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Null Claims in Social Science

From 2020-2023, 279 null claims made in abstracts of 158 articles in T5 economics journals are
defended by statistically insignificant results Detailed Results

▶ > 72% of these null claims aren’t qualified by references to statistical significance, estimate
magnitudes, or a lack of evidence
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Why Is This a Problem?

Generally inferring that stat. insig. results are null results is known to be bad scientific practice
(Altman & Bland 1995; Imai, King, & Stuart 2008; Wasserstein & Lazar 2016)

▶ Statistical insignificance may just reflect imprecision

Under standard NHST, null results and imprecision are conflated. Credibility problems follow:

▶ Null result penalty from beliefs of low quality and unpublishability (McShane & Gal
2016; McShane & Gal 2017; Chopra et al. 2024)

▶ Publication bias from non-publication of null results (Fanelli 2012; Franco, Malhotra, &
Simonovits 2014; Andrews & Kasy 2019)

▶ High Type II error rates, given current practices and power levels (Ioannidis, Stanley, &
Doucouliagos 2017; Askarov et al. 2023)

It doesn’t have to be this way.
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Equivalence Testing in a Nutshell

1. Set a region around zero wherein relationship of interest δ would be practically
equivalent to zero (i.e., economically insignificant)

2. Use interval tests to assess if δ̂ is sig. bounded within this region

Common in medicine, political science, and psychology (see e.g., Piaggio et al. 2012; Hartman
& Hidalgo 2018; Lakens, Scheel, & Isager 2018)
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This Project

What is equivalence testing?

▶ I introduce simple frequentist equivalence testing techniques to economists

Why do we need to use it?

▶ 36-63% of estimates defending null claims in top economics journals fail lenient
equivalence tests

▶ Type II error rates in economics are likely quite high

How do we perform equivalence testing credibly?

▶ I develop guidelines, the tsti Stata command, and the eqtesting R package for
credible and easy implementation
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The Equivalence Testing Framework

We begin by setting a range of values [ϵ−, ϵ+], where ϵ− < ϵ+, called the region of practical
equivalence (ROPE)

▶ The ROPE is the range of δ values we’d call economically insignificant

▶ This is a subjective judgment call that will differ for different relationships of interest

▶ I show how to credibly aggregate ROPEs later in this talk Credible ROPE-Setting

Once we have a ROPE, we can set up the equivalence testing hypotheses:

H0 : δ /∈ [ϵ−, ϵ+]

HA : δ ∈ [ϵ−, ϵ+]

Why This Works
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Two One-Sided Tests (TOST)

The two one-sided tests (TOST) approach executes two one-sided tests against the nulls that δ is
(1) too negative or (2) too positive to be in the ROPE

▶ Stat. sig. evidence from both of these one-sided tests is stat. sig. evidence that δ ≈ 0
(Schuirmann 1987; Berger & Hsu 1996) Why This Works Procedural Details
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Equivalence Confidence Intervals (ECIs)

δ̂’s (1− α) equivalence confidence interval (ECI) is just its (1− 2α) CI Mechanisms

▶ The (1− α) ECI is the smallest ROPE within which you can stat. sig. bound an estimate

▶ Applied economists who make this interpretation on the (1− α) CI are too hard on themselves!
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Data

1. Systematically-selected replication sample
▶ 876 estimates defending 135 null claims in abstracts of 81 articles in T5 economics

journals published from 2020-2023 Claim Example

▶ Estimates defending these null claims are reproducible with publicly-available data

2. Prediction platform data
▶ I survey 62 researchers on the Social Science Prediction Platform for predictions and

judgments on equivalence testing results in my sample
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Equivalence Testing Failure Rates

I compute avg. equivalence testing failure rates
in the replication sample

▶ First ROPE: r ∈ [−0.1, 0.1]

▶ |r | = 0.1 is larger than over 25% of published
results in economics (Doucouliagos 2011)
Effect Size Standardization

▶ Second ROPE: σ ∈ [−0.2, 0.2]

▶ |σ| = 0.2 is quite large for economic effect
sizes Benchmarking Sample

Models defending null claims in T5 journals should
have no trouble significantly bounding estimates
within ROPEs this wide
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Many ‘Null’ Estimates Fail Lenient Equivalence Tests

Over 39% of the ‘null’ estimates in my sample can’t be significantly bounded beneath 0.2σ

▶ Over 69% can’t be significantly bounded beneath 0.1r
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Equivalence Testing Failure Rates are Unacceptably High

Equivalence testing failure rates range from 36-63% Robustness Checks TST Framework Mechanisms

▶ Interpretation: 62% of estimates defending the average null claim can’t significantly bound their
estimates beneath |r | = 0.1 (see Model 4)
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Failure Curves

Equivalence testing failure rates stay unacceptably high even as ROPEs become ridiculously large

▶ To obtain acceptable failure rates, you’d need to argue that |0.317r | is practically equal to zero

▶ |0.317r | is larger than nearly 75% of published effects in economics (Doucouliagos 2011)
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Researchers Anticipate Unacceptably High Failure Rates

