ul) i> N(O, 1)7

01
Vnlis — pa) i>/\/'(0 1)
0_2 b )
2\/ﬁ(ﬂco_ﬂ00) i>N(0 1)
Oco e

We only sketch the proof for the pooled estimator here and provide full derivations
in Appendix 1.3. Random assignment partitions respondents into two disjoint sequence
groups, (1,0) and (0,1). The pooled estimator is one-half the sum of the groups’ mean
values of A;. Applying the central limit theorem within each group establishes asymptotic
normality, while independence across groups allows their variances to be added.

The design-based standard errors follow directly from sample analogs of the population
variances. Each component of 0%, o3, and o2, is a variance of an observed outcome or
within-unit contrast in one of the two sequence groups. All three are therefore consistently
estimable by replacing the population moments with their corresponding sample moments.
Appendix 1.3 gives the details.

When Pooling Improves Precision Now we compare the efficiency of the pooled
estimator (fic,) and the post-only estimator (fi;), under zero carryover gap, i.e. § = 0.
Pooling is more efficient when

02 < 4o?.

Expanding the variance of the within-unit differences (A;(1,0) and A;(0,1)), we obtain

2

2 2
Oy = 01 + 05 — 20712,

where o12 combines the cross-period covariances of the two sequence groups,

o1y = nﬁ Cov{Yi1(1,0), Yia(1,0)} + nﬁ Cov{Yi(0,1), Yi2(0,1)} .
1 2



Therefore, pooling is more efficient when
1 5 352
o12 > 2(02 o1).

Positive cross-period covariance lowers 02, and therefore makes this condition more
likely to hold. By contrast, unusually noisy second-period outcomes or weak or negative
cross-period covariance can eliminate the precision gain. Moreover, 03 < o7 is sufficient
for pooling to be more efficient regardless of the cross-period covariance, since |o12| < o102
(Proposition 7 in Appendix 1.3).

In most social-science applications, respondents are believed to behave similarly across
periods, giving positive cross-period covariance, and Period-2 outcomes are usually com-
parable in magnitude to Period-1 outcomes. Both favor pooling: among the papers with
significant pooled estimates reviewed in Section 5 (Table 4), pooling is more efficient in all.

Further, this efficiency condition has another important inferential consequence. Sec-
tion 4 shows that, when § = 0, it is exactly the condition under which confidence intervals
reported after a post hoc carryover test undercover. Before turning to that result, the next
section connects the design-based estimators and standard errors to regression specifications
researchers commonly use.

3 Regression Implementation of Within-Subject Estimators

A single within-subject sample supplies both the Period-1 estimator ji; and the pooled
estimator fi.,. This section explains how standard regressions can implement these estimators
and how their point and variance estimates relate to the design-based quantities in Section
2.

Research Specifications Researchers often implement pooling with a treatment-only
regression,
Yij = Bo + P1Dij + eij.

A treatment-only OLS model leaves the within-unit dependence unrestricted when inference
is clustered by unit. A treatment-only random-effects model instead posits e;; = u; + €5,
where u; is a unit-specific random intercept and ¢;; is idiosyncratic, period-specific noise.
Thus the two approaches impose the same mean specification but differ in their model for
the errors.

The treatment-only coefficient is a size-weighted average of the two sequence-specific
treated-minus-control contrasts, 1 = %A(l,o) + %5(0,1)7 where A(LO) and A(O,l) are
the sample means of A; for units in treatment sequences (1,0) and (0,1) (Appendix 1.4).
Under equal allocation, i.e., n; = ng, as in Clifford, Sheagley, and Piston (2021a) and
Jordan, Ollerenshaw, and Trexler’s (2026a), the treatment-only coefficient equals fic,, and



the cluster-robust variance estimator is weakly conservative relative to the design-based
variance.

With unequal allocation, i.e., ny # ng, the treatment-only coefficient therefore recovers
lico only under an additional restriction that is difficult to justify!. An allocation-robust
implementation is to use a period-interacted regression that includes the period dummy
and its interaction with the treatment indicator,

Yij = Bo + B1Dij + Bol (j = 2) + B3DyI (j = 2) + ey, (3)

and to use standard errors clustered at the unit level.
With the above regression specification, our findings are as follows. First, the connections
between the coefficient estimates and the treatment effect estimators are:

fn =P, fo=P1+ B fio=P1+ 3P

Second, regardless of allocation balance, the unadjusted cluster-robust sandwich variance
estimators (with clustering at the unit level) equal the design-based variances. Third, the
OLS and random-effects regression models have the same coefficient estimates and the same
unadjusted cluster-robust sandwich variance estimators. Software-specific small-sample
corrections may apply to the variance estimators.

We reserve analytical details in Appendix 1.4 and Appendix 1.5, and use the within-
subject arm of Clifford, Sheagley, and Piston’s (2021a) Study 1 as an illustration.

Illustration of Pooled Regressions Table 2 compares design-based estimation, the
paired t-test (labeled (0)), four pooled regression specifications (treatment-only OLS,
treatment-only random effects, period-interacted OLS, and period-interacted random effects,
labeled (1)-(4)), and an OLS that uses only period-1 data (labeled (5)). The comparison
is based on two versions of the within-subject arm of Study 1 in Clifford, Sheagley, and
Piston (2021a).

Panel A uses the original data after dropping one unit observed in only one period,
leaving a nearly balanced allocation (n; = 227, ny = 226). The paired ¢-test and the four
pooled regressions closely track the design-based point estimate (—0.278) and standard
error (0.033): the period-interacted specifications, (3) and (4), match exactly, while the
paired t-test and the two treatment-only specifications, (0)—(2), differ by only 0.02% and
0.08% due to the one-unit imbalance.

Panel B duplicates units assigned to (1,0) to create a 2:1 allocation (n; = 454, ng = 226).
The gap becomes substantive. the paired ¢-test and treatment-only specifications now differ

1. Formally, (n1 — n2)E[mi1 — mi2] + n2E[di,0] — n1E[d;,1] = 0; see Equation (A.6) in Appendix 1.4 for the
derivation. This restriction mixes the difference in the two sequence-specific average baseline outcomes with
the two sequence-specific average carryover effects, making it more difficult to defend than the identifying
condition § = 0 in Section 2.



from the design-based point estimate by 3.27% and from its standard error by 4.81%, while
the period-interacted specifications remain exact regardless of allocation balance.

In both panels, the design-based standard error is smaller than that of the Period-1-only
estimator, demonstrating that the efficiency roughly doubles with the within-subject design.

The simulations in Appendix 2.2 vary the carryover gap and the allocation ratio, and
further confirm the results. Period-interacted OLS and random effects with unit-clustered
standard errors reproduce the design-based estimator in every case, while the paired ¢-test
and treatment-only specifications match it only under equal allocation.

We therefore recommend period-interacted OLS or random effects with unit-clustered
standard errors as the workhorse implementation, when researchers are willing to assume
no gap in average carryover effects across sequences (0 = 0). When § # 0, the pooled
estimator is biased and its confidence intervals are invalid (Table A.2 in Appendix 2.2).
The robustness of the treatment effect’s sign to a nonzero ¢ is discussed in Section 5.

B B3 ATE ATE/design SE  SE/design

Panel A: original data (n; = 227, ng = 226)

Design-based -0.278 exact 0.033 exact
0) Paired t-test -0.278 +0.02% 0.033  +0.08%
1) Treatment-only OLS, clustered -0.278 -0.278 +0.02% 0.033  +0.08%
2) Treatment-only RE, clustered -0.278 -0.278 +0.02% 0.033  40.08%

4) Period-interacted RE, clustered  -0.289 0.021 -0.278 exact 0.033 exact
5) Period-1 OLS -0.289 -0.289 -3.712% 0.070 +114.79%

(

(1)

(2)

(3) Period-interacted OLS, clustered -0.289 0.021 -0.278 exact 0.033 exact
(4)

(

Panel B: synthetic data (n; = 454, ng = 226)

Design-based -0.278 exact 0.028 exact
(0) Paired t-test -0.269 +3.27% 0.027  -4.81%
(1) Treatment-only OLS, clustered  -0.269 -0.269 +3.27% 0.027  -4.81%
(2) Treatment-only RE, clustered -0.269 -0.269 +3.27% 0.027  -4.81%
(3) Period-interacted OLS, clustered -0.289 0.021 -0.278 exact 0.028 exact
(4) Period-interacted RE, clustered  -0.289 0.021 -0.278 exact 0.028 exact

(5) Period-1 OLS -0.289 -0.289 -3.72% 0.059 +108.46%

Notes: ATE/design is the percentage difference between a specification’s ATE and the design-based point
estimate. SE/design is the percentage difference between its reported standard error and the design-based
standard error. “Exact” denotes equality at the displayed precision. Point-estimate and standard-error
equivalence is proved in Appendix 1.4 and Appendix 1.5; the finite-sample corrections applied to compare
each row against the design-based standard error are given in Appendix 2.1.

Table 2: Comparison of Sample Estimators with a Reanalysis of Clifford, Sheagley, and
Piston 2021a



4 Carryover Test: Power and the Two-Step Procedure

Section 2 shows that pooling identifies the average treatment effect only when the carryover
gap § = 0. Clifford, Sheagley, and Piston (2021a) and Jordan, Ollerenshaw, and Trexler
(2026a) test this condition by comparing the pooled estimate against an independent post-
only sample. This section instead asks whether the within-subject sample can test the
condition on its own, and how that test’s power compares with the average-treatment-effect
test using only the first period of the same within-subject sample, i.e., the data that a
post-only design would have collected.

We show that, under plausible conditions, the carryover test for § = 0 is the less powerful
of the two, sharpening the dilemma facing researchers who adopt a within-subject design
for its efficiency gain: confirming that pooling is warranted with adequate power takes, if
anything, a larger sample than the post-only design needs to detect the treatment effect
itself with the same power. Put differently: by the time a study has enough power for its
own carryover test to be trustworthy, that same study already has enough power to detect
the treatment effect directly, without pooling.

A researcher who reports a null carryover test and treats it as license to pool is therefore
in one of two positions: either the test was underpowered, in which case the null result
carries little information about whether carryover is actually zero, or the test was adequately
powered, in which case the study never needed the within-subject design’s efficiency gain to
begin with. Either way, the null carryover test cannot do the justificatory work researchers
typically ask of it2.

Test for § To test Hy : 6 = 0, it is natural to use 5= fia — i1, since 0 = o — uy (Section 2).
Proposition 5 in Appendix 1.3 shows that
5—10
M i> N(0,1).

g5

Therefore we reject Hy when \\/ﬁg /65| > 21_q /2, Where G5 is the sample analog of o derived
in Appendix 1.3, and z;_/5 is the 1 — a//2 quantile of the standard normal distribution.

In practice, 5 = Bg from the period-interacted regression of Equation (3), noting
fo — i1 = (Bl + Bg) — Bl. Researchers therefore can equivalently implement the carryover
test as a t-test of the interaction term being zero, using a period-interacted OLS with
clustered standard errors. We reserve the equivalence results in Appendix 1.5.

2. Brown Jr (1980) reaches the same conclusion from a different angle: in a classical normal-theory
analysis-of-variance model, the sample size that the carryover test needs to detect a carryover effect large
enough to meaningfully bias the treatment estimate is, in his worked numerical example, ten times what a
post-only design needs for the treatment effect itself. Our result differs in being a general conclusion for
values of n1, na, § and p; that are typical in most social-science applications, derived in a potential outcome
framework with design-based standard errors, rather than a sample-size ratio computed under one chosen
calibration of an assumed random-effects model.

10



Power of the Carryover Test versus the Average-Treatment-Effect Test Ignoring
the remainder term, the carryover test’s power is

né no
¢5(5)%1®(21_a/2f >+¢(21_a/2f >
o§ as
The power of testing Hy : 41 = 0, the average-treatment-effect test with post-only data, is

ﬁm) _

g1

n

Because two-sided normal power is increasing in the magnitude of the noncentrality pa-
rameter (Proposition 9 in Appendix 1.6), comparing 15 and 11 amounts to comparing the
magnitude of their noncentrality parameters,
Bl e el
ersus .
os o1

Two conditions make the power of the average-treatment-effect test larger. First, o5 > o
whenever the cross-period covariance is nonnegative within each sequence, the expected
case in most social-science applications. That is, a unit’s potential outcomes across periods
is believed to be positively correlated under different stimuli, since both reflect that unit’s
own underlying disposition. Our review of published studies also confirm this scenario:
across the 30 recoverable study-outcomes (see Appendix 3), the standardized cross-period
covariance o12/0? ranges from -0.005 to 0.930 (10th-90th percentile: 0.044 to 0.537), with
a median of 0.271, and is nonnegative in 29 of the 30.

Second, it is commonly presumed that the between-sequence average carryover gap is
smaller in magnitude than the average treatment effect: |0 < |u1|, equivalently |0| < |E[r;]|.
Carryover is a partial, attenuated echo of the treatment’s influence into the following period,
not a force expected to exceed the treatment effect that produced it. Further, § is the
average carryover gap between sequences, which nets out whatever the two sequences’
carryover levels share in common. This is broadly consistent with Jordan, Ollerenshaw, and
Trexler (2026a)’s own meta-analytic finding of roughly 20% attenuation in repeated-measures
designs.

Combining both conditions, with the same size of respondents n,

| |l

@ < — < —
os 0§ o1
Hence, 15 (6) < 1 (n1): under these two stated conditions, the carryover test is less
powerful than the test for the average treatment effect, as claimed above.
Figure 3 calibrated the above results to the within-subject arm of Study 1 in Clifford,
Sheagley, and Piston’s (2021a). Because os5/01 = 1.71 there, a carryover gap must be
1.71 times as large as a treatment effect for the two tests to have equal power to detect

11
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Figure 3: Power of the Carryover Test and the Treatment-Effect Test, Calibrated to Study
1 of Clifford, Sheagley, and Piston (2021a)

their respective effects: at 80% power the smallest detectable treatment effect is 0.20 scale
points, while the smallest detectable carryover gap is 0.34. The fact that the blue curve
(the treatment-effect test for 1 = 0) lies above the red curve (the carryover test for 6 = 0)
throughout the figure shows that this power ordering holds at every effect magnitude.

