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“No Detectable Effects”

Bessone et al. (2021, QJE): Sleep improvement RCT with a2 400 people in Chennai, India
» At baseline, avg. participant has sleep patterns mirroring clinical insomnia
» The intervention is very effective (27 extra minutes of night sleep)

However, per their abstract...

“Contrary to expert predictions and a large body of sleep research, increased nighttime
sleep had no detectable effects on cognition, productivity, decision making, or well
being... ”

By their own admission, these findings contradict expert priors and large bodies of research

» So what do they mean by ‘no detectable effects?’
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Null Estimates in Bessone et al. (2021)

Table IV Estimates
and Exact 95% Cls
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Significant NHST Result? =e= Yes == No

What they mean: Results are not stat. sig. different from zero

» They are not alone in interpreting insignificant results in this way
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This Happens All the Time

Abstract Abstract
farming inmany ing countries is characterized by low productivity and low- Westudy how gohlu?z.] turnover in mayoral elections in Brazil affects public service provision by local
. I N . - ts. t design for close el 3 icipalities with
quality output. Low quality limits the price farmers can command and their potential income. We gOVETHmeI’.I s Bxplol mg.a N e wetindthat N #

R " R iz f: N R R new party in office experience upheavals in the municipal bureaucracy: new personnel are appointed across
cond‘uct a serlef of exper\ments among n'falze farmers in Uganda to shed light on qne l?arrlers to . ice sectors, and at both jaland gerial levels. In education, the increase in the
quality upgrading and to study its potential. We find that the causal return to quality is zero. rate of personnel in school lled by the municipal government is accompanied by test scores that
Providing access to a market where quality is paid a market premium led to an increase infarm  are 0.05-0.08 standard deviations lower. In contrast, turnover of the mayor's party does not impact local (non-

d-sid icipal) schools. These findi that political turnover can adversely affect the quality of public services

productivity and income from farming. Our findings reveal the importance of d
constraints in limiting rural income and productivity growth.

Abstract Abstract

Consumers rely on the price changes of goods in their grocery bundles when forming expectations This paper estimates intertemporal labor supply responses to two-year long income tax holidays staggered across
about aggregate inflation. We use micro data that uniquely match individual expectations, detailed  Swiss cantons. Cantons shifted from an income tax system based on the previous two years' income to a standard

‘when the bureaucracy is not shielded from the political process.

i“’:""“‘ﬁ"" about consumption bundles, and item-level prices. The w"?"" consumers ”“9“ to annual pay as you earn system, leaving two years of income untaxed. We find significant but quantitatively very
price :ﬂg& :hpe“ld on d; ﬁeq“e“ﬁw of ?"'d;"“' "ﬂ:_' m"’;“z:"'d';“:h”ﬁ; and pmtuve small responses of wage earnings with an intertemporal elasticity of 0.025 overall. High wage income earners and
et it ko i il especially the self-employed display larger responses with elasticities around 0.1 and 0.25, respectively, most likely

but not purchased do not affect inflation expectations, nor do other dimensions. Our results

provide empirical guidance for models of tations formation with heterogeneous consumers. driven by tax avoidance. We find no effects along the extensive margin at all.

From 2020-2023, 279 null claims made in abstracts of 158 articles in T5 journals are defended by
statistically insignificant results
» > 72% of these null claims aren’t qualified by references to statistical significance, estimate
magnitudes, or a lack of evidence
Researchers and readers interpret such findings as evidence of null/negligible relationships (McShane &
Gal 2016, McShane & Gal 2017)
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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 Il error rates, given current practices and power levels (loannidis, Stanley, &
Doucouliagos 2017; Askarov et al. 2023)

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

Ho Ho

0.4 0.2 0.0 0.2 0.4

x>

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

2. Use interval tests to assess if § 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?
» | 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 Il error rates in economics are likely quite high
How do we perform equivalence testing credibly?