The median researcher finds failure rates from 11-13% acceptable, but (pretty accurately) predicts
failure rates from 35-38%. Takeaways:

1. Researchers don’t trust null results under standard NHST, but this mistrust is well-placed

2. More credible testing frameworks are necessary to restore trust
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Credible ROPE-Setting

ROPEs need to be set independently to be credible (Lange & Freitag 2005; Ofori et al. 2023)

▶ ‘ROPE-hacking’ is a key concern

▶ To maintain independence & credibility, you shouldn’t set your ROPEs – you should get
other people to set them for you

Solution: Survey independent experts/stakeholders for their judgments

▶ Practically feasible using online platforms such as the Social Science Prediction Platform
(DellaVigna, Pope, & Vivalt 2019)

▶ Example from this project: Alongside predictions of failure rates, I elicit what failure
rates researchers deem acceptable

The Equivalence Testing Framework
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The Three-Sided Testing Framework

We can combine equivalence testing with minimum effects testing to get practical significance
testing, which can be implemented using three-sided testing (Goeman, Solalri, & Stijnen 2010)

▶ See Isager & Fitzgerald (2025) for a tutorial; procedure can be implemented using the tsti

Stata command (on SSC) or the eqtesting R package (on CRAN) Main Results
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Thank You For Your Attention!

These Slides

Paper: https://doi.org/10.31222/osf.io/d7sqr v1
Website: https://jack-fitzgerald.github.io

Email: j.f.fitzgerald@vu.nl
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Null Claim Classification
Category Claim Type Example # Claims % of Claims

1 Claim that a relationship/phenomenon does not exist or is negligible D has no effect on Y . 111 39.8%

2 Claim that a relationship/phenomenon does notexist or is negligible, D has no significant effect on Y . 33 11.8%
qualified by reference to statistical significance

3 Claim that a relationship/phenomenon does not exist or is negligible, D has no meaningful effect on Y . 24 8.6%
qualified by reference to something other than statistical significance

4 Claim that a relationship/phenomenon does not (meaningfully) hold in a given direction D has no positive effect on Y . 53 19%

5 Claim that a relationship/phenomenon does not (meaningfully) hold in a given direction, D has no significant positive effect on Y . 4 1.4%
qualified by reference to statistical significance

6 Claim that a relationship/phenomenon does not (meaningfully) hold in a given direction, D has no meaningful positive effect on Y . 5 1.8%
qualified by reference to something other than statistical significance

7 Claim that there is a lack of evidence for a (meaningful) relationship/phenomenon There is no evidence that D has an effect on Y . 10 3.6%

8 Claim that a variable holds similar values regardless of the values of another variable Y is similar for those in the treatment group 7 2.5%
and the control group.

9 Claim that a relationship/phenomenon holds only or primarily in a subset of the data The effect of D on Y is concentrated in older respondents. 22 7.9%

10 Claim that a relationship/phenomenon stabilizes for some values of another variable D has a short term effect on Y that dissipates after Z months. 10 3.6%

Unqualified null claim Categories 1, 4, or 8-10 203 72.8%

Qualified null claim Categories 2-3 or 5-7 76 27.2%

Table: Types of Null Claims in the Economics Literature Back
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Hypotheses: Standard NHST vs. Equivalence Testing

We’ll fix standard NHST’s problems by 1) flipping the hypotheses and 2) relaxing the
contraints. As a reminder, NHST hypotheses:

H0 : δ = 0

HA : δ ̸= 0

And now equivalence testing hypotheses:

H0 : δ ̸≈ 0

HA : δ ≈ 0

If we can set a range of values [ϵ−, ϵ+] wherein δ ≈ 0, then we can find stat. sig.
evidence for HA with a simple interval test Back
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Two One-Sided Tests (TOST)

We can identically write the equivalence testing hypotheses as

H0 : δ < ϵ− or δ > ϵ+

HA : δ ≥ ϵ− and δ ≤ ϵ+

Further, we can assess the joint HA using two one-sided tests:

H0 : δ < ϵ−

HA : δ ≥ ϵ−

H0 : δ > ϵ+

HA : δ ≤ ϵ+

Stat. sig. evidence for both HA statements using one-sided tests is stat. sig. evidence that δ ≈ 0
(Schuirmann 1987; Berger & Hsu 1996) Back
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The TOST Procedure

First, compute test statistics

t− =
δ̂ − ϵ−

s
t+ =

δ̂ − ϵ+

s

The relevant test statistic is the smaller of the two:

tTOST = argmin
t∈{t−,t+}

{|t|}

The critical value for a size-α TOST procedure is the one-sided critical value t∗α

1. If tTOST = t−, then there is stat. sig. evidence that δ ∈ [ϵ−, ϵ+] iff t− ≥ t∗α

2. If tTOST = t+, then there is stat. sig. evidence that δ ∈ [ϵ−, ϵ+] iff t+ ≤ −t∗α

A single TOST procedure maintains size α even without multiple hypothesis corrections (Berger & Hsu 1996)
Back
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Claim Example