Nevertheless, researchers may base their decision on whether to pool on the significance
of the carryover test for . We show this practice to be problematic even apart from the
power issue.

The Two-step Procedure The two-step procedure works as follows. First test Hg : 6 = 0.
If the test fails to reject, pool the two periods and report [ic,. If it rejects, fall back to the
post-only estimator f1; instead. In either case, researchers report that estimator’s ordinary
confidence interval with no adjustment for having been chosen by a preliminary test. The
formal procedure is given in Appendix 1.7.

This is exactly the procedure that Willan and Pater (1986) examine under the name
Grizzle’s procedure, and the literature has already shown it to be problematic. Freeman
(1989) finds that the reported interval undercovers its nominal level even when there is no
differential carryover, and considerably more so once carryover is present, and concludes
that the two-step analysis is too misleading to be of practical use. Freeman’s calculation
assumes an additive normal model with homoskedasticity and equal allocation. We extend
it to allow non-normal outcomes, heteroskedasticity, and unequal allocation in Appendix
1.7 for theory and Appendix 2.3 for simulation.

To illustrate, in Figure 4, we demonstrate the performance of the two-step procedure
with parameters calibrated from the within-subject arm of Clifford, Sheagley, and Piston’s
(2021a) Study 1 (details in Appendix 3.2)3. The two-step interval covers with probability
0.924 at § = 0, falling to as little as 0.433 at a carryover gap of just 0.19 points on their

3. The undercoverage pattern is not unique to this study: Figure A.2 in Appendix 2.3 shows a similar
pattern for other papers we review.
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three-point scale. At the estimated gap of |(§ | = 0.02, though noisy and not significantly
different from zero, the coverage probability is 0.913, lower than the nominal level of 95%.

0 no carryover
10 0.924 nominal 0.95

0.9+

0.8+

0.7+

0.6+

0.5+

worst case
0.433

Coverage of the two-step 95% interval

00 01 02 03 0.4 05
Carryover gap (welfare/assistance scale, points)

Figure 4: Coverage of the Two-Step Interval, Calibrated to the Within-Subject Arm of
Study 1 of Clifford, Sheagley, and Piston (2021a)

There are two sources of the shortfall. First, if the truth is d # 0, the test itself may
not be powerful enough to detect it, and thus leads to the wrong specification. Second,
and independently, reporting an estimator’s ordinary confidence interval after it has been
chosen by a statistical test beforehand is invalid on its own terms: selection changes what
the interval actually covers.

The second source alone is enough to produce undercoverage. At § = 0, the reported
interval still undercovers its nominal level, exactly when pooling is more efficient than the
post-only estimator, i.e. 02, < 407. Appendix 1.7 shows the formal results. Away from
6 = 0, the calibrations relevant here usually yield undercoverage. Appendix 2.3 conducts
simulations based on calibration to published social science studies.

Finally, Figure 5 examines the two-step procedure’s performance as n grows, holding
fixed the carryover gap 6 = —0.119 calibrated to Study 4 of Jordan, Ollerenshaw, and
Trexler (2026a) (Jordan, Ollerenshaw, and Trexler, Replication Data for: New Evidence
and Design Considerations for Repeated Measure Experiments in Survey Research) (the
equal-weighted average across their AmeriSpeak, Prolific, and Lucid samples, as in Table 4),
and comparing it against always reporting the post-only or the pooled estimator.

The two-step curve is U-shaped. Its coverage initially falls to about 0.37, then returns
to the nominal level only because the carryover test eventually rejects with probability
approaching one and the procedure therefore reports the post-only estimator. At the mean
Study 4 sample size of 2,879, the simulation selects the post-only estimator more than 99%
of the time. If the within-subject arm of Clifford, Sheagley, and Piston’s (2021a) Study 1
had instead shared this JOT Study 4 carryover and variance structure, its sample size of
227 + 226 = 453 would yield two-step coverage of only 0.448.
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0.8+

0.64

0.4+

. JOT Study ameann=2879

0.2+

Coverage of nominal 95% confidence interval

0.0+ T r : 7 ; T
20 50 100 200 500 1,000 2,000 5,000
Number of respondents

=e= Two-step =e= Always pooled == Post-only

Figure 5: Coverage as Sample Size Increases under the Study 4 Carryover Calibration
of Jordan, Ollerenshaw, and Trexler (2026a). Points are based on 50,000 Monte Carlo
replications at each sample size, and solid curves are the corresponding analytic coverage
probabilities. The horizontal dashed line marks nominal 95% coverage; the vertical dotted
line marks the mean complete-pair sample size across the three Study 4 samples.
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The Problem with Always Pooling By contrast, sample size alone does not validate
pooling. As n grows, coverage of the pooled interval approaches zero. The reason is that,
when d # 0, the pooled estimator becomes increasingly precise for 7 + §/2 rather than for
7. Its confidence interval therefore concentrates more tightly around the wrong target, and
its probability of covering 7 vanishes.

Taken together, a large sample rescues the two-step procedure only by abandoning the
pooled estimator and its precision gain, rather than making conventional pooled inference
valid. A further discussion can be found as Remark 2 in Appendix 1.7.

5 Sensitivity to Unobserved Carryover Effects

Section 4 shows that the carryover test can have little power, and that the two-step procedure
it motivates can produce confidence intervals that do not achieve nominal coverage. In this
Section, we recommend defending the pooled estimator with a sensitivity analysis instead.

If the two sequences differ in average carryover by ¢, the pooled estimate is biased by
0/2 (Equation (2)). Treating § as a sensitivity parameter, we ask how large this gap would
need to be, relative to the pooled estimate, to overturn an originally significant result.
In our review of published social-science applications, we find the sign of the estimated
treatment effect is generally robust to relatively large average carryover gaps.

Sensitivity Analysis for the Pooled Estimator Under the hypothesis that the
carryover gap equals §*, the bias-adjusted estimator is 7(6*) = fic, — 0*/2, with standard
error Seo = $€(fi¢o) inherited from fi, itself. Standardizing §* relative to the pooled estimate,
Le., letting 6% = 0*/fico, and writing tco = fico/Sco, & two-sided test of Hy : 7 = 0 using
7(0*) fails to reject over the interval

22’1704/2’ 91 2210{/2:|
[teol [teol

(proof in Appendix 1.8). For an originally significant pooled estimate fi., with a t-statistic
|teol > 21_q /2, the standardized minimum carryover gap required to overturn significance is

the interval’s lower endpoint,
_ Rl—a/2
;knin,std:2 (1_ ’t ‘ ) :
co

This is the smallest same-direction carryover gap, expressed as a multiple of the pooled
estimator, for which the bias-adjusted confidence interval includes zero.

For example, at the 5% level, if |t.,| = 6, then Ominsta = 135, and the full non-rejection
region is [1.35,2.65]. The lower endpoint, 1.35, is the smallest same-direction gap that
removes statistical significance. That is, J, the difference in average carryover effects across
sequences, needs to be at least 1.35 times as large as the estimated fi., for the bias-adjusted

estimator to be statistically indifferent from zero.

0% € [2 —
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Calibrating the Sensitivity Parameter To calibrate plausible values of §, we review
the 33 papers of within-subject design identified by Jordan, Ollerenshaw, and Trexler
(2026a) as citing Clifford, Sheagley, and Piston (2021a). Where the design and data recover
both period-specific treatment contrasts, we calculate 5= 1o — [11 and express it relative to
the pooled estimate for comparison with 7. .

Table 3 organizes the 33 papers into four design classes. Group 1 contains exact or
directly reducible two-sequence within-subject designs. Group 2 contains multiperiod or
multicondition designs that we reduce via pairwise comparisons. We pair the first period
with each later period. A pair contributes only when both treatment sequences are present,
i.e. some respondents received treatment in Period 1 and control in the later period
(sequence (1,0)) while others received the reverse (sequence (0,1)), so we can form the
same two-sequence contrast used throughout the paper. We average with equal weight over
all such pairs. We call these reductions history-marginal because a respondent’s outcome
in the later period is averaged over whatever treatments they received in between. Group
3 contains within-subject designs whose Period 1 exposure is fixed across respondents.
Everyone receives the same (or no) stimulus in Period 1, and only in Period 2 are they
assigned to different treatment conditions. Group 3, further elaborated later, is not subject
to the differential-carryover concern that motivates our analysis, since every respondent
shares the same Period 1 exposure. It remains a within-subject design, but it lacks the
two-sequence structure that our analysis addresses. Group 4 contains the remaining non-
reducible or unresolved designs, most often for lack of usable replication data, such as a
covariate recording the order in which treatments were assigned*. Only Groups 1 and 2
have the two-sequence structure needed to compute $ and O i sta- Appendix 3 gives the
full classification rules. 7

Table 3: Design classification of the 33 papers citing Clifford, Sheagley, and Piston (2021)

Group N
1. Exact or directly reducible two-sequence designs 3
2. Multiperiod or multicondition designs reduced via pairwise comparison 5
3. Within-subject designs with fixed Period 1 exposure 14
4. Other non-reducible or unresolved designs 11
Total 33

Researchers need to defend a pooled estimator only when it is itself significant, so
we restrict the sensitivity analysis to fic, with |te| > z.975. Six papers from Groups 1
and 2 meet this criterion, each contributing one qualifying study. We supplement them

4. A small number of Group 4 papers fall outside this core reason instead: some have paired items
answered in one sitting rather than at two temporally separated occasions, so a two-sequence estimate is
unsupported despite the data being available; others are papers that Jordan, Ollerenshaw, and Trexler
(2026a)’s own table misclassifies as within-subject, which are out of scope for this review rather than
non-reducible on structural terms.
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with two further papers, Clifford, Sheagley, and Piston (2021a)’s Study 1 and Jordan,
Ollerenshaw, and Trexler (2026a)’s Studies 4-6. Ten exact two-sequence within-subject
designs are reconstructed from the latter three studies. Altogether the analysis covers eight
papers, 10 studies, and 25 significant treatment-control comparisons across 24 distinct pairs
of treatment sequences®, averaged with equal weight within each paper.

Table 4 reports the within-paper averages of 6 / fico, its absolute value |5 /ficol, and 6% 4.
Giving each paper equal weight, the carryover ratio averages 0.352 in absolute value, well
below 1.168, the average threshold that would be needed to overturn significance. The sign
of § /fico 1s also informative: a negative ratio guarantees that pooling has attenuated the
post-only estimate®. In 5 of the 8 papers the ratio is negative, so in exactly those cases,
a researcher who reports fic, should be worried about the carryover gap, unless they also
conduct our sensitivity analysis.

Table 4: Sensitivity quantities for papers with significant pooled treatment-effect estimates

Paper K n teo 6% 63 512 S/ﬂco |z§/[Lco| &*

min,std
Carnahan and Bergan 1 348.0 4.70 0.121 0.111  0.075 0.100 0.100 1.166
(2022)
Tappin (2023) 6 516.3 4.74 0.433 0.446 0.060 -0.593 0.686 1.106
Ozer and Wright 2 24.0 -2.53 0.162 0.133  0.065 -0.518 0.518 0.434
(2022)
Van Trappen (2023) 2 597.0 -3.22 3.238 3.343  1.152 0.040 0.158 0.806
Velez, Porter, and 2 700.0 5.68 4.527 4.345 1.889 -0.334 0.334 1.256
Wood (2023)
Halling and Petersen 2 522.0 5.38 35.508 34.376 4.776 0.240 0.240 1.270
(2024)

Clifford, Sheagley, and 1 453.0 8.50 2.226 1.995 1.145 -0.074 0.074 1.539
Piston (2021a)

Jordan, Ollerenshaw, 9 29189 18.76 0.539 0.552  0.379  -0.348 0.702 1.765
and Trexler (2026a)

Notes: The table includes outcome-specific treatment-control comparisons with |tco| > z.975. K is the number of

included comparisons, and every reported quantity is an equal-weight within-paper mean. A negative 5/ﬂco guarantees
the post-only estimate is larger in magnitude than the pooled one (pooling attenuates); a positive value does not
have a symmetric interpretation. The 25 comparisons represent 24 distinct treatment-control pairs because one paper
contributes two outcomes for one pair.

The coverage failure of the pooled estimator in Section 4 does not contradict the
sensitivity analysis in the current section: the former asks whether the interval contains
7, whereas the latter asks whether a plausible carryover gap could overturn a significant
estimated effect. As the pooled estimate becomes more precise with larger n, its sign can
be robust even when coverage is not nominal. To be clear, this does not restore point
identification or guarantee correct coverage: the sensitivity analysis only shows how large

5. One pair yields two significant treatment-control comparisons.

6. Writing © = §/(2fico), the identity jico = fi1 + %5 gives fi1 = fico(1 — ), 0 |fi1| > |fico| Whenever z < 0,
i.e. whenever the ratio is negative. A positive ratio has no equally clean converse. |fi1] < |fico| only while
0 < = < 2, and reverts to |fi1] > |fico| (With a sign flip) while z > 2.
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the carryover gap would need to be before the estimated effect is no longer distinguishable
from zero in its original direction, enough to answer a qualitative question about the effect’s
sign, even without identification or valid coverage.

We therefore recommend that researchers report 5:‘nin7std rather than treat a failed
carryover test as evidence that § = 0. Across the studies we review, pooled estimates are
generally robust by this criterion, supporting the recommendation of Clifford, Sheagley,
and Piston (2021a) and Jordan, Ollerenshaw, and Trexler (2026a) that repeated-measures
designs can improve precision.

