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“No Detectable Effects”

Bessone et al. (2021, QJE): Sleep improvement RCT with ≈ 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)

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

▶ They are not alone in interpreting insignificant results in this way

Vrije Universiteit Amsterdam and Tinbergen Institute Jack Fitzgerald 2/41



Intro Equivalence Testing Robustness Results Three-Sided Testing The Future

This Happens All the Time

From 2020-2023, 279 null claims made in abstracts of 158 articles in T5 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

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 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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The Need for Equivalence Testing in Economics

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 software commands and guidelines for credible and relatively easy
implementation

▶ I then show how we can extend this to general practical significance testing
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This Talk

Introducing equivalence testing and its necessity (JMP)

Fitzgerald, J. (2025). “The Need for Equivalence Testing in Economics.” MetaArXiv,
https://doi.org/10.31222/osf.io/d7sqr v1.

Extending to practical significance testing

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

Applying equivalence testing in econometric methodology (briefly)

▶ Fitzgerald, J. (2025). “Manipulation Tests in Regression Discontinuity Design: The Need
for Equivalence Testing. MetaArXiv, https://doi.org/10.31222/osf.io/2dgrp v1.
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The Wrong Hypotheses: NHST

Standard NHST hypotheses:

H0 : δ = 0

HA : δ ̸= 0

When trying to show that δ = 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:

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

Vrije Universiteit Amsterdam and Tinbergen Institute Jack Fitzgerald 9/41



Intro Equivalence Testing Robustness Results Three-Sided Testing The Future

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+]
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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) Procedural Details Visualization
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Equivalence Confidence Intervals (ECIs)

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

▶ If δ̂’s (1− α) ECI is entirely bounded in the ROPE, then we have size-α evidence under the
TOST procedure that δ ≈ 0 (Berger & Hsu 1996)
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Revisiting Bessone et al. (2021)

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 |σ| = 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
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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

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

Vrije Universiteit Amsterdam and Tinbergen Institute Jack Fitzgerald 17/41



Intro Equivalence Testing Robustness Results Three-Sided Testing The Future

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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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 ECIs

Imprecision stochastically dominates effect size throughout the distribution of estimates
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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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Where Equivalence Testing Falls Short

Under equivalence testing, stat. insig. results do not let us conclude that δ is meaningfully large, or
even that δ ̸= 0!

▶ I.e., under equivalence testing, we’d make the exact same conclusions about the middle blue
estimate and the lower orange estimate just because the equivalence testing p > α
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Stapler Solutions: Equivalence Testing + Standard NHST

In practice, researchers deal with this by just
stapling together equivalence testing with
standard NHST

▶ Campbell & Gustafson (2018) formalize
this practice as ‘conditional equivalence
testing’

▶ First standard NHST, then conditional on
statistical insignificance, equivalence
testing (specifically TOST)

Several problems with this approach
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Two Kinds of ‘Significant’

Source: Lakens, Scheel, & Isager (2018)

Estimates can be both stat. sig. diff. from zero and stat. sig.
bounded in the ROPE

▶ This situation shows up often in high-powered settings
(e.g., large-scale RCTs, natural experiments, ‘big data’)

▶ Big issue in analyses with administrative data

▶ Fang & Fang (2024) find that > 80% of published
sociology studies using register data apply standard
NHST, with only 13.5% offering any justification

Standard NHST results are often preferred in these settings

▶ In fact, following conditional equivalence testing exactly,
researchers would never set ROPEs or run equivalence
tests in these settings
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Construct Validity

You learn that an estimate is stat. sig. diff. from zero. So
what?

▶ Once we set ROPEs, it’s clear that there are some
nonzero values of δ that are practically irrelevant

▶ Now rejecting the standard NHST null hypothesis that
δ = 0 doesn’t really tell us that δ is ‘significant’

If we want precise evidence that our estimate is practically
significant, then we really want to show that the estimate is
significantly outside the ROPE

▶ This can be evidenced with minimum effects tests for
inferiority or superiority (Murphy & Myors 1999)

▶ What if we combine minimum effects tests with
equivalence tests?
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Three-Sided Testing (Goeman, Solari, & Stijnen 2010)

Three-sided testing (TST) is a comprehensive framework for assessing practical significance