The bolded text represents the two null claims made by this abstract:

“This article estimates peer effects originating from the ability composition of tutorial groups for
undergraduate students in economics. We manipulated the composition of groups to achieve a wide
range of support, and assigned students-conditional on their prior ability-randomly to these groups.
The data support a specification in which the impact of group composition on achievement is captured
by the mean and standard deviation of peers’ prior ability, their interaction, and interactions with
students’ own prior ability. When we assess the aggregate implications of these peer effects regressions
for group assignment, we find that low-and medium-ability students gain on an average 0.19 SD units
of achievement by switching from ability mixing to three-way tracking. Their dropout rate is reduced
by 12 percentage points (relative to a mean of 0.6). High-ability students are unaffected. Analysis
of survey data indicates that in tracked groups, low-ability students have more positive interactions
with other students, and are more involved. We find no evidence that teachers adjust their teaching
to the composition of groups.”

Data
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Standardized Effect Sizes
I aggregate all regression results into two effect size measures

1. Standardized coefficients:

σ =

{
δ
σY

if D is binary
δσD
σY

otherwise
s =

{
SE(δ)
σY

if D is binary
SE(δ)σD

σY
otherwise

σY and σD are respectively within-sample SDs of Y and D

▶ σ is closely related to the classical Cohen’s d effect size

2. Partial correlation coefficients (PCCs):

r =
tNHST√

t2NHST + df
SE(r) =

1− r 2√
df

.

tNHST is the usual t-statistic and df is degrees of freedom

▶ PCCs are widely-used in economic meta-analyses

Failure Rates Introduction
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Benchmarking Sample
Article Setting Outcome Variable Exposure Variable Initial p-Value σ r Location

Acemoglu & Restrepo (2020) Difference-in-differences analysis Employment rates Industrial robot exposure 0.000 -0.206 -0.16 Table 7, Panel A, US
of U.S. commuting zones, 1990-2007 (continuous) (continuous) exposure to robots, Model 3

Acemoglu et al. (2019) Difference-in-differences analysis Short-run log GDP levels Democratization 0.001 0.005 0.255 Table 2, Democracy, Model 3
of countries, 1960-2010 (continuous) (binary)

Berman et al. (2017) African 0.5 × 0.5 longitude-latitude Conflict incidence Log price of main mineral 0.012 0.521 0.007 Table 2, ln price x mines
cells with mineral mines, 1997-2010 (binary) (continuous) > 0, Model 1

Deschênes, Greenstone, & Difference-in-differences analysis Nitrogen dioxide Nitrogen dioxide cap-and-trade 0.000 -0.134 -0.468 Table 2, Panel A, NOx,
Shapiro (2017) of U.S. counties, 2001-2007 emissions (continuous) participation (binary) Model 3

Haushofer & Shapiro (2016) Experiment with low-income Non-durable consumption Unconditional cash 0.000 0.376 0.195 Table V, Non-durable
Kenyan households, 2011-2013 (continuous) transfer (binary) expenditure, Model 1

Benhassine et al. (2015) Experiment with families of School attendance (binary) Educational cash transfer 0.000 0.18 0.252 Table 5, Panel A,
Moroccan primary school-aged to fathers (binary) Attending school by end
students, 2008-2010 of year 2, among those

6-15 at baseline, Impact
of LCT to fathers

Bloom et al. (2015) Field experiment with Attrition (binary) Voluntarily working from 0.002 -0.397 -0.196 Table VIII, Treatment,
Chinese workers, 2010-2011 home (binary) Model 1

Duflo, Dupas, & Kremer Experiment with Kenyan primary Reaching eighth grade Education subsidy (binary) 0.023 0.1 0.125 Table 3, Panel A, Stand-alone
(2015) school-aged girls, 2003-2010 (binary) education subsidy, Model 1

Hanushek et al. (2015) OECD adult workers, Log hourly wages Numeracy skills 0.000 0.091 0.316 Table 5, Numeracy, Model 1
2011-2012 (continuous) (continuous)

Oswald, Proto, & Sgroi UK students, piece-rate Productivity (continuous) Happiness (continuous) 0.018 0.753 0.244 Table 2, Change in
(2015) laboratory task happiness, Model 4

Table: Effect Size Benchmarking Failure Rates
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Failure Rate Robustness

These failure rates remain large and significant when...

▶ Switching from σ to r

▶ Switching from exact to asymptotically approximate tests

▶ Switching aggregation procedures

▶ Removing initially stat. sig. estimates

▶ Separating models by regressor type combination (i.e., binary vs. non-binary)

▶ Removing non-replicable estimates from the sample

▶ Removing models that require conformability modifications from the sample (e.g.,
logit/probit models put through margins, dydx())

Main Results
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Mechanisms

Power is a greater driver of equivalence testing failure rates than effect size
Main Results ECIs

Vrije Universiteit Amsterdam Jack Fitzgerald 15/15


	Intro
	What: Equivalence Testing
	Why: Results
	How: The Future
	Appendix
	References
	Appendix