6 Practical Recommendations and Concluding Remarks

We conclude with practical guidance for researchers using within-subject designs, organized
around three decisions: design, estimation, and interpretation.

Design: Collect the second period when it adds useful precision. Researchers should use pilot
data or substantive knowledge to assess the likely precision gain. Pooling is more efficient
only when 012 > (03 — 307), a sufficient condition of which is 03 < o7, regardless of the
covariance (Section 2, Appendix 1.3).

When the efficiency cannot be assessed before fielding, we generally recommend collecting
it anyway. Period 1 remains a valid post-only fallback at often-modest marginal cost, so
researchers can use the pooled estimator when it is robust to plausible carryover and is
proved to be more efficient, and otherwise report the Period-1 estimate.

Estimation: Use the period-interacted regression with unit-clustered standard errors. Estimate
the period-interacted regression of Equation (3) and construct the pooled estimator as
fleo = 1 + %53-

This specification reproduces the design-based point estimate and unit-clustered standard
error under any allocation, not confined to the case where n; = ny. OLS and random effects
give the same coefficient map and clustered covariance, so only the choice of unit-clustered
standard errors matters (Section 3, Appendix 1.4, Appendix 1.5).

Do not let the carryover test determine whether to pool. The test of Hg: d = 0 is no
more powerful, under plausible conditions, than the Period-1 average treatment-effect test,
so by the time it can reliably detect a consequential gap the post-only fallback would already
detect the treatment effect directly (Section 4). Conditioning the reported estimator on this
preliminary test creates its own problem, since the resulting two-step interval undercovers
exactly when pooling is more efficient, even at § = 0 (Appendix 1.7).

Interpretation: Defend or assess a small carryover gap.

The identification condition for the treatment effect with a pooled estimator is not to
establish whether any individual carryover effect exists, or even whether either sequence has
a nonzero average carryover effect. It is more modest: assess whether the average carryover
effects for the two sequences, E[d; 0] and E[d; 1], are likely to be different. Individual effects
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and both sequence averages may be nonzero, heterogeneous, or difficult to estimate, but
their difference could be plausibly negligible.

Group 3 in Section 5 illustrates why this average-difference claim may be easier to
defend than zero carryover for every unit: all respondents share the same pretreatment
measurement history, so its average effect may plausibly be common across treatment arms
even though individual or arm-specific average effects are hard to evaluate. Suitable conjoint
designs offer a parallel case: pooling a respondent’s multiple choice tasks requires the same
stability and no-carryover-effects assumption, tested by comparing AMCEs across tasks
(Hainmueller, Hopkins, and Yamamoto 2014, Sec. 5.3.1). Individual respondents’ choices
may fluctuate across tasks even for the same set of profiles, but identification may only
require that this fluctuation not differ, on average, between respondents randomly assigned
to see the tasks in different orders. Neither design feature identifies the gap by itself, but
each can support a transparent argument for a negligible difference.

Whether this matters depends on what the researcher wants from the estimate. If the
goal is the magnitude of T, a nonzero carryover gap breaks identification outright. Whenever
0 # 0, the pooled estimator converges to 7 4 §/2 rather than 7, however large the sample
(Section 4). If the goal is only the sign of the treatment effect, the within-subject design
remains useful, and our review finds this sign is generally robust to plausible carryover
in practice (Section 5). Accordingly, when the pooled estimate is statistically significant,
researchers should report 6%, _ : the smallest same-direction carryover gap, expressed as
a multiple of the pooled estiﬁator, that would overturn that significance. This does not
restore point identification or guarantee correct coverage of 7, but states transparently how
much carryover the estimated direction can withstand, while preserving the efficiency gain
of the repeated measurements.

Concluding Remarks

We close by clarifying the scope of our analysis, and identifying directions for future research.
Within-subject designs remain valuable, but their precision gains do not eliminate the
need to confront carryover. The appropriate response is neither automatic pooling nor an
automatic return to post-only designs. Researchers should use the correct design-based
estimator, justify plausible carryover substantively, and report how much carryover their
conclusions can withstand.

Two limitations define the scope of these conclusions. First, we study unadjusted
estimators and do not consider the inclusion of pretreatment covariates, which may alter
the efficiency comparison and the corresponding sensitivity calculations.

Second, our formal results concern within-subject designs reducible to the same two-
sequence structure. Concerns about carryover across repeated exposures, however, arise
more broadly. Conjoint experiments are one important example: when respondents complete
multiple choice tasks, the stability and no-carryover-effects assumption — that earlier tasks
do not affect responses to later ones — plays the same identifying role, testable by comparing
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an attribute’s Average Marginal Component Effect (AMCE) across tasks (Hainmueller,
Hopkins, and Yamamoto 2014, Sec. 5.3.1). The same design-based and sensitivity arguments
developed above may often apply there, but our present results do not establish the exact
sensitivity mapping for conjoint estimands. Extending them to conjoint and other repeated-
treatment designs is an important direction for future research.
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Appendix 1 Proofs

Appendix 1.1 Assumptions

Assumption 1 (SUTVA). For every unit i, period t, and treatment sequence assignments
that assign the same sequence to unit i, the potential outcome for unit i in period t is the
same. Thus there is no interference across units, and the potential outcome can be written
as a function only of unit i’s own treatment sequence, Yy (di,ds). The observed outcome
can be writte as Yi = Yit(Dj1, Dy2).

Assumption 2 (Random assignment of treatment sequence). The treatment-sequence
assignments are independent of the potential outcomes of all units. Exactly ni units are
assigned to sequence (1,0) and ng units are assigned to sequence (0,1), where n = ni + na.
Asn — 00, ny = rn and ng — (1 —r)n, with 0 <r < 1.

Assumption 3 (Independence across units and regularity conditions). The vectors
yi = (}/:Ll(17 0)7 }/%1(07 1)7 KQ(la 0)7 }/;2(07 1))

are independently and identically distributed across units. The variance of each component
1s strictly positive and finite.
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Appendix 1.2 Identification results
Define the average treatment effect using period-1 potential outcomes:
T=E D/il(l,()) — Yﬂ(O, 1)] .

Define the carryover gap as the difference between the average treatment effects in periods
1 and 2:
0=E [}/Z'Q(O, 1) — Y;‘Q(l, 0)] —T.

Define the population treated-minus-control contrasts in the observed outcome in the two
periods as

p1 =E[Y | Din =1 —-E[Y;1 | Din = 0],
p2 =E[Yie | Dio =1] —E[Y;2 | Dia = 0].

Proposition 1 (Period-1 difference-in-means identifies the ATE). Under Assumptions 1
and 2, 1 =T.

Proof. There are only two possible treatment sequences. For unit ¢ with treatment sequence
(Di1, Di2) = (1,0), Y;1 = Yi1(1,0). For unit ¢ with treatment sequence (D;1, Do) = (0,1),
Yi1 = Yi1(0,1). Therefore
pr =E[Yi1(1,0) | (Di1, Dig) = (1,0)] = E[Y31(0,1) | (Di1, Diz) = (0,1)] .
Because the treatment sequence is randomly assigned, we have
pr = E[Yi(1,0)] =E[Yn(0,1)] = 7.
O

Proposition 2 (Period-2 difference-in-means identifies the ATE plus the carryover gap).
Under Assumptions 1 and 2, uo =7 +9.

Proof. There are only two possible treatment sequences. For unit ¢ with treatment sequence
(Di17 ng) = (0, 1), }/Z'Q = YiQ(O, 1) For unit ¢ with treatment sequence (Dila DZQ) = (1,0),
Yie = Yi2(1,0). Therefore

p2 = E[Yi2(0,1) | (D1, Diz) = (0,1)] — E[Yj2(1,0) | (Di1, Di2) = (1,0)].

Because the treatment sequence is randomly assigned, we have

pz = E[Yi2(0,1)] = E[Yi2(1,0)] = 7 + 6.
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Proposition 3 (The pooled estimator identifies the ATE plus half the carryover gap).
Under Assumptions 1 and 2,

1 0
Heo = 5(,“1 +p2) =T+ 9
Consequently, peo = 7 if and only if 6 = 0, equivalently if and only if p1 = po.

Proof. Propositions 1 and 2 give

1 )
peo= AT+ (T+)} =7+ =.
2 2
The two equivalences follow because po — 1 = 6. O

The saturated model in Equation (1) is one useful illustration of these potential-outcome
estimands. Under that parameterization,

T = E[r], d=E[do—di1].

The identification arguments above do not otherwise rely on that parameterization.

Appendix 1.3 Sampling distributions and variances

Define 17,57(170) and Yt’(m) as the sample means of the observed period-t outcome among
units with treatment sequences (1,0) and (0,1). The period-specific estimators are

~

fir = Y1 (1,0) — Y1,00,1)5 fiz = Y3, (01) = Y2,1,0)-

Define the variance scales

n n
o} = n—lV (Yi1(1,0)) + n—ZV(Yu(O, 1),
n

o3 = -V (Y(0,1) + -V (Yia(1,0)

n2
Marginal asymptotic distributions

Proposition 4 (Marginal asymptotic distributions of the period-specific estimators). Under
Assumptions 1-3,

\/ﬁ(ﬂl - Ml) i> N(O, 1)’
01
Vn(fiz — p2) 4y

0,1).
(o] )
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Proof. The two sequence groups are disjoint collections of i.i.d. units, so their sample means
are independent. Substituting the expressions for ji; and fis gives

V(1) =V (Y1,0,0) — Y1,01))
=V (Yi,00) +V(Yi0)

= Ly o)+ Lvao) = 2,
ni ng n
V(fiz) =V (Ya01) — Ya,(1,0))
=V (Yo 0,1) +V (Y2,1,0)
= Y ((0.1) + LV (Via(1,0)) = 2.
no ni n

The second equality in each calculation uses independence across the two sequence groups;
the third uses the i.i.d. assumption and the group sizes. The corresponding expectations
for ji; and fio are u1 and ps. Applying the central limit theorem to the two independent
group means in each period and taking their difference yields the stated distributions. [

Proposition 5 (Asymptotic distribution of the carryover-gap estimator). Let 6= — .
Under Assumptions 1-3, R
o—90
M 9, N(0,1),
as
where

o2 = LV (Yiu(1,0) + Yio(1,0)) + %V(Yﬂ(o, 1)+ Y;2(0,1)) .

n
ni

Proof. Substituting the expressions for ji; and [is gives

[ST3

= {}71,(0,1) + }72,(0,1)} - {}71,(1,0) + }72,(1,0)} .

The two braces are means from independent sequence groups, of sizes no and n respectively.
Therefore,

=V (V00 +Y201) +V (V00 + Y2,00)
1 1 o2
= —V (Y (0,1) + Yia (0, 1)) + —V (Yia (1,0) + Yia(1,0)) = —2.
na ni n
The second equality uses independence between the two sequence-group means, and the
third uses the i.i.d. assumption within each group. Since [i; and jis are independent and

asymptotically normal, §is asymptotically normal as well, yielding the stated distribution.
O
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Proposition 6 (Asymptotic distribution of the pooled estimator). Let fic, = %(ﬂl + [12).
Under Assumptions 1-3,

2v/1(fico — Heo) 4, N(0, 1), (A1)

Oco

where n n
0oy = nTV(Yh(LO) —Yia(1,0)) + njV(Yﬂ(O, 1) = Yi2(0,1)).
Proof. Substituting the expressions for ji; and [is gives

N y Ly y
Heo = 5 {Yl,(l,O) - YQ,(LO)} + 5 {YQa(OJ) - Yl,([),l)} :

The two braces are means from independent sequence groups, of sizes no and n respectively.
Therefore,

) 1 _ _ _ _
V (fieo) = ZV ({Yl,(LO) - Y2,(1,0)} + {Yl,(0,1) - Yz,(0,1)})
1 _ _ 1 _ _
= ZV (Yl,(l,(]) - Yz,(1,0)) + ZV (3/1,(0,1) - Y2,(0,1))
L Y (¥ (1,0) = Ya(L,0) £~V (¥ (0,1) — Yia(0, 1)) = Ze2
— 4TL1 i1\ 4L 12\ 1, 4712 11\Y, 12\Y, - 4n .

The second equality uses independence between the two sequence-group means, and the
third uses the i.i.d. assumption within each group. Since fi; and ji» are independent
and asymptotically normal, fi., is asymptotically normal as well, yielding the stated
distribution. O

Relationship between variances and covariances Applying V(A + B) = V(A4) +
V(B) + 2Cov(A, B) gives

o = o (V (¥ (1,0)) +V (¥ia(1,0)) +2Cov (Vi (1,0), Yio(1,0))}
o AV (Va(0,10) +V (Y0, 1)) + 2Cov (Y (0,1), Yo 0, 1))} (A2
= 0% + 05 + 2012
Likewise, applying V(A — B) = V(A) 4+ V(B) — 2Cov(A, B) gives
02 = 1AV (Ya(1,0)) + ¥ (¥ia(1,0)) — 2Cov (¥ia(1,0), Yia(1,0))}
o AV (¥ia(0,1)) 4V (%2(0, 1)) = 2Cov (Y (0,1), Ya(0,1))} - (A3)

2 2
=01 + 09 — 20'12.

26



Proposition 7 (A sufficient condition for pooling to be more efficient). 03 < o is sufficient
for 030 < 40% regardless of o12; the weak inequality 0% < O‘% 1s sufficient except when oo = o
and 012 = —0109.

Proof. First bound o15. Within each sequence, Cauchy—Schwarz applied to the two potential
outcomes gives

|Cov (Yir(1,0), Yia(1,0))] < V'V (Yir(1,0)) V (Yia(1,0)),

and likewise for sequence (0,1). Writing a; = /(n/n1)V(Y;1(1,0)), a2 = v/(n/n2)V(¥;1(0, 1)),
by = \/(n/n1)V(Yia(1,0)), b2 = v/(n/n2)V(Yi2(0, 1)), the two within-sequence bounds give

12/ < = [Cov (¥ia(1,0), Yia(1, 0)) | + - [ Cov (¥ia(0,1), Yia(0, 1)

< aib; + agbs.