▶ Under TST, we partition the parameter space into inferiority, equivalence, and superiority regions
using the ROPE bounds

▶ We then see if there’s stat. sig. evidence that the parameter is bounded in one of those regions

This is a direct test for the practical significance of an estimate
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The Hypothesis Framework

After partitioning δ’s parameter space into HInf, HEq, and HSup regions using the ROPE bounds ϵ− and
ϵ+, TST assesses three sets of hypotheses at once:

H
{Inf}
0 : δ ≥ ϵ−

H
{Inf}
A : δ < ϵ−

H
{Eq}
0 : δ < ϵ− or δ > ϵ+

H
{Eq}
A : δ ≥ ϵ− and δ ≤ ϵ+

H
{Sup}
0 : δ ≤ ϵ+

H
{Sup}
0 : δ > ϵ+
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The Hypothesis Tests in Practice

In other words, in TST, you run three tests at once:

1. An inferiority test assessing whether δ < ϵ−

2. A TOST procedure assessing whether δ ∈ [ϵ−, ϵ+]

3. A superiority test assessing whether δ > ϵ+

Because TST begins by partitioning δ’s parameter space into disjoint regions, TST
benefits from the ‘partitioning principle’ (Finner & Straßburger 2002)

▶ Intuitively, δ can only be in one of HInf, HEq, or HSup at once
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A Multiple Testing Caveat (1/2)

Suppose that δ truly sits in HEq. Then it’s possible to make two Type I errors in TST:

▶ I can conclude that δ sits in HInf when it really sits in HEq

▶ I can conclude that δ sits in HSup when it really sits in HEq

This issue doesn’t show up for TST’s equivalence test

▶ This is because in order to conclude that δ sits in HEq, I already have to reject both that it sits in
HInf and that it sits in HSup

Vrije Universiteit Amsterdam and Tinbergen Institute Jack Fitzgerald 29/41



Intro Equivalence Testing Robustness Results Three-Sided Testing The Future

A Multiple Testing Caveat (2/2)

We therefore need multiple hypothesis corrections for TST’s inferiority and superiority tests, but not
for its equivalence test

▶ Goeman, Solari, & Stijnen (2010) deal with this using a simple Bonferroni correction on the
critical values for TST’s inferiority and superiority tests

▶ This is a special case with two simultaneous tests, so this correction just cuts effective
significance levels in half

We can control the error rate across all three tests in TST at α (e.g., 5%) by using two effective
significance levels:

▶ The equivalence test is conducted with significance level α (e.g., 5%), just as usual

▶ The inferiority and superiority tests are conducted with significance level α/2 (e.g., 2.5%)

▶ Convenient coincidence – because the inferiority/superiority tests are one-sided tests, we can
identically just do two-sided tests for inferiority/superiority at significance level α (e.g., 5%)!
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Double-Banded Confidence Intervals
We can thus visualize TST using a combination of (1− α) and (1− 2α) confidence intervals (CIs)

A double-banded CI displays an estimate’s (1− 2α) CI (e.g., 90% CI) in thicker bands and its (1− α)
CI (e.g., 95% CI) in thinner bands
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Return of the Stapler: TST + Standard NHST

What if our ROPE can change over time?

▶ E.g., what seems like a small financial gain to a healthy organization may become
game-changing in times of financial distress

In this case, it may be useful to record standard NHST results

▶ Knowing an intervention has some nonzero effect may be useful to inform future
experiments/policies

You can staple standard NHST onto TST without any loss in power/error rate control
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Why Stapling NHST Onto TST Works
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Inconclusive Results

If your estimate is close to a ROPE bound and/or imprecise, it may not be possible to find stat. sig.
evidence that δ is bounded in any TST region

▶ The conclusion to reach in this setting is that your results are inconclusive

▶ I.e., you don’t have enough power to say the TST region in which δ lies with sufficient certainty

This is an uncomfortable finding, but it is an important admission

▶ If a doctor doesn’t know whether you have a disease, you don’t want them to tell you ‘yes, you
have it’ or ‘no, you don’t’ – you want them to get more data and run more tests!