» | develop software commands and guidelines for credible and relatively easy
implementation

Vrije Universiteit Amsterdam Jack Fitzgerald
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The Wrong Hypotheses: NHST

Standard NHST hypotheses:

Hy:6=0
HA:57§O

When trying to show that § = 0 using NHST, two key problems:
1. The burden of proof is shifted: Researchers start by assuming they're right
2. Imprecision is ‘good’: Less precision — higher chance of stat. insig. results

It's thus a logical fallacy to generally infer that stat. insig. results are null results
(appeal to ignorance)
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The Right Hypotheses: Equivalence Testing

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

Hy:6=0
Ha:6#0

And now equivalence testing hypotheses:

H025#0
Ha:6~0

If we can set a range of values [e_, €] wherein ¢ ~ 0, then we can find stat. sig.
evidence for Hy with a simple interval test

Vrije Universiteit Amsterdam Jack Fitzgerald
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The Equivalence Testing Framework

We begin by setting a range of values [e_, €], where e_ < e, called the region of practical
equivalence (ROPE)

» The ROPE is the range of § values we'd call economically insignificant
» This is a subjective judgment call that will differ for different relationships of interest
» | show how to credibly aggregate ROPEs later in this talk

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

Ho:0 ¢ [e_,eq]
Ha:0 € [e_,eq]

Vrije Universiteit Amsterdam Jack Fitzgerald
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Two One-Sided Tests (TOST)

Ho Ha Ho

04 0.2 00 02 04

We can identically write the equivalence testing hypotheses as

Ho:d<e_oréd>eq

Ha:0>e_ and § < ey

Further, we can assess the joint Ha using two one-sided tests:
Ho: 0 <e_ Ho:6 >eq
Hp:0>e_ Hp: 0 <ep

Stat. sig. evidence for both Hs statements using one-sided tests is stat. sig. evidence that § ~ 0

(Schuirmann 1987; Berger & Hsu 1996)
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Equivalence Confidence Intervals (ECls)

1.645"SE 1.645"SE

020 015 010 005 000 005 010 015 020

Legend
[l Estimate & Exact 95% ECI [Jl] ROPE =02, 02]

&'s (1 — a) equivalence confidence interval (ECI) is just its (1 — 2«) Cl
» The (1 — ) ECl is the smallest ROPE within which you can stat. sig. bound an estimate

» Applied economists who make this interpretation on the (1 — a) Cl are too hard on themselves!
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Revisiting Bessone et al. (2021)
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Significant TOST/ECI Result? == Yes == No

Estimates defending null claims should be significantly bounded within reasonably wide ROPEs

» However, 28% of the 'null’ estimates in Bessone et al. (2021) aren’t significantly bounded
beneath |o| = 0.2

» 71% aren't significantly bounded beneath |r| = 0.1

Takeaway: Bessone et al. (2021) cannot guarantee precise nulls for a large proportion of their ‘null’
estimates, which ‘fail’ lenient equivalence tests

The

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

2. Prediction platform data

» | survey 62 researchers on the Social Science Prediction Platform for predictions and
judgments on equivalence testing results in my sample

Vrije Universiteit Amsterdam Jack Fitzgerald
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Equivalence Testing Failure Rates

Null Claim
1 2 3
‘ ‘ ‘%T* ‘ ‘ | compute avg. equivalence testing failure rates
B (R SR B in the replication sample
. | ‘ H > First ROPE: r € [-0.1,0.1]
g ‘ S ‘ T ‘ » |r| = 0.1 is larger than over 25% of published
£ 3 M M . . .
= [ results in economics (Doucouliagos 2011)
4 (el &}
H_H » Second ROPE: ¢ € [-0.2,0.2]
5 i
SIS » |o| = 0.2 is quite large for economic effect
ig:i i“m“aytiso:::w : , . [3¥4k Benchmarking Sample
within the ROPE
gloattesimates g ! . Models defending null claims in T5 journals should
e oy 1oox ox have no trouble significantly bounding estimates
Average claim-level Wlthln ROPES thls W|de
equivalence testing (20% +100% + 0%) / 3 = 40%

failure rate
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Many ‘Null” Estimates Fail Lenient Equivalence Tests

-1.0 -08 06 -04 -02 00 02 04 06 08 10 -1.0 -08 -06 -04 -02 00 02 04 06 08 10

Estimates and 95% ECls, o Estimates and 95% ECls, r

Over 39% of the ‘null’ estimates in my sample can't be significantly bounded beneath 0.20

» Over 69% can't be significantly bounded beneath 0.1r
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Equivalence Testing Failure Rates are Unacceptably High
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Equivalence testing failure rates range from 36-63% (D R QD

» 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
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Equivalence Testing Failure Rate
(Unweighted, Claim-Level)

ROPE Length
Effect Size Measure = o[ r

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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Mechanisms: Large Estimates or Low Power?