The Cauchy—Schwarz inequality gives a1b; + asby < \/ a% + a% \/ b% + b% = o0109. Hence
lo12] < o102.

By Equation A.3, azo < 40% is equivalent to 0'% — 2012 < 30%. Since o192 > —0109,
the left side is at most 0% + 20109. Writing = o3/071, 0'% + 20109 < 30’% reduces to
2?2 +2r—-3<0,ie. (z—1)(z+3) <0, which holds for z € (0,1). Hence 03 < o} guarantees
02, < 40? for every admissible o15. When 02 = 02, x = 1, the inequality becomes equality
only at 019 = —0109, in which case 020 = 40%. O

Design-based variance estimators. Let 8(2 & dz)(X ) denote the sample variance of X

among respondents assigned to sequence (dj,d2)), computed with mean squared deviations
divided by n (not n — 1). The sample analogs of 0%, 03, 02, and o7 are

~9 n .2 n «2

— e (Vi) + L2 (Vi)
o1 = -S00a) + =S (Ya)
22 oo : " o2 ,
%= S,y (Yiz) + - S(0) (Yaz),

~2 n .2 2
=— Aj) + — Ay),
o0 = 1 St,0)(Ad) + - S0,y (Ad)
9 N n
52 = ;15(2170)(3@1(1, 0) + Yi2(1,0)) + n—zsfo,l)(m(o, 1) + Yiz(0,1)).

The resulting design-based standard errors are
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Joint asymptotic distributions The results so far are related to marginal distributions.
The analysis of the two-step procedure needs the joint asymptotic distributions of W7 =
(5,ﬂ1)T and WQ = (5,/)00)—'—.

~
A~

Proposition 8 (Joint asymptotic distributions). Let Wi = (0,/11)", Wa = (5, fico) |,

my = (8, 1) and mo = (6, pieo) T. Under Assumptions 1-3,
o2 —(0?+o
AW —m) SN, si=( 0 i o)),
(0'1 +0’12) 01
and 9 1/(.2 2
\/ﬁ(W2—m2)i>N(0aE2)a Yy = 1 205 2 5(012;01) )
3 (03 — o) 1%co

Proof. Each component of Wi is a fixed linear combination of the four within-sequence
sample means }_/t’(dl’dz). Hence any scalar linear combination aIWl is also a linear combi-
nation of the sample means. Since each sample mean is an average of i.i.d. terms, it follows
from the central limit theorem that every scalar linear combination of W; is asymptotically
normal, which implies that W) is asymptotically bivariate normal. The same argument
applies to Wo.

The variance terms follow directly from the marginal distributions. For the covariance
terms, we first compute Cov (fi1, fi2). Substituting the expressions for fi; and fio and using
the independence between the two sequence groups yields

1 1
COV (ﬂl? /12) = _7COV (}/;1(17 0)) }/;'2(]-7 0)) - 7COV (}/Zl (07 1)5 YiQ(O, 1)) == _@
ni no n
Since § = fio — fi1 and fie, = %([Ll + fi2), it follows that
A . . 1
Cov (57/~01) = Cov (fig, ft1) — V(1) = - (0F +012),
s 1 - - Ly 2
Cov <57 Mco) =3 (V(fiz) = V(i) = m (‘72 - ‘71) :
Combining the above arguments yields the stated asymptotic distribution. O
Appendix 1.4 Treatment-only regressions
Consider the treatment-only regression,
Yit = Bo + B1Dit + eit. (A.4)

Every unit contributes one treated and one control observation.
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Treatment-only OLS First, consider the OLS model that leaves the within-unit depen-
dence unrestricted when inference is clustered by unit.

There are n observations for treatment and n observations under control, so the estimator
for B1 equals the difference in mean observed outcomes between treatment and control
observations. The mean observed outcomes under treatment and control are

1
m = Yoo Yat+ Y Yal,
it (Di1,D42)=(1,0) it (Dj1,D42)=(0,1)
1
mo = — Z Yio + Z Yi1
i (D;1,Di2)=(1,0) i (D;1,Di2)=(0,1)

Therefore Bl = mi — mg.
Using the sequence-specific treated-minus-control differences defined in the main text

gives

pr =

=1
> Ai(1,0) + > A;(0,1)

i (D;1,Di2)=(1,0) i (D;1,Di2)=(0,1)

ny « ng «
= 7A 7A .
o Do) T mA 0

SERS

SRS

The pooled estimator can be written as

T
Heo = 5 {A(l,O) + A(O,l)} )

The difference between these two estimators is

2n1 —n « 2n9g — N ~ ny—ng .~ -
o Do+ 5 B0 = —5— {Bae ~ Do}

The second equality can be obtained by plugging in n = ny 4+ ny. Thus equal allocation
(n1 = ng) guarantees Bl = [ico. With unequal allocation (n1 # n2), the two may coincide in
a particular sample, but they are not the same estimator.

Applying the saturated potential-outcome representation in Equation 1 gives

E[Al(l,O)] = T+E [7'&'1'1 — 771'2] —E[(;l 1] s

)

E [AZ(O, 1)] =7—EFE [7‘(1'1 - 7TZ'2] +E [& ()] .

)

Bl *,aco =

Therefore

E [Bl} =7+ m ; nQE [7‘(‘1'1 — ﬂ'ig] + %E [(51'70] — %E [51‘71] . (A5)
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With unequal allocation (n; # ng), E[31] = 7 only when
(77,1 — TLQ)E [71’2'1 — 71'1'2] + nolE [(51"0] —mE [(5@71] = 0. (AG)

Because E[5;] in Equation (A.5) contains E[m;; — o], it is not, in general, any fixed weighted
average of py and puo.

Next consider the unadjusted cluster-robust (CR0) variance estimator. Stacking the
independent variables (the constant 1 and the treatment indicator D;;) for the 2n observa-
tions unit by unit (period 1 then period 2), with units in sequence (1,0) first and those in
(0,1) second, yields the design matrix

—_
)

Il
= == = e
_ oo =

—_

The upper block contains n; units and 2n; rows, and the lower block contains ns units and
2ny rows. We can obtain

v 2n n e A e |
XX(n n) x)t =L ),
Note that (X’X)~! does not depend on how n splits into n; and na, because there is one

treated and one control row per unit whichever sequence the unit is in.
Write 3 = (8o, 81)". The CRO variance estimator for /3 is

Vero(B) = (X' Xx)™" (ZL X{éiéiXZ) (X'X)™ = (x'x)"! (2;;1 sisg) (X'X)™,

where X; is the 2 x 2 block of X for unit ¢, é; is the residual vector for unit ¢, and s; = X/é;.
For units with (D;1, Di2) = (1,0),

o (1 1) (Ya—m) _ (Yo —m1)+ (Yiz —mo)
\1 0) \Yia—mg) Yii —ma '

For units with (D;1, D;2) = (0,1),
o = (L 1) (Ya—mo) _ (Yi1 —mo) + (Yig —ma)
‘ 0 1) \Yio—my Yio —my )

30



We need only the (2,2) entry of the variance estimator matrix. The second row of
(X'X) tiso' = L(-1, 2), so

Voro(B) = v/ (S1y sish v = S, (0's)% = 5 00 (s — 2s12)”

where s; 1 and s; 2 are the first and second elements of s;.
Evaluating w; = s;1 — 2s;,2 in each group: for unit ¢ in treatment sequence (1,0),

w; = (Yizg —mo) — (Y —ma) = (m1 — mp) — (Vi1 — Yiz) = B —
for unit 7 in treatment sequence (0,1),
w; = (Vi1 —mo) — (Yiz — m1) = (m1 — mg) — (Yiz — Yar) = B1 —
So w; = 1 —A; in both groups. Moreover write A ZZ 1 A4, we have 1 = A. Therefore

Vero(B o) Z

Let
St = 5(21,0) (Ai(1,0)), Sy = 5(20,1) (Ai(0,1)).

Decomposing @CRO(Bl) into within- and between-group parts:

~ ~ 71152 + HQS 721722 - 2
Vero (51) = 1 3 2 {Aqo) — Ay} - (A7)
The design-based variance of fi., can instead be Written as
o~ 52 1 /8% 52
V(fleo) = -2 =~ [ 2L 422, A8
o) =52 = 1 (24 2) (A.8)

When n; = ng = n/2, Equations (A.7) and (A.8) imply

92

Vcro (51) = %‘; + ﬁ {Aq) — A(0,1)}2 -
Therefore under equal allocation the treatment-only regression’s clustered variance is
therefore weakly conservative relative to the design-based variance, and is exact only when
the two sequence-specific treated-minus-control mean differences (A(l,o) and A(OJ)) happen
to coincide.

With unequal allocation, subtracting Equation (A.8) from Equation (A.7) gives

——— |8 — ——| S
<n2 4n1) Ol <n2 4n2> 2
n1n2 = 2
{Aao — 2o}
The coefficients in the first two terms can have opposite signs, so the total discrepancy has

no uniform sign: with unequal allocation the treatment-only regression’s clustered variance
can be conservative or anti-conservative relative to the design-based variance.

(A.9)

31



Treatment-only random effects model The regression specification is the same as
Equation (A.4), but the error e; can be decomposed into a random intercept and an
idiosyncratic component:

€it = Ui + Eit,
where u; ~ (0,02) and ;; ~ (0,02) are mutually independent with ¢2 > 0 and o2 > 0. The
covariance matrix of e; = (e;1,€;2)" for each unit is
o2 + ag o2 )

Ee — Var(e) — < O‘Z 0_5 + o_g

The covariance matrix of error terms for all units is
Q= I, ® 287

where [, is the n x n identity matrix, and ® is the Kronecker product.

The fact that the treatment-only random effects model produces the same coefficient
estimates and standard errors as the treatment-only OLS model can be proved using a
method similar to that used for the period-interacted regression in Appendix 1.5.

Appendix 1.5 The period-interacted regression

Consider the period-interacted regression,
Yir = Bo + B1Dit + B2l (t = 2) + B Dl (t = 2) + eir. (A.10)

Write
B = (507 Bla B27 ﬁ3)/'

Period-interacted OLS Stacking the independent variables (the constant 1, the treat-
ment indicator Dj, the period indicator I(t = 2), and the interaction between the treatment
indicator and the period indicator Dy I(t = 2)) for the 2n observations unit by unit (period
1 then period 2), with units in sequence (1,0) first and those in (0,1) second, yields the
design matrix

1 100
1 010
1100
1 010
X = 1000
1111
1
1111
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The upper block contains nq units and 2n; rows, and the lower block contains n9 units and
2ns rows. We can obtain

) 11 11
n n n N9 ng s pz e
n o n o ng n9 _ - k I —
X/X = ) (X/X) ! = nl2 1 T]? k )
n no n n2 s T2 —
ng N2 N2 N2 n% -k -k 2k

where k = n% + n%
Define the four cell totals as

A= Y Ya, B= ) Ya
i:(Dil,Dig):(l,O) i:(DilyDiQ):(17O)
C= Y  Ya, E= Y Y
i:(Dil,Dig):(O,l) iZ(Dil,Dig):(O,l)

and the corresponding four cell means are

A=Y 1,0, B =Y, 1), C=Y101) E =Y, 1)

The four columns of X select, respectively, all observations, treated observations, Period-2
observations, and treated Period-2 observations. Hence

B=(X'X)"1X"Y

A+B+C+E C Y101
_ A+ E A-C % —Y,
= (X'Xx)7! — Sl — 1,(1,00 — 11,00,1)
) B+E _ B-C ) You0 Y01
E C+E—-A-B Yl,(O,l) + Y2,(0,1) - Yl,(l,o) - Y2,(1,0)
(A.11

The matrix calculation therefore yields
pi = fu, B1+ Bs = fiz, B3 = fig — fi1 =0, Pr+ 503 = fico.

We next derive the CR0 variance estimator for /3’ when inference is clustered by unit. It
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is easy to see that the fitted values and residuals from the model are

A Yii—A
B Yi, — B
A Yo, 1— A
N B Y, o —B
Y = =, 6 = n -
q Yn1+1:1 - q
E Yn1+1,2 - B
C’ Yn,l - Cj
E Yoo —E

Write the two within-unit residuals as
ai=Yn—A, b =Yp—B, if (D, Dp)=(1,0);
=Yn-C, d=Yp—E, if (D, Dy)=(0,1).
The CRO variance estimator for 3 is
Vono(8) = (X'X) ™ (X1, Xjewel X ) (X0X) ™ = (X'X) 7 (S st ) (XX)

where X; is the 2 x 4 block of X for unit i, é; is the residual vector for unit i, and s; = X/é;.
For units with (D;1, Di2) = (1,0),

a; + b;
a;
S; = b )
i
0
(ai —1—62')2 a? + a;b; b? +ab; 0O
sis — CLZ2 + a;b; a? a;b; 0
v b? + aibi aibi blz 0
0 0 0 0
For units with (D;1, Di2) = (0,1),
¢+ d;
d;
Si = d )
d;
(CZ' +di)2 d? + Cidi d? + Cidi dz2 + Cid‘
’ d? + ¢;d; d? d? d?
SiS; = 5 5 5 5



Define

F= a?, G= Z b?, H= Z a;b;,
i:(D“,DiQZ(LO) i:(Dil,DiQZ(l,O) Z'Z(Dil,DiQZ(LO)
U= Z 2, V= Z 2, W= Z cid;.
i:(Dz‘l,DiQZ(O,l) i:(Dil,DiQZ(O,l) i:(Dil,DiQZ(O,l)
We have
F+G+2H4+U+V+2W F+H+V+W G+H+V+W V4+W
Zn:ss’— F+H+V+W F+V H+V 1%
e G+H+V+W H+V G+V |4
Bl V+W Vv Vv Vv

We first extract the variance for 83 = §. The fourth row of (X'X)™! is

v = (1, —k:,—k:,2l<:> ,
ng

Vero(Bs) = v/ (EL Sﬁﬁ;)“ =i (Vi)

SO

For the two sequences,

Vs = — il ‘. if (Di1, Di2) = (1,0);
ni
’U/SZ' = Cz:; Z, lf (Dil,DiQ) = (0, 1)

It follows that

-~ " F+G+2H U+V+2W
Vero(B3) = 5 + 5
ny 1
_ 1 A 1 .
= nls(l,o)(Q2(170)) + - Sio,(Qi(0,1)), (A.12)

where

Qi(d1,d2) = Y (di, dg) + Yia(d1, d2).

