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1. Widely used to measure differential outcomes in markets

• Bertrand and Mullainathan (2004): labor outcomes by race

• Annan (2020): mobile money overcharging by gender

2. False positives about discrimination can come with heavy 

consequences (e.g., regulatory attention)

Motivation: Robust Inference for Audit Studies



1. What are appropriate standard errors?

• Abadie et al. (2017): study design and sampling design should guide our choice

• However, audit studies provide many different rationales

2. How much does getting it wrong matter?

3. Can we provide tools for design of powered studies that account for 

robust inference?

Research Questions



Research question: Are women charged more than men when making cash out 

transactions at mobile money agents?

Sampling design: sample agents

Study design: we assign male and female shoppers to complete cash out 

transactions at multiple agents

Analysis: We regress the charges on gender to measure the differences in outcome 

by gender (𝛽 below)

𝐶ℎ𝑎𝑟𝑔𝑒𝑖𝑗 = 𝛼 + 𝛽 𝐹𝑒𝑚𝑎𝑙𝑒𝑖 + 𝜀𝑖𝑗

Here we would want cluster on agent (sampling) or shopper (study design), or both

A Mobile Money Overcharging Example



• Clustering one-way on shopper and two-way 

clustering are balanced in terms of false 

positives

• Clustering one-way on agent is more liberal 

than i.i.d. errors

• Clustering on market is also liberal

• Too few clusters (Cameron and Miller, 2015)

• Wild cluster bootstrap (MacKinnon and 

Webb, 2018)

How much does it matter?



• Two-way clustering isn’t an option in standard commands

• Burlig et al. (2020) offers simulation and analytical calculations for panel RCTs

• One-way clustering and serial correlation

• Can we build something similar for audit studies?

• Training auditors is difficult, often working with few auditors per market and few 

markets – how to trade off markets, auditors, and agents? 

Power and Audit Study Design
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Data is generated:

𝑦𝑖𝑗𝑚 = 𝜇 + 𝛽 𝑇𝑖𝑚 + 𝛾𝑖𝑚 + 𝛿𝑗𝑚 + 𝜀𝑖𝑗𝑚

• 𝑇𝑖 = 1 shopper 𝑖 is female, 0 male

• Simulate under the null (so 𝛽 = 0), ignore shifts in outcome (𝜇 = 0)

• 𝜌𝑆 is shopper ICC, 𝜌𝐴 is agent ICC, I use 𝜌𝑆 = 𝜌𝐴 = 0.05

• Idiosyncratic shock 𝜀𝑖𝑗𝑚 ∼ 𝑁(0, 𝜎𝜀
2). I use 𝜎𝜀

2 = 1

• Shopper shock: 𝛾𝑖𝑚 ∼ 𝑁(0, 𝜎𝛾
2), where 𝜎𝛾

2 =
𝜌𝑆𝜎𝜀

2

1−𝜌𝑆−𝜌𝐴

• Agent shock: 𝛾𝑗𝑚 ∼ 𝑁(0, 𝜎𝛿
2), where 𝜎𝛿

2 =
𝜌𝐴𝜎𝜀

2

1−𝜌𝑆−𝜌𝐴

Data Generating Process: Simulations



More Results: False Positive Simulations