Estimates can fail equivalence tests either because they're large or because they're imprecise

» We can assess the relative contribution of effect sizes and power to ETFRs by decomposing ECI
outer bounds into estimate magnitudes and ECI half-widths

02 02
01 o1
00 00

005 015 025 035 045 055 085 075 085 095 005 015 025 035 045 055 065 075 085 095

Quantile Quantile

Component ll Estimate Magnitude ll ECI Half-Width ll ECIOB Magnitude

Imprecision stochastically dominates effect size throughout the distribution of estimates
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Researchers Anticipate Unacceptably High Failure Rates
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Top 5 Journals Top 5 Journals Failure Rale Failure Rale Failure Rate, FaHure Rate,
(Reference Group) Final Sample, Final Sam Final Sample, inal Sample,
ROPE = [020 0.20] ROPE = [ov mr] ROPE = [10.20, 0.20] HOPE [-0.1r,0.11]

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

Vrije Universiteit Amsterdam Jack Fitzgerald
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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, | elicit what failure
rates researchers deem acceptable

The Equivalence Testing Framework

Vrije Universiteit Amsterdam Jack Fitzgerald
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The Next Step: Practical Significance Testing

Natural to want to combine equivalence testing with tests for §'s practical significance

» Can be done using the three-sided testing (TST) framework (Goeman, Solari, & Stijnen 2010)
Given ROPE [e_, €4 ], the idea is to assess §'s practical significance using three tests:

1. Two-sided test: Is § < e_7

2. TOST procedure: Is § € [e—,e4]?

3. Two-sided test: Is 6 > €47?
Significance conclusions can be derived from the smallest of these three p-values

» If no p-value < «, then results are inconclusive: the researcher must stay agnostic about the
practical significance of ¢

» Embracing this uncertainty may be uncomfortable/limiting, but my results show that standard
practice tolerates high error rates

Example from this project: | show that my failure rates are significantly bounded above the median
failure rates that researchers deem acceptable [ Main Results J

Vrije Universiteit Amsterdam Jack Fitzgerald



The Three-Sided Testing Framework Visualized

Estimates With Exact
95% Cls and ECls

1 ———
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—e———
—_—
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€ 0 €,

18T G Practically Practically Practically )
onclusion significant and significant and equivalent to zero Inconclusive
positive negative q

Under TST, given their 95% ECls and Cls, these estimates are respectively:
» Practically significant and above the ROPE
» Practically significant and below the ROPE
» Practically equivalent to zero

» Inconclusive

Main Results

Vrije Universiteit Amsterdam
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Future Research Directions
Tutorials and guidelines for applied researchers

» Fitzgerald, J. (2025). “The Need for Equivalence Testing in Economics.” MetaArXiv,
https://doi.org/10.31222 /0sf.io /d7sqr_v1.

» lIsager, P. & Fitzgerald, J. (2024). “Three-Sided Testing to Establish Practical
Significance: A Tutorial." PsyArXiv, https://doi.org/10.31234 /osf.io /8y925.

Equivalence testing methods

» Fitzgerald, J. (2025). “Manipulation Tests in Regression Discontinuity Design: The Need
for Equivalence Testing. MetaArXiv, https://doi.org/10.31222/osf.io/2dgrp_v1.

» Work in progress: Equivalence-based model specification tests
Replication-based research methods

» Entire literatures waiting to take off

Vrije Universiteit Amsterdam Jack Fitzgerald
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Software

ShinyTST: An App for Three-Sided Testing ShinyTST app

Pleass cite the paper underlying this app:
o Isager, P, & Fitzgerald, .. (2024). ‘Throe- Sided Testing to Establish Practical Significance: A
Tutorial." PsyArXiv. hitps:flcioi.org/10.31234/0s10/8y825.

o8 o — » https://jack-
Asymptotically approximate resuits fitzgerald.shinyapps.io/shinyTST/

to
confidence intervals as

P it ——— tsti Stata command

Significance level

ot i
O — » ssc install tsti
Degrees of freadom (required for Test p-value: 0.0321245712076566

exact tests) The estimate is practically significant and negative.

tst() function in eqtesting R package
» Forthcoming at CRAN

L » For now available at
‘ https://github.com/jack-
fitzgerald /eqtesting
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Thank You For Your Attention!

These Slides

I am on the job market through the end of next year!