This exactly equals &§ /n, the design-based variance of 5.
In order to calculate the variance for fi., = 81 + % B3, we define

q’zé’co(X’X)_l—< L k1 _F 0).

0

beo = L oo

co — 0 ) 2TL2’2,’)’LQ 27
1/2
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Then R
Vero (fico) = @ (X 515 ) g = Y (@)%

with
/ ai —bi  Di(1,0) = Apng)
i = - : ) f -DZ 7Di = 17 )
q's o o if (Di1, Dig) = (1,0)
di —¢;  Ni(0,1) = Ay
,i:Z * = : 'fDi Di: 1).
qs oMo 2N y 1 ( 1, 2) (07 )
Consequently,
Vero (f Z {Ai(1,0) A(1,0)}2
1(10
~ 2
Z {2:(0,1) = A} (A.13)
i:(0,1)

sz S
L)
4 ni 9
This exactly equals 62,/(4n), the design-based variance of fico.
Period-interacted random effects model The same equivalence holds if Equation (A.10)

is estimated as a random-effects model, where the error e;; can be decomposed into a random
intercept and an idiosyncratic component:

ejt = Uj + Eit,

where u; ~ (0,02) and g; ~ (0,02) are mutually independent with ¢2 > 0 and o2 > 0.
To see why, write the covariance matrix of e; = (e;1, e;2)" for each unit as

Ee = O‘EIQ + 0'3121/2,

where I; is an d X d identity matrix, and 14 is a vector of d ones. The covariance matrix of
error terms for all units is
Q= I, ® Zea

where I, is the n X n identity matrix, and ® is the Kronecker product. The random effects
estimator of the coefficients is given by the generalized least squares formula

BRE _ (X/Q—IX)fl X/Q—IY’

where Y is the vector of observed outcomes arranged in the same order as the rows of X.
The CRO variance estimator of BRF is

Zze

Veko(8"%) = (X'Q71X)” (ZX Soedys X)) (X7 X) T
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Let

<

Il

=

&
7N
DO Do
DO DO

)

J=J J*=J, JX=XK,

It is easy to verify that

where

OO O
O O OoOw

It is easy to verify that K2 = K.
Note that €2 can be written as

Q =02l +202T = 02(Ioy, — J) + 02J, 0 =%+ 202,

The second equality for ) gives the spectral decomposition of Q, with (I3, — J) and .J being
complementary idempotent projection matrices. Therefore we can write

1 _ _
QO t= ﬁ(l% —J)+ = J.

1
2
e 0%

Let M = 02(Iy — K) + 0?K. Then
QX = 02X +202JX = 02X + 202 XK = X (0214 + 202K) = X M.

Because I, — K and K are complementary idempotent matrices, M is invertible. Multiplying
both sides of QX = XM on the left by Q7! and on the right by M~!, we can get

QloxM = ' XMMT,

or XM~ =Q71X.

Because € is symmetric, X'QX is symmetric. Plugging in QX = XM, we obtain that
X'QX = X'X M is symmetric, so X’XM = M’'X’'X. Multiplying both sides on the left
by (X'X)~! and on the right by (X'X)~! gives M(X'X)~! = (X'X)"'M’. Applying this
identity and substituting Q!X = X M~! and its transposed version, X'Q~1 = (XM 1Y,
into the generalized least squares coeflicient map,

(x'o'x)txo T = (X'x M) T (x MY = M (XX) T (M X
= (X'x) T M r)x = (X0X) X

The generalized least squares coefficient map, (X "0tX )71 X'~ 1 is therefore identical

to the OLS coefficient map, (X'X )71 X'. Consequently, the coefficient estimates from the
random effects model are identical to those from the OLS model.
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The equality of the coefficient maps can also be used to show that the CRO variance
estimators from the two models are equal. Let L; be the 4 x 2 block of columns of (X’ X)~1 X’
associated with unit i, so that L; = (X’X)~1X/. Then

VOR(B) = (Z Xjedi X ) (X'X) ™ = 3 Lieaél L,

The CRO variance estimator from the random effects model is

VER(B) = (X'Q'X)" (ZXZ Le;e Ze_lXi)(X'Q_lX)_l

which likewise factors as ), LREA eL(LREY with LRE = (X’Q71X)~1X/2 1. LRE is exactly
the block of columns of (X’ Q X)~1X'Q~! associated with unit i. The equality of the
coefficient maps thus gives LRF = L; for every i.

Two remarks serve to clarify this result. First, CRO is the unadjusted sandwich corre-
sponding to the sample-variance convention used in the main text. Software-specific CR1
or CR2 corrections can produce small finite-sample differences unless the same correction is
applied to both fits. Second, the equivalence relies on complete two-period pairs and on the
stated column space. Attrition, time-varying covariates, random slopes, or other changes
that destroy its invariance can make the random-effects and OLS point estimates differ.

The same arguments can be used to show that the treatment-only random effects model
yields identical coefficient and variance estimates to the treatment-only OLS model. It
suffices to replace K and M with

1 1
K(): (0 8) y MOZO'S(IQ_KO)“FU?KO.

Appendix 1.6 Power comparison

Proposition 9 (The carryover test is weakly less powerful). Consider level-a two-sided
tests of Hy : 6 = 0 based on 0 and of Hy : 7 = 0 based on fi1. Suppose || < |7| and, within
both treatment sequences,

V(Yii(1,0))
V(Yi1(0,1))

(Yir(1,0) 4 Yi2(1,0)),

<V
<V (¥ (0,1) + Yia(0,1)) -

Then the asymptotic power of the carryover test is no greater than that of the treatment-effect
test.

Proof. Let z = z;_q/5. For a standardized normal statistic with noncentrality A, the
two-sided rejection probability equals

TA) =1— Bz —\) + B(—2 — \).
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Because the standard normal distribution is symmetric around zero, W(—X) = W(\).
Therefore, the two-sided rejection probability only dependens on a = |A|, and equals

Ua)=1-P(z—a)+P(—2—a), a>0.
It is nondecreasing in a because
V(a) = ¢(z — a) — (= + a) > 0.
The two tests have noncentrality magnitudes

nlé n|t
pal = Y20y = Y0

’
01

The two variance inequalities, multiplied by the positive weights n/n; and n/ng, imply
o5 > o1. Together with |§] < |7|, this implies |A\s| < |A1], so monotonicity of ¥ proves the
power ordering. O

The proof only requires the aggregate ordering o5 > o1. By Equation A.2, 015 > 0 is
one sufficient condition for that ordering. Nonnegative cross-period covariance within each
sequence is, in turn, sufficient for the two variance inequalities stated in the proposition.

Appendix 1.7 Formal coverage results for the two-step procedure

The two-step procedure. To test Hy : 6 = 0, we reject the null hypothesis when

18] > 2y [62/n, where z = z_ .

i fico if [8] < 21/62/n,
fn if 8] > zy/63/n.

The point estimator is:

The reported confidence interval is

fico = 2+/62,/(4n) if |6] < z\/63/n,
1 £ 2y/61/n if ]5\>zw/&g/n.

Cl=

Reduction to known variances. The estimators 6%, 63,512 based on the sample mo-
ments are consistent under Assumption 3, and therefore 62 and 62, are also consistent

by Equations (A.2)-(A.3). Both the selection event (whether |§| > z1/63/n) and the
reported endpoints for CI are continuous at the true values of the variances. Therefore,
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asymptotically, the two-step procedure is equivalent to the corresponding procedure with
the variance estimators replaced by the true variances.
We can therefore study the asymptotically equivalent procedure defined by

) fico i |8] < zayy/02/n, fieo = 2ar/02%,[(4n) i |0] < zayr/02/n,
0% = crr =
fi if |0] > zay4/03/n, fi1 & zan/0} /0 if |0] > za,1/02/n.

Standardization. Define

5 iy — 2y (fico —
Zs =V g Y m) o 2Vl =)

o5 o1 Oco

where

By Proposition 8, (Z5, Z1) LA N(0, Ry) with

1 2
6,1

(Zs, Zeo) 5 N(0, Ry) with

1 02 — g2
Ry = Poco) " where Poeo = ——T.
P6,co 1 Oco0§

Asymptotically, the carryover test fails to reject when |Zs + | < z4,; the pooled interval
covers p1 when |Ze, + beo| < 2qo; the post-only interval covers p; when |Z1] < z,.

The asymptotic coverage probability. Asymptotically, CI* covers u; when one of
these two disjoint events occurs: the test fails to reject and the pooled interval covers uq,
or the test rejects and the post-only interval covers p1. Therefore, the asymptotic coverage
probability is

ACP =Pr(|Zs + 1| < z, |Zco + beol < 2) +Pr(|Zs +1n| > 2z, |Z1] < 2).
Since Pr(|Z1| < z) = 1 — «, we can also write
ACP = (1 — a) + Tpool — 11, (A.14)
Tooot = Pr(|Zs + 1l < 2, |Zeo + beol < 2),  Ti =Pr(|Zs + 0| <2, |Z1] < 2). (A.15)

Lemma 1. Define R(p) = Pr(|X| < 2,|Y| < 2) for (X,Y) standard bivariate normal with
correlation p. Then R is even in p and strictly increasing in |p|, with R(0) = (1 — a)2.
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Proof. Let ®3(a,b; p) denote the cumulative distribution function of a standard bivariate
normal with correlation p. We can write

R(p) = ®2(z, 23 p) — P2(—2,2;p) — Pa(z, —2; p) + Po(—2, —2; p).

Therefore R(—p) = R(p) due to the symmetry of the bivariate normal distribution. When
p=0, X and Y are independent, so R(0) = Pr(|X| < z) - Pr(|[Y| < 2) = (1 — a)%

By Plackett’s formula 9,®2(a,b; p) = ¢2(a,b; p), where ¢a(a,b; p) is the probability
density function of a standard bivariate normal with correlation p:

1 a?® — 2pab + b?
¢2(a, b, p) = 76Xp <—p> .

2my/1 — p? 2(1 — p?)

Apparently ¢o(—a, —b; p) = ¢2(a, b; p), therefore we have

R,(p) = 2[¢2(Z,Z;p) - ¢2(zv —Z; :0)}

Since

6227 p) ! ( z ) b2z~ p) . ( & )
2,2;p) = ————=exp| —— |, z2,—2;p) = ————exp| —
2 P 2my/1 — p? L+p ? g 2my/1 — p? 1=p

we have R'(p) > 0 for p > 0. By symmetry, R'(p) < 0 for p < 0, and R is strictly increasing
in |p|. O

A reduced parameterization. We normalize 03 = 1 and write

2
g 012
7450_73, 95?7 (A16)
1 1
1+g r—1

so that 0§ = 14+7+2g, 02, = 14+7—2g, p51 = —

—————,and ps o = .
1+7r+2g Péyco VI +7+29)(1 47 —2g)
The asymptotic covariance matrix of (y/nfi1, v/nji2) has diagonal terms (0?,03) and
off-diagonal term —a2, so positive semidefiniteness requires 03, < 0?02, i.e.

9> <, (A.17)
with equality only in the degenerate case |Corr(fi1, fi2)| = 1.
The pooled estimator has smaller variance than the first half effect estimator when

1.2 2

ZUCO < 0'1

2 2 —
= o012 > 5(03 —307]) = g> "3,

Proposition 10 (With a zero carryover gap, undercoverage holds exactly when pooling is
efficient). Suppose § = 0 and the non-degenerate case with g*> < r. Then,
ACP < 1—a <= %030 <ol ACP =1-a <= iago = o2, ACP > 1-a <= %O’?O > ol
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Proof. At 6 = 0, 1 = beo = 0, 50 Tpool = R(psco) and Ty = R(ps;) in the notation of
Lemma 1. The lemma therefore gives

sign {ACP — (1 — o)} = sign {|ps.col — lps1|} = sign {93, — p3.} -
In the parameterization of Equation (A.16),

(r—1)° (49?2 (=12 -(1+7r—29)(1+g)?
T+r+29)(1+r—29) 1+r+29  (1+7r+29)(1+7—29)

2 2
p5,co — P51 = (
The denominator is positive, so the sign is that of the numerator, which factors:
(r=1)%=(1+r-29)(1+9)%=(2g+3—-7) (3> — 7).

Because g2 < r, the second factor is strictly negative, so the sign of pg I pg | is that of
—(2g+3—r). Finally 29+3—1r >0 < g > (r—3)/2 <= 302 < 0%, and likewise for
the other two cases. O

Remark 1. Proposition 10 says that when § = 0, the two-step confidence interval asymp-
totically undercovers if and only if the pooled estimator is strictly more efficient than the
post-only estimator. This means that the two-step procedure undercovers precisely when it
is worth running.

Remark 2. If § # 0, then asymptotically n — oo and b.,, — oo when § > 0, whereas
n — —oo and b, — —o0 when 6 < 0. This implies T},oo1 — 0 and 77— 0, and hence
ACP —1— .

We report the finite-sample behavior of Equation (A.14) in Appendix 2.3, both under

the procedure actually used by researchers (which uses ¢’s rather than o’s) and under
non-normal outcomes.