▶ Distinguishing between imprecise results and precise nulls requires us to be able to name when an
estimate is imprecise

▶ This requires scientists to refrain from making conclusive statements about statistical
relationships when they don’t have enough power/precision to make reasonably certain
conclusions
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What Statistical Significance Means in TST
Statistical significance in standard NHST is a certainty guarantee over error rates when you argue a
nonzero relationship exists

▶ If all goes well, we won’t be wrong more than 100α% of the time when we say a stat. sig.
relationship is nonzero

Without ROPEs, researchers lean on these certainty guarantees to get a sense of whether relationships
are ‘significant’

▶ This abuses the word ‘significant’ a bit

TST decouples ‘certainty’ and ‘significance’

▶ In TST, ‘significance’ is determined from an estimate’s relationship with the ROPE

▶ Statistical testing is then just about making sure we have enough precision to say certainly, with
error rate control, which TST region a relationship lies in

In this context, α significance thresholds specify error rates on practical significance conclusions

▶ I.e., if all goes well, we won’t be wrong more than 100α% of the time when we make conclusive
claims about the practical significance of an estimate
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Software

Link:
https://jack-fitzgerald.shinyapps.io/shinyTST/

We provide several tools for researchers to
easily apply TST

1. The ShinyTST app, a Shiny app

2. The tst function in my eqtesting R
package (https://github.com/jack-
fitzgerald/eqtesting/), forthcoming at
CRAN

3. The tsti command in Stata, now
downloadable from SSC (ssc install

tsti)
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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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Extension: Manipulation Testing in Regression Discontinuity
In RDD, it’s common to test whether there are
significant jumps in running variable (RV) density
at treatment cutoffs

▶ Like many robustness checks, null results are
desirable (Dreber, Johannesson, & Yang
2024)

I develop equivalence testing procedures for these
RV manipulation tests

▶ In a sample of 36 published RDD papers, I
find similar robustness failures

▶ 44% of RV density discontinuities at
treatment cutoffs can’t be significantly
bounded beneath a 50% upward jump

Equivalence testing → entire classes of new
methods
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Replication-Based Methods Research

Common attitude towards research methods: “If it ain’t broke, don’t fix it”

▶ Many historical success stories in advancing econometric methods have come after showing
empirically that there are big problems with existing methods

▶ E.g., LaLonde (1986); Bound, Jaeger, & Baker (1995); de Chaisemartin & D’Haultfœuille (2020)

Replication-based methods research can quickly establish the importance of adopting methodological
improvements

▶ Immediately guarantees your method’s applicability in the literature

▶ Systematic searches can guard against cherry-picking

▶ Credibility advantages over simulations, where DGPs can be hacked for favorable conditions

This work is time-intensive, but worthwhile and better in teams (contact me!)

▶ What research practices annoy you?
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General Takeaways

Social scientists need to start testing hypotheses with effect sizes in mind

▶ For many relationships, there’s a meaningful smallest effect size of interest

▶ We should leverage this information to test the practical significance of estimates

There is great opportunity to develop better methods with equivalence testing

▶ Researchers often want to test whether relationships are practically equal to zero

▶ The RDD paper is a proof-of-concept; more is coming

Many debates on methods can be resolved with replication-based methods research

▶ JMP originated because I was told (repeatedly) that in top journals, p > 0.05 is a good indicator
of null relationships; 81 replications later, clearly that’s not true

▶ Growing subfield (see Hainmueller, Mummolo, & Xu 2019; Muralidharan, Romero, & Wutrich
2023; Stommes, Aronow, & Sävje 2023; Chiu et al. 2024; Lal et al. 2024)
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Thank You For Your Attention!

These Slides

Website: https://jack-fitzgerald.github.io
Email: j.f.fitzgerald@vu.nl
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Replication data for: On the reliability of published findings using the regression discontinuity
design in political science.

Dataset V1, Harvard Dataverse, Cambridge, MA, U.S.A.

Wasserstein, R. L. and N. A. Lazar (2016).

The ASA statement on p-values: Context, process, and purpose.

The American Statistician 70(2), 129–133.

Vrije Universiteit Amsterdam and Tinbergen Institute Jack Fitzgerald 10/17



Appendix

Null Claim Classification

This Happens All the Time

Vrije Universiteit Amsterdam and Tinbergen Institute Jack Fitzgerald 11/17



Appendix

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)
TOST Concept
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TOST Example

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.”

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

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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