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 D has no effect on Y. m 39.8%
exist or is negligible

2 Claim that a relationship/phenomenon does not D has no significant effect on Y. 33 118%
exist or is negligible, qualified by reference to
statistical significance

3 Claim that a relationship/phenomenon does not D has no meaningful effect on Y. 2 86%
exist or is negligible, qualified by reference to
something other than statistical significance

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

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

6 Claim that a relationship/phenomenon does not D has no meaningful positive effect on Y. 5 1.8%
(meaningfully) hold in a given direction,

ualificd by reforence to something other than

statistical significance

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

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

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

10 Claim that a relationship/phenomenon stabilizes D has a short term effect on ¥ that 10 3.6%
for some values of another variable dissipates after Z months.
Unqualified null claim Categories 1, 4, or 8-10 208 72.8%
Qualified null claim Categories 2-3 or 57 76 27.2%

This Happens All the Tim
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The TOST Procedure

First, compute test statistics

O —e_ t+:(5—e+

The relevant test statistic is the smaller of the two:

trost = argmin {|t|}
te{t_,ty}
The critical value for a size-ae TOST procedure is the one-sided critical value t,
1. If ttosT = t—, then there is stat. sig. evidence that 6 € [e_,e4] iff t— > t%
2. If trosT = t4, then there is stat. sig. evidence that § € [e_, e ] iff ty < —t%

A single TOST procedure maintains size o even without multiple hypothesis corrections (Berger & Hsu 1996)

TOST Concept

Vrije Universiteit Amsterdam Jack Fitzgerald
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TOST Example

1.645"SE 1.645"SE

Legend
[l Estimate w/ t-Tests from Above and Below || ROPE =1-02, 0.2]

TOST Concept
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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.”
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Standardized Effect Sizes

| aggregate all regression results into two effect size measures
1. Standardized coefficients:

{5 if D is binary {SEW if D is binary
g = Iy s = Ty

. E .
29D otherwise SEC)oD otherwise
oy 9y

oy and op are respectively within-sample SDs of Y and D
» o is closely related to the classical Cohen's d effect size
2. Partial correlation coefficients (PCCs):
tNHST 1—r2

= —— SE(r) = .
Vst T = Var

tnusT 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

“Asticle Setting Gutcome Variabie Exposure Variable Ditil pValwe o+ Location
Acemmogln & Resteepo (202) Differencein-diferences  Eenployment rates Industrial 1obat. cxpestire 0000 0206 016 Table7, Pasel A, US
analysis of US, (contimuons) (continusus) expasure to robots, Model
commuting 20nes, 1990-2007 3
Acemogiu ¢t al, (2019) Diffsrence in-differvaces  Short-run log GDP levels  Dammocratization (binary) 0001 D005 0255 Table 2, Democracy, Model
analysis of eountries, (continuous) 3
1060-2010
Berman et al. (2017) African 0.5 x 0.5 Conflict incidence Log price of main mineral 0.012 0521 0007  Table 2, In price x mines
longitude-latitude cells (binary) (continuous) >0, Model |
with mineral mines,
1907-2010
Dischines, Greenstone, & Diffenence-im-differences Niteogen dioxide Niteogen dicxide 0000 0131 0463 Table?, Pasel A, NOx
‘Shapiro (2017) anslysis of US. enissions (cantinmous) cap-and-trade Model
counties, 20012007 participation (binary)
Haushafes & Shaptio (2016)  Experiment. with Non-durable consumption  Uncanditional cash 0000 D3T6 0105 Table V, Nen-durable
Lowe-income Keayan (contimuons) transter (binasy) expenditure, Model 1

houscholds, 2011-2013

Bonhsssine ot al (2015)  Experiment with familics  Sehool attendanes (binary)  Educational cash teansfor 0000 018 0252 Table 5, Panel A,
of Moroccan primary o fathers ary) Antending sehool by end
school-aged students, of year 2, among these
2008-2010 -15 at baseline, lmpact

of LCT to fathers.

Bloom et al. (2015) Field experiment wit] Attrition (binary) Voluntarily working from 0002 0397 0196 Table VIII, Treatment,
Chiness workers, qmo.zuu home (binary) Model |

Duflo, Dupas, & Kremer Experiment with Kenyan ~ Reaching eighth grade Education subsidy (binary) 0023 01 0125 Table

(2015) primary school-aged (binary) Stand-alone eduction
gitls, 20032010 subsidy, Model 1

Hamshek et al. (2015) OECD adult workers, Log houtly wages Numeracy skills 0000 D091 0316 Table s, Numeracy, Model 1
20112012 (contimuons) (continsus)

Oswald, Proto, & Sgrot UK students, piecetate  Produetivity {continuous)  Happiness {eontintions) 0018 0753 024 Table?, Change in

(2015) taboratory task happiness, Moddl |

lure Rates
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Failure Rate Robustness

These failure rates remain large and significant when...

» Switching from o 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())
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