Appendix 1.8 Derivation of the sensitivity threshold

Under the hypothesis that the average carryover gap equals §*, the bias-adjusted estimator
is 7(0*) = fico — 0*/2. By Equation (A.1), a two-sided test of Hy : 7 = 0 using 7(6*) fails to
reject when

[LCO B 6*/2

. ‘ < 21_a/2, where S, = S€(fico)-
co

Writing 03,4 = 6*/fico and teo = fico/Sco, this condition becomes

221 a2 221 a2
|tco’ ’ |t€0’
For an originally significant pooled estimate (|tc,| > 21_q/2), the lower endpoint of this

interval is the standardized minimum carryover gap required to overturn significance,
Orinstd = 2(1 = 21-a/2/|teo|), reported in Section 5.

| %
2

’tco‘ S Zlfa/Zv i.e. 6:td e |2 —
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Appendix 2 Simulations

Appendix 2.1 Finite-sample corrections used in Table 2

All standard errors in Table 2 are unit-clustered sandwich estimators, except Design-based,
which is the raw, unadjusted CRO formula of Appendix 1.4 and Appendix 1.5 with no
finite-sample correction. Writing n = ny +ns for the number of unit clusters and Ny for the
number of rows in the fitted regression: (0) Paired t-test uses the classical paired-difference

correction, CRO x/n/(n —1).

(1)—(4) use Stata’s default cluster-robust (CR1S) correction, CRO x/(n/(n — 1)) - (Nobs —

with p = 2 for (1)—(2) and p = 4 for (3)—(4), the number of columns in the two design matri-
ces of Appendix 1.4 and Appendix 1.5 respectively (p here is unrelated to the k = 1/n1+1/n2
of Appendix 1.5), while Nyps = 2n in all four (both periods pooled).

(5) uses the same CRI1S correction with p = 2, but No,s = n (period-1 only), so
each cluster contains a single observation. Appendix 1.5 shows the period-interacted
specification’s CRO estimator equals the design-based CRO exactly for any ni,no, so
applying its CR1S factor reproduces the printed clustered SE to floating-point precision, i.e.
the “exact” entries in rows (3)—(4).

Appendix 2.2 Simulation of regression specifications

This simulation evaluates the specifications of Section 3 against a known truth. Data follow
the saturated model in Equation (1), for n = 800 units split between the two sequences:

Yit(dh dg) =T + dyT; + (t — 1)(51"031.

The unit treatment effect is 7; ~ A(0.50, 0.40%), matching the true effect used throughout
the paper’s worked examples. The carryover effects ;¢ and d; 1 are drawn independently
across units and sequences from A(-,0.20%): both have mean 0 except when a carryover
gap is present, in which case E[0; o] = 0.30 while E[d; 1] remains 0. The baseline outcome
is miy = a; +7l(t = 2) + ei, where a; ~ N(0,0.90%) is a unit-level random intercept
shared by both periods, inducing the positive within-unit correlation discussed in Section 2.
it ~ N(0,0.70%) is independent idiosyncratic noise drawn separately for each period, and
v2 = 0.40 when a period effect is present and 0 otherwise.

The simulation crosses three such factors: whether the average carryover gap is present,
whether allocation is equal (n; = ng = 400) or 2:1 (n; = 534, ny = 266), and whether the
common period effect is present, for 2 x 2 x 2 = 8 cells at 5,000 replications each. Each cell
reports bias for the average treatment effect, the ratio of the mean reported standard error
to the true sampling standard deviation, and coverage of the nominal 95% interval.

We have two core findings. First, the interacted specification with unit-clustered standard
errors reproduces the design-based estimator and its standard error ezactly in every cell,
as Appendix 1.5 proves. Table A.1 restricts to the four cells without a carryover gap, and
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reports point estimates and standard errors for all six specifications against the design-based
benchmark. The treatment-only specification does not recover the design-based estimator:
under equal allocation with no period effect the two coincide, but with 2:1 allocation and a
period effect, the treatment-only specification carries a bias of —0.13 against a true effect
of 0.50. The period-interacted specification is unaffected because a common period effect is
included in the model.

The consequence for inference is the incorrect coverage. Table A.2 reports bias and
coverage of the nominal 95% interval across all eight cells, including the carryover-gap
cells, where pooling is biased for every specification alike due to an identification failure.
Coverage for the treatment-only specification falls to 7.7% in the 2:1-allocation, period-effect,
no-carryover-gap cell, the same cell behind the bias figure above, while design-based and
the period-interacted specification coverage track each other throughout.

Second, OLS and random effects give numerically identical point estimates and identical
unit-clustered CRO standard errors, to machine precision, in every cell and in both parame-
terizations. Where they differ is the unclustered, model-based standard error that panel
software reports by default. When no cluster-robust option is requested, OLS’s default
assumes i.i.d. errors, while random effects’ default is built from the within-unit correlation
62 it estimates, so the two rest on different variance formulas even though they share the
same point estimate. The choice that matters is therefore the parameterization and the
clustering, not OLS versus random effects.

Appendix 2.3 Simulations of two-step undercoverage and replication of
Freeman

This appendix evaluates the asymptotic coverage formula of Equations (A.14)—(A.15)
(Proposition 10) numerically, along five dimensions. We first validate it against Freeman
(1989)’s published special case, then trace the coverage curve’s shape away from § = 0
and calibrate it to reductions recovered from the literature review (Appendix 3). The
remaining two checks address the gap between the asymptotic derivation and applied
practice: variances estimated from data rather than known, and outcomes that are not
normally distributed.

External validation against Freeman (1989). Freeman derives the coverage of the
two-step interval in an additive normal model with a patient random effect, a common error
variance, equal sequence sizes, and a baseline measurement, and evaluates it at a; = 0.10
and a = 0.05. That model class is exactly the r = 1 slice of the present framework
(Equation (A.16)), with his within-patient intraclass correlation equal to our g. Evaluating
Equation A.14 on that slice reproduces every value he reports.

Behavior away from § = 0. Figure A.1 plots Equation A.14 against n = /nd/os.
Coverage falls from its value at § = 0 to a minimum and then returns to nominal as the
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ATE ATE/design SE  SE/design

Panel A: equal allocation (nq1 = ng = 400)

No period effect
Design-based 0.499 exact 0.038 exact
Paired t-test 0.499 0.00% 0.038  +0.13%
Treatment-only OLS 0.499 0.00% 0.038  +0.06%
Treatment-only RE ~ 0.499 0.00% 0.038  +0.06%

Interacted OLS 0.499 exact 0.038 exact

Interacted RE 0.499 exact 0.038 exact
Period effect

Design-based 0.500 exact 0.038 exact

Paired t-test 0.500 0.00% 0.041  +6.72%

Treatment-only OLS  0.500 0.00% 0.041  +6.65%
Treatment-only RE  0.500 0.00% 0.041  +6.65%
Interacted OLS 0.500 exact 0.038 exact
Interacted RE 0.500 exact 0.038 exact

Panel B: 2:1 allocation (n1 = 534, ny = 266)

No period effect
Design-based 0.500 exact 0.041 exact
Paired t-test 0.500 -0.06% 0.038 -5.64%
Treatment-only OLS  0.500 -0.06% 0.038 -5.69%
Treatment-only RE  0.500 -0.06% 0.038 -5.69%

Interacted OLS 0.500 exact 0.041 exact

Interacted RE 0.500 exact 0.041 exact
Period effect

Design-based 0.501 exact 0.041 exact

Paired t-test 0.367 -26.76% 0.041  -0.14%

Treatment-only OLS 0.367 -26.76% 0.041 -0.20%
Treatment-only RE ~ 0.367 -26.76% 0.041  -0.20%
Interacted OLS 0.501 exact 0.041 exact
Interacted RE 0.501 exact 0.041 exact

Notes: No between-sequence average carryover gap in any cell (§ = 0); true treatment effect 7 = 0.50; 5,000
replications per cell. ATE and SE are averaged across replications: ATE is the mean point estimate and SE
is the mean reported standard error. ATE/design and SE/design are the percentage difference from the
design-based point estimate and standard error in the same cell. Ezact denotes equality to machine
precision, as Appendix 1.5 proves for the interacted specifications.

Table A.1: Recovery of the Design-based Estimator, No Carryover Gap, Averaged Across
5,000 Iterations
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Design-based Interacted Treatment-only

Allocation  Carryover Gap  Period Effect Bias Coverage Bias Coverage Bias Coverage

Equal No No —0.001 95.0% —0.001 95.0% —0.001 95.0%
Equal No Yes 0.000 95.2% 0.000 95.2% 0.000 96.4%
Equal Yes No —0.151 2.3% —0.151 2.3% —0.151 2.4%
Equal Yes Yes —0.150 2.5% —0.150 2.5% —0.150 4.2%
2:1 No No 0.000 94.9% 0.000 94.9% 0.000 94.7%
2:1 No Yes 0.001 94.6% 0.001 94.6% —0.133 7.7%
2:1 Yes No —0.150 4.0% —0.150 4.0% —0.200 0.0%
2:1 Yes Yes —0.150 4.4% —0.150 4.4% —0.334 0.0%

Notes: True treatment effect 7 = 0.50; 5,000 replications per cell. Bias is the mean point estimate across
replications minus 7. Coverage is the fraction of the 5,000 replications in each cell whose nominal 95%
interval contained 7. Carryover Gap indicates a nonzero between-sequence average carryover gap (6 # 0);
Period Effect indicates a common period shift.

Table A.2: Bias and Coverage of the Design-based, Interacted, and Treatment-only Specifi-
cations, All Eight Cells

Table A.3: Reproduction of Freeman’s (1989) published values from Equation A.14. His A
is our —94.

Freeman’s (1989) quantity Freeman (1989) This paper Our (r,g,7)
Coverage at A = 0, with baseline 0.917 0.9180 (1, %, 0)
Minimum coverage, with baseline 0.56 0.5629 (1, 3, 1.53)
Actual level at A = 0, no baseline 0.085 0.0848 (1, 0.6, 0)
Maximum actual level, no baseline  “just over 0.50” 0.5026 (1, 0.6, 1.42)

Notes: n=+/nd/os is the standardized carryover gap used in the rightmost column.

preliminary test gains power, per Remark 2. The larger g, and hence the larger the efficiency
gain that motivates pooling, the deeper the trough and the smaller the carryover gap at
which it occurs.

Calibrations from the literature review. We apply the same coverage formula,
Equations (A.14) and (A.15), to all 30 reductions recovered from the literature review with
complete variance components. Of these, 27 are Group 1 + Group 2 rows drawn from
seven papers (Appendix 3) and are used to characterize the empirically relevant region.
The remaining 3 are retained in Table A.6, but not included due to smaller observation
numbers (e.g. n < 20 in paper 10). Figure A.2 plots the 27 primary curves on a common
standardized carryover axis: at § = 0 their coverage ranges from 0.920 to 0.936, and over
|n| < 4 their minimum coverage ranges from 0.303 to 0.722, with a median minimum of
0.628. The two-step undercoverage seen in the CSP and JOT calibrations is therefore not
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g (at r=1) Coverage at 6 =0 Minimum coverage at |7

0.0
0.3
0.5
0.8

0.9356
0.9302
0.9259
0.9173

0.7250  1.97
0.5868  1.80
0.4678  1.62
0.2373  1.17

Notes: The rightmost column reports the value of || at which each
row’s minimum coverage is attained.

Table A.4: Coverage of the nominal 95% two-step interval at equal period variances.

Coverage of the two-step 95% interval

0 1

nominal 0.95

3 4

Standardised carryover gap m =+nd/oy

Figure A.1: Coverage of the nominal 95% two-step interval as a function of the standardized
carryover gap, at equal period variances, with the calibration to Study 1 of Clifford, Sheagley,
and Piston (2021) shown as a dashed line. Points mark each curve’s minimum. The diamond
marks Study 1’s own realized (plug-in) standardized carryover gap, |t5|, shown distinctly
from each curve’s synthetic worst-case minimum.

peculiar to either application, but widly exists.

Estimated rather than known variances.
quantities og, 01, 0; researchers substitute sample estimates. Figure A.3 evaluates the
consequence by Monte Carlo at r =1, g = 0.6, with 400,000 replications at each of n = 100
and n = 500. Substituting estimated variances — the plug-in rule researchers actually use —
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Coverage of nominal 95% two-step interval
=
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L

0 1 2 3 4
Absolute standardized carryover gap m=+nidl/ oy

Figure A.2: Coverage of the nominal 95% two-step interval for the 27 Group 1 + Group 2
outcome-level reductions recovered from seven papers in the literature review. Each thin
curve is one reduction, the shaded band is their pointwise range, and the heavy curve is
their pointwise median. The 3 excluded reductions reported in Table A.6 are not used to
characterize the empirical coverage region.
A point on each curve marks that reduction’s own realized standardized carryover gap,
7] = || /se(d), the empirical plug-in analog of || evaluated from its estimated rather than
population variance components.

moves coverage only slightly: at § = 0 it falls below the oracle curve, where the population
variance is used, by 0.007 at n = 100 and 0.0015 at n = 500. The lower panel of Figure A.3
plots the plug-in rule’s own gap to the analytic curve at each n: the discrepancy stays small,
within £0.011 at n = 100 and £0.003 at n = 500, across the full range of 7.

Non-normal outcomes. Nothing in the derivation assumes a distributional form for the
outcome. We only need the estimators to obey a central limit theorem.

We simulate three outcome families of very different shape: normal, a three-point ordinal
scale calibrated to the category shares of Clifford, Sheagley, and Piston’s (2021) welfare
item, and t with three degrees of freedom, each evaluated against the analytic curve at its
own (r,g). All three reproduce the same U-shaped coverage curve the formula predicts.
Figures A.4—A.6 show, for each family, both the simulated coverage using estimated variances
and the analytic prediction.
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0.3+

0 1 2 3 4
Standardised carryover gap n

Figure A.3: Top: coverage of the two-step interval computed with estimated variances, at
r =1, g = 0.6, against the asymptotic prediction (dashed line), for n = 100 and n = 500.
Bottom: the plug-in minus analytic coverage gap at each 7, on the same z-axis, showing
directly how small the discrepancy is (within about +£0.011 at n = 100 and +0.003 at
n = 500). 400,000 replications per point.

Appendix 3 Parameters recovered from the literature review

The sensitivity-analysis review covers 33 published papers that cite Clifford, Sheagley, and
Piston (2021) and that Jordan, Ollerenshaw, and Trexler (2026) classify as adopting a
within-subject design. The purpose is to locate empirical numbers usable for this paper’s
within-subject sensitivity analysis. Table A.5 records one headline row for every paper,
including designs, and reasons for which the strict two-sequence estimands are not identified.
We categorize the 33 papers into 4 groups.

Group 1 contains exact two-period crossover designs, in which respondents are ran-
domized to treatment—control (1,0) or control-treatment (0,1) and the same outcome is
measured after each period. In addition, designs with additional intervening items from
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Normal

=500

Coverage at n

= Analytic prediction

0.4+
O  Plug-in simulation

0 1 2 3 4
Standardised carryover gap n

Figure A.4: Simulated coverage (plug-in simulation, points) against the analytic prediction

(line) at n = 500, for a normal outcome. The largest discrepancy over the full range of 7 is
0.002.

Three-point scale

=500

Coverage at n

0.5

=== Analytic prediction

0.4+
O Plug-in simulation

0 i 2 3 4
Standardised carryover gap n

Figure A.5: Simulated coverage against the analytic prediction at n = 500, for a three-point
ordinal outcome calibrated to the category shares of Clifford, Sheagley, and Piston’s (2021)
welfare item. The largest discrepancy is 0.003.

which two observations satisfying this structure can be isolated are also included here.
Group 2 contains multiperiod or multicondition designs that we reduce via pairwise
comparisons. We pair the first period with each later period. A pair contributes only when
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=500

Coverage at n

= Analytic prediction

0.4+
O Plug-in simulation

0 1 2 3 4
Standardised carryover gap n

Figure A.6: Simulated coverage against the analytic prediction at n = 500, for an outcome
distributed ¢ with three degrees of freedom. The largest discrepancy is 0.034, the worst of
the three families tested.

both treatment sequences are present, i.e. some respondents received treatment in Period 1
and control in the later period (sequence (1,0)) while others received the reverse (sequence
(0,1)), so we can form the same two-sequence contrast used throughout the paper. We
average with equal weight over all such pairs. We call these reductions history-marginal
because a respondent’s outcome in the later period is averaged over whatever treatments
they received in between.

Group 3 contains within-subject designs whose Period 1 exposure is fixed across re-
spondents. Everyone receives the same (or no) stimulus in Period 1, and only in Period 2
are they assigned to different treatment conditions. Group 3, further elaborated later, is
not subject to the differential-carryover concern that motivates our analysis, since every
respondent shares the same Period 1 exposure; it remains a within-subject design, but it
lacks the two-sequence structure that our analysis addresses.

Group 4 contains the remaining non-reducible or unresolved designs. These fall into
three kinds: (a) designs that would otherwise support a Group 1 or Group 2 reduction but
lack the replication data needed for it, most often a covariate recording the order in which
treatments were assigned; (b) a single paper whose pairwise reduction executes mechanically
but whose paired items are answered in one sitting rather than at two temporally separated
occasions, so they cannot support a two-sequence estimate despite the data being available;
and (c) a small number of papers that Jordan, Ollerenshaw, and Trexler (2026)’s own table
misclassifies as within-subject, which are simply out of scope for this review rather than
non-reducible on structural terms.

Table A.5 identifies which of the four specific group it belongs to, with further reasons

51



defined in the table’s own notes. Separately, a dash anywhere in the N, t,¢p, tco, O 5
columns means that quantity could not be recovered for that paper’s headline row.

The three t-columns serve different purposes: t,, is the t-statistic for the paper’s
headline result as originally reported, whatever estimand that paper used, while ., and
ts are the t-statistics this paper computes under its own two-sequence framework, for the
pooled estimator fi., and the carryover gap B respectively. The distinction matters because
a paper’s headline result can be reproducible (t,¢, recovers the original finding) even when
its design does not identify the two-sequence quantities our formal analysis requires, in
which case t., and ts are entered as dashes.

Table A.5 reports one headline row per paper, chosen before inspecting any harmonized
estimate: the result the paper or designates primary. Absent that, the first main-text
confirmatory result tied to the within-subject design. For papers with multiple experiments,
the author-declared main experiment, else the first main-text confirmatory experiment.

Table A.6 then reports every study-outcome for which the sequence sizes and all three
variance components are recoverable. There are 30 such reductions. For each, it records the
pooled and carryover test statistics, a%, 05, 012, and their normalized versions r = a% / a%
and g = 012/0?. The “Included” column identifies the 27 Group 1 + Group 2 rows used as
circles in Figure A.7. Of the remaining 3 rows, all have fewer than twenty observations in
at least one sequence (paper 10). Their parameters are retained for transparency but are
shown as crosses in Figure A.7 rather than used to characterize the empirically relevant
region.
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Table A.5: Paper-level audit of recovered quantities.

ID Author (Year) Paper Design class N trep  teo ts Source
02 Annaka and Kato Can a constitutional monarch in- 3: fixed Period 1 exposure 755 -3.37 - — reconstructed from replication
(2022) fluence democratic preferences? data
Japanese emperor and the regu-
lation of public expression
04 Carnahan and Correcting the Misinformed: The 1: exact/reducible 348 5.40 4.70 0.11 reconstructed from replication
Bergan (2022) Effectiveness of Fact-checking data
Messages in Changing False Be-
liefs
07 Kachanoff, Kteily, Equating silence with violence: 4: Group 1 shape, no data 428 16.89 - — copied from text/pdf/table
and Gray (2022) When White Americans feel
threatened by anti-racist mes-
sages
08 Tappin (2023) Estimating the between-issue 2: multiperiod pairwise 1240 — — — copied from text/pdf/table
variation in party elite cue effects
09 Vaughn, Peyton, Mass support for proposals to re- 1: exact/reducible 1107 -0.33 -0.27 -1.75 reconstructed from replication
and Huber (2022) shape policing depends on the im- data
plications for crime and safety
10 Ozer and Wright Partisan news versus party cues: 2: multiperiod pairwise 797 - - — copied from text/pdf/table
(2022) The effect of cross-cutting party
and partisan network cues on po-
larization and persuasion
13 Reeves and Ro- Unilateral Inaction: Congres- 4: Group 2 shape, no data - -7.00 — — copied from text/pdf/table
gowski (2022) sional Gridlock, Interbranch Con-
flict, and Public Evaluations of
Executive Power
15 Endres et A randomized experiment eval- 3: fixed Period 1 exposure - 3.9 - — copied from replication data
al. (2023) uating survey mode effects for
video interviewing
16 Van Trappen Biased expectations? An experi- 1: exact/reducible 597 — -8.48 -0.68 reconstructed from replication
(2023) mental test of which party selec- data

tors are more likely to stereotype
ethnic minority aspirants as less
favorable than ethnic majority as-
pirants

Continued on next page
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Table A.5 (continued)

ID Author (Year) Paper Design class N  trep teo ts Source
20 Findor et Equality, Reciprocity, or Need? 4: Group 2 shape, no data 113 3.60 - — copied from text/pdf/table
al. (2023) Bolstering Welfare Policy Sup-
port for Marginalized Groups
with Distributive Fairness
22 Velez, Porter, and Latino-Targeted Misinformation 2: multiperiod pairwise 2768 11.07 - — reconstructed from replication
Wood (2023) and the Power of Factual Correc- data
tions
25 Armaly and Lane Politicized Battles: How Vacan- 3: fixed Period 1 exposure 603 - - — no available  replication
(2023) cies and Partisanship Influence data, and not reported in
Support for the Supreme Court text/pdf/table
27 Fortunato, Mec- Public Support for Professional 3: fixed Period 1 exposure 998 4.39 — — reconstructed from replication
Crain, and Schiff Legislatures data
(2023)
32 Ozer (2023) Women Experts and Gender Bias 4: Group 2 shape, no data 525 - - — reconstructed from replication
in Political Media data
33 Yoon (2026) Anger expressions and coercive 3: fixed Period 1 exposure - 10.90 - — reconstructed from replication
credibility in international crises data
37 Demarest, Jost, Bureaucracy and Cyber Coercion 3: fixed Period 1 exposure - - - — copied from text/pdf/table
and Schub (2024)
38 Briggs and Changes in Perceptions of Border 4: Group 1 shape, no data 851 3.88 — — copied from text/pdf/table
Solodoch (2024)  Security Influence Desired Levels
of Immigration
47 Halling and Pe- Frontline employees’ responses to 2: multiperiod pairwise - 9.23 - — reconstructed from replication
tersen (2024) citizens’ communication of ad- data
ministrative burdens
49 Loon, Goldberg, Imagined otherness fuels blatant 3: fixed Period 1 exposure - 219 - — reconstructed from replication
and Srivastava dehumanization of outgroups data
(2024)
50 Clifford and Simas Moral Rhetoric, Extreme Posi- 2: multiperiod pairwise — — — — copied from text/pdf/table
(2024) tions, and Perceptions of Candi-
date Sincerity
53 Stedtnitz, Public Reactions to Communica- 3: fixed Period 1 exposure - 2.84 - — reconstructed from replication
Szewach, and tion of Uncertainty: How Long- data

Johns (2024)

Term Benefits Can Outweigh
Short-Term Costs

Continued on next page
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Table A.5 (continued)

ID Author (Year) Paper Design class N  trep teo ts Source
54 Kotcher et Role model stories can increase 3: fixed Period 1 exposure 39 - - — copied from text/pdf/table
al. (2024) health professionals’ interest and
perceived responsibility to engage
in climate and sustainability ac-
tions
55 Nam and Sawyer Scientific supremacy: How do ge- 3: fixed Period 1 exposure - 251 - — reconstructed from replication
(2024) netic narratives relate to racism? data
56 Alcocer et Supplemental online resources 4: Single-occasion, multi- - 2.77 — — copied from text/pdf/table
al. (2024) improve data literacy education: item design
Evidence from a social science
methods course
59 SoRelle and The policy acknowledgement gap: 4: JOT misclassification — - - — no available  replication
Shanks (2024) Explaining (mis)perceptions of data, and not reported in
government social program use text/pdf/table
61 Hanniman et When partisanship and techno- 3: fixed Period 1 exposure - 1.73 - — copied from text/pdf/table
al. (2025) cratic credibility collide: mass at-
titudes and central bank endorse-
ments of fiscal policy in Canada
and the USA
62 Keim et al. (2025) Active Student Responding and 4: Group 2 shape, no data 100 - - — no available  replication
Student Perceptions: A Replica- data, and not reported in
tion and Extension text/pdf/table
64 Schmidt, Breaking the rules, but for 4: Group 2 shape, no data - 3.53 — — copied from text/pdf/table
Bernards, and whom? How client characteris-
Pas (2025) tics affect frontline professionals’
prosocial rule-breaking behavior
70 O’Brochta and Language Cues and Perceptions 4: JOT misclassification - 548 - — reconstructed from replication
Cunha Silva of Nationalism data
(2025)
73 Aydin-Cakir and On motives and means: how ap- 3: fixed Period 1 exposure 1014 - - — copied from text/pdf/table
Driscoll (2025) proach and justification for court-
curbing impact public trust
78 Argyle et Testing theories of political per- 3: fixed Period 1 exposure - 3.9 - — reconstructed from replication
al. (2025) suasion using Al data

Continued on next page
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Table A.5 (continued)

ID Author (Year) Paper Design class N  trep teo ts Source
81 Levin and Mus- To What End? Policy Objectives 4: JOT misclassification - 247 - — copied from replication data
grave (2025) and US Public Support for Polit-
ical Warfare
82 Haenschen, Albert- Tweet no harm: Offer solutions 3: fixed Period 1 exposure 1085 -2.80 - — copied from text/pdf/table
son, and Jarvis when alerting the public to voter
(2025) suppression efforts

Notes: The first line of the design-class column gives the four-group manuscript classification. For Group 4, the second line records one of four
reasons: “Group 1 shape, no data” — a two-condition, randomized-order design (Group 1’s pattern) whose presentation-order or replication data is
unavailable; “Group 2 shape, no data” — a multiperiod or multicondition design (Group 2’s pattern) blocked the same way; “JOT misclassification” —
Jordan, Ollerenshaw, and Trexler’s (2026) own source table lists the paper as within-subject, but it is not, on any contrast relevant to this review, and
it is therefore out of scope rather than non-reducible on structural terms; or “Single-occasion, multi-item design” — a pairwise reduction executes
mechanically (both treatment orders exist across items), but the paired items are answered in one sitting with treatment fixed in advance, so there are
no two temporally separated measurement occasions for a two-sequence estimate to describe. A paper’s row can show dashes throughout even though
a different study-outcome from the same paper contributes real recovered numbers to Table A.6: the headline row shown here is fixed by the paper’s
selection rule before checking what is recoverable, precisely so recoverability cannot influence which row is chosen as headline, and every other eligible
outcome for that paper is retained in the underlying detail table regardless. Papers 47 and 50 illustrate this pattern.

Table A.6: Recovered quantities by study-outcome.

Row  Study and outcome N n1 no  teo ts fico 5 |3/ﬂco| a'% o3 o192 r g Included

04.002 Wave 1/Wave 2 respondents forming a genuine within-unit fact- 336 163 173 0.48 0.65 0.006 0.024 4.157 0.188 0.130 0.066 0.690 0.350  Yes
check-status crossover (D1 != D2); Right belief x certainty, very
certain (0-1)

04003 Wave 1/Wave 2 respondents forming a genuine within-unit fact- 336 163 173 1.21 0.93 0.019 0.050 2.594 0.352 0.303 0.158 0.860 0.449  Yes
check-status crossover (D1 != D2); Right belief x certainty, very
or moderately certain (0-1)

04.004 Wave 1/Wave 2 respondents forming a genuine within-unit fact- 348 168 180 4.70 0.11 0.036 0.004 0.100 0.121 0.111 0.075 0.918 0.620 Yes
check-status crossover (D1 != D2); Belief accuracy scale, full scale
(0-1)

08.007 Original experiment; author’s question-order rank 1 versus 2; 621 297 324 4.84 -2.08 0.081 -0.087 1.070 0.448 0.436 0.095 0.974 0.213 Yes
Policy opinion recoded 0-1 toward in-party cue

08_008 Original experiment; author’s question-order rank 1 versus 3; 612 318 294 3.83 -1.31 0.068 -0.054 0.793 0.447 0.449 0.066 1.005 0.147  Yes
Policy opinion recoded 0-1 toward in-party cue

08.009 Original experiment; author’s question-order rank 1 versus 4; 635 301 334 6.74 0.80 0.114 0.032 0.279 0.423 0.438 0.069 1.035 0.162 Yes
Policy opinion recoded 0-1 toward in-party cue

Continued on next page
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Table A.6 (continued)

Row  Study and outcome N ni ng2 teo ts [ico 5 |(§/[Lco| of a% 012 T g Included

08.010 Original experiment; author’s question-order rank 1 versus 5; 570 274 296 5.71 -0.08 0.108 -0.003 0.032 0.429 0.452 0.032 1.052 0.075  Yes
Policy opinion recoded 0-1 toward in-party cue

08_011 Original experiment; author’s question-order rank 1 versus 6; 424 207 217 4.50 -1.58 0.092 -0.078 0.847 0.440 0.431 0.081 0.980 0.184  Yes
Policy opinion recoded 0-1 toward in-party cue

08.012 Original experiment; author’s question-order rank 1 versus 7; 236 119 117 2.82 -1.49 0.085 -0.093 1.096 0.410 0.471 0.015 1.148 0.037  Yes
Policy opinion recoded 0-1 toward in-party cue

08.013 Original experiment; author’s question-order rank 1 versus 8; 45 25 20 -0.64 -1.25 -0.037 -0.193 5.273 0.356 0.431 0.117 1.211 0.329 Yes
Policy opinion recoded 0-1 toward in-party cue

09.014 October 2020 Lucid sample; first Table 1 comparison; Support for 1107 539 568 -0.27 -1.75 -0.007 -0.231 32.043 5.577 5.572 4.036 0.999 0.724  Yes
police abolition (1-5)

10016 Main experiment; post 1 versus post 2; Perceived pundit bias 12 9 3 -0.95 -0.82 -0.022 -0.311 14.000 0.367 0.337 0.342 0.918 0.930 No
(0-1)

10.017 Main experiment; post 1 versus post 3; Perceived pundit bias 16 6 10 -2.77 0.88 -0.153 0.133 0.870 0.144 0.093 0.036 0.647 0.248 No
(0-1)

10_018 Main experiment; post 1 versus post 4; Perceived pundit bias 32 17 15 -2.28 0.10 -0.085 0.014 0.167 0.179 0.172 0.094 0.963 0.528 No
(0-1)

16021 Flemish local party chairs; paired aspirant evaluations; Perceived 597 303 294 1.79 -1.16 0.074 -0.137 1.844 3.468 2.792 1.066 0.805 0.307  Yes
competence (1-7)

16022 Flemish local party chairs; paired aspirant evaluations; Perceived 597 303 294 2.04 -0.06 0.066 -0.008 0.118 2.887 2.651 1.513 0.918 0.524  Yes
trustworthiness (1-7)

16.023 Flemish local party chairs; paired aspirant evaluations; Perceived 597 303 294 -8.48 -0.68 -0.427 -0.085 0.198 3.588 4.036 0.791 1.125 0.221 Yes
ideological position (1-7)

22_026 Pooled trials; chronological trial-order rank 1 versus 2; Factual- 1011 507 504 7.22 -0.29 0.257 -0.033 0.128 4.549 4.311 1.873 0.948 0.412 Yes
belief accuracy (1-4)

22_027 Pooled trials; chronological trial-order rank 1 versus 3; Factual- 389 203 186 4.14 -0.71 0.237 -0.128 0.540 4.505 4.379 1.906 0.972 0.423  Yes
belief accuracy (1-4)

47.035 caseworker vignettes; presentation 1 versus 2; Willingness to 529 258 271 5.13 0.62 0.868 0.245 0.282 36.695 34.429 5.370 0.938 0.146 Yes
reduce burdens (0-10)

47_036 caseworker vignettes; presentation 1 versus 3; Willingness to 515 248 267 5.63 0.49 0.966 0.191 0.198 34.321 34.322 4.182 1.000 0.122 Yes
reduce burdens (0-10)

50.039 Study 1; issue 1 versus issue 2; Sincerity index 96 49 47 -0.82 -0.22 -0.029 -0.023 0.803 0.348 0.396 0.138 1.136 0.396 Yes

50.040 Study 1; issue 1 versus issue 3; Sincerity index 113 59 54 1.29 0.15 0.048 0.015 0.313 0.416 0.456 0.123 1.097 0.295 Yes

50.041 Study 1; issue 1 versus issue 4; Sincerity index 97 48 49 -0.44 0.72 -0.017 0.079 4.799 0.390 0.446 0.156 1.143 0.400  Yes

50-042 Study 1; issue 1 versus issue 5; Sincerity index 96 48 48 -0.13 -2.28 -0.004 -0.251 57.421 0.401 0.390 0.171 0.974 0.427  Yes

50.043 Study 1; issue 1 versus issue 6; Sincerity index 96 48 48 0.85 0.73 0.042 0.076 1.799 0.499 0.463 0.022 0.928 0.044  Yes

50.044 Study 1; issue 1 versus issue 7; Sincerity index 100 50 50 -1.04 0.41 -0.045 0.038 0.827 0.420 0.363 0.017 0.864 0.042 Yes

50.045 Study 1; issue 1 versus issue 8; Sincerity index 103 53 50 0.88 0.63 0.039 0.055 1.425 0.431 0.351 -0.002 0.813 -0.005 Yes

50.046 Study 1; issue 1 versus issue 9; Sincerity index 114 57 57 1.10 1.14 0.043 0.111 2.570 0.431 0.442 0.093 1.026 0.215 Yes

50.047 Study 1; issue 1 versus issue 10; Sincerity index 93 46 47 -0.08 0.61 -0.003 0.061 17.639 0.397 0.439 0.034 1.107 0.085 Yes

Continued on next page
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g Included

Table A.6 (continued)
N ni ne teo ts Lico 8 |(§/[Lco| 0'% a’% o012 r

Row  Study and outcome

Notes: t., and ts are the t-statistics for the pooled estimate fic, and the carryover gap 5, respectively; \5/ﬂco| is the absolute carryover-to-effect ratio;
r = 03 /07 is the period-variance ratio and g = o12/07 is the standardized cross-period covariance (Section 4). Included indicates whether the row is
one of the 27 Group 1 + Group 2 study-outcomes used in Figure A.7 (Appendix 3); the other 3 rows are excluded because a sequence has fewer than

20 observations (paper 10).
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Figure A.7: Coverage of the nominal 95% two-step interval at 6 = 0, minus nominal, over
the feasible region. The heavy line is the efficiency boundary }Lago = 0?; the thin curves are
the feasibility envelope g = +4/7. Circles are the 27 Group 1 + Group 2 study-outcomes;
crosses are the 3 excluded reductions retained for transparency.

Location in the undercoverage parameter space. Figure A.7 evaluates the coverage
deficit at 6 = 0, from Equations (A.14) and (A.15), minus nominal, on a 241 x 241 grid of
r € [0.05,6.00] and g € [—2.50,2.50]; restricting to the feasible region g < r leaves 38,049
grid points. The color passes through neutral exactly on the boundary g = (r — 3)/2 from
Proposition 10, and its sign agrees with the proposition at every one of these feasible points.
Every over-coverage cell has r > 1, and every over-coverage cell with o192 > 0 has r > 3.

The 27 Group 1 + Group 2 study-outcomes come from seven papers and have r €
[0.69,1.21] and g € [—0.005,0.724] (nonnegative in 26 of 27). All lie in the undercoverage
region, and their coverage at 6 = 0 ranges from 0.920 to 0.936 against a nominal 0.95.
Empirically, then, we also find that r is close to one, and the slice on which Freeman (1989)
worked is the empirically relevant one. For comparison, Section 4’s covariance-plausibility
claim draws on the full 30 recoverable study-outcomes, for which g ranges more widely,
-0.005 to 0.930 (nonnegative in 29 of 30). The wider range reflects the 3 rows excluded
from the Included column of Table A.6, whose small samples make them noisier evidence of
same-construct correlation than the Group 1 4+ Group 2 subset, even though the broader
set still supports the same directional conclusion.
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Appendix 3.1 From the literature review to Table 4

Table A.6 and Table 4 report overlapping but distinct subsets of the literature review,
because they answer different questions rather than one being a further-filtered version
of the other. Of the 33 reviewed papers, only 8 have the two-sequence structure needed
to compute 6 and its variance components at all. Since some of these 8 measured several
outcomes or paired several periods, they together yield the 30 study-outcomes in Table A.6.
That table reports all 30 because its purpose is to characterize how correlated repeated
measurements typically are (Section 4), a question that does not require the paper’s own
pooled estimate to have been significant. Table 4 instead asks a narrower question: whether
a plausible carryover gap could overturn an originally significant result, which is only
meaningful for results that were significant to begin with. Restricting the 30 to those with
|teo| > 2975 leaves 15; we then add 10 further comparisons reconstructed independently
from exact two-sequence crossovers in Clifford, Sheagley, and Piston (2021)’s Study 1 and
Jordan, Ollerenshaw, and Trexler (2026)’s Studies 4-6, chosen because their design and
data leave no ambiguity about the two sequences. The precise chain is as follows.

Section 5’s calibration draws on the same 30 study-outcomes in Table A.6, filtered
independently of that table’s Included column: it retains rows whose pooled estimate
is itself significant, |teo| > z.975. This yields 15 significant comparisons from 6 of the 8
papers represented in Table A.6 (paper IDs 04, 08, 10, 16, 22, and 47 in Table A.5). The
remaining two papers (09 and 50) contribute no significant row. We supplement these
15 with 10 comparisons reconstructed independently from Clifford, Sheagley, and Piston
(2021)’s Study 1 and Jordan, Ollerenshaw, and Trexler (2026)’s Studies 4-6 across their
AmeriSpeak, Prolific, and Lucid samples, exact two-sequence crossovers external to the
33-paper citation review rather than additional papers from it. All 10 are significant.
Table 4 reports the resulting 25 comparisons across 8 papers, equal-weighted within paper.
One paper contributes two significant outcomes for the same treatment-by-period pair,
giving 24 distinct pairs.

Appendix 3.2 Calibration to Clifford, Sheagley, and Piston Study 1

This calibration applies the power and coverage results to the within-subject arm of Study 1
of Clifford, Sheagley, and Piston (2021), using the deposited respondent-level data. Sequence
(1,0) contains n; = 227 complete cases and sequence (0,1) contains ny = 226. The welfare
outcome has three support points. All variance components in Table A.7 are calculated
from the two sequence-specific pairs rather than inferred from a parametric outcome model.

The estimated components place the study at r = 0.896 and g = 0.514: feasible (g% < r:
0.514%2 = 0.264 < 0.896) and, since Proposition 10 places the undercoverage region at
g > (r—3)/2 — here (0.896 — 3)/2 = —1.052 — well inside it, with 102 /o? = 0.217. Since

4% co

the pooled and post-only intervals are fico + 201/02,/(4n) and iy + zo\/07/n respectively
(Appendix 1.7), the ratio of their half-widths is /%02 /o? = 1/0.217 ~ 0.466. Thus the
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Quantity Value

Sequence sizes (n1,ns) (227, 226)
o2, 02, o012 2.226, 1.995, 1.145
r=o03/0? 0.896
g = o1/} 0.514
102,/0% (pooling is efficient iff < 1) 0.217
Coverage at 6 =0 0.924
Worst-case coverage 0.433
Carryover gap at the worst case 0.188
Power of the carryover test at that gap 0.348
Post-only ATE estimate fi; (se, t) —0.289 (0.070, —4.12)
Power for the treatment effect at [i; 0.984
se(fleo)/se(fi1) 0.466

Table A.7: The two-step procedure applied to the within-subject arm of Study 1 of Clifford,
Sheagley, and Piston (2021), ny = 227, ng = 226.

pooled interval is about 53% shorter than the post-only interval. The same components
imply o5/01 = 1.71, which produces the power comparison in Figure 3: at 80% power, the
smallest detectable treatment effect is 0.20 scale points, whereas the smallest detectable
carryover gap is 0.34.

Evaluating Equations (A.14)—(A.15) at these components, the two-step interval covers
with probability 0.924 at § = 0. Its worst-case coverage is 0.433, attained at a carryover
gap of 0.188 on the three-point scale, as shown in Figure 4. At that gap, the study’s
own carryover test has power 0.348, while the treatment-effect test, evaluating 1, from
Section 4 at the realized post-only estimate ji; = —0.289 (se 0.070, t; = fi1/se(f11) = —4.12)
in place of the unknown g1, has power ¥ (fi1) = 0.984. The configuration that does the
most damage to the interval is therefore one the diagnostic would miss about two times in
three in a study amply powered for the treatment effect.
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