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Abstract

Randomized control trials, RCT, have become a powerful tool for assessing the impact
of interventions and policies in many contexts. Today, they are considered the gold-standard
for inference in the biomedical fields and in many social sciences. In economics, much of the
growth has been since the 1990s. Studies can involve small-scale interventions, randomized
at the personal, family, or village level, but are sometimes also measured with province- or
national-level outcomes. Researchers have published an increasing number of studies that rely
on RCTs for at least part of the inference.

In the meantime, differential privacy (DP) has been proposed as a principled framework to
privacy protection. However, there is still no sufficient guidance for social science researchers
and practitioners on how to implement DP methods, and how to analyze DP-protected data.
Furthermore, concerns have been expressed that DP methods may reduce utility (here: inference
validity), or require much larger samples in order to achieve similar utility while providing
sufficient (superior) privacy protection.

In this study, we empirically evaluate the impact of DP methods on published analyses from
randomized control trials (RCTs), leveraging the availability of numerous replication packages
(research compendia) in economics and policy analysis. We aim to assess, for each paper,
whether an optimally chosen differentially private protection mechanism would have lead to
similar inferences compared to non DP-sanitized data, or if not, what the necessary sample size
augmentation may need to be; optimality criteria will be defined with respect to desired valid
statistical outcomes (e.g., low type 1 error, high power, unbiasness, etc). From this analysis,
we aim to distill guidance to researchers wishing to implement RCTs as to the choice between
privacy protection and power in a planned study.

This proposed paper addresses the NBER conference’s topic of “How does the use of privacy-
protected data affect the identification, estimation, and uncertainty quantification of parameters
of interest?” for field experiments and any other analysis using RCTs or surveys, in multiple
fields of economics.
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1 Introduction

Randomized control trials, RCT, have become a powerful tool for assessing the impact of interven-

tions and policies in many contexts. Today, they are considered the gold-standard for inference in

the biomedical fields and in many social sciences. In economics, much of the growth has been since

the 1990s. Studies can involve small-scale interventions, randomized at the personal, family, or

village, but are sometimes also measured with province- or national-level outcomes. Researchers

have published an increasing number of studies that rely on RCTs for at least part of the inference.

In a parallel development, the improvement in transparency in the social sciences has lead to

more and more of the supplementary materials for these articles to be made public as “replication

packages”. For instance, the American Economic Association (AEA) journals for applied economics

(AEJ:Applied) and economic policy (AEJ:EP), created in 2009, have since their inception required

that analysis data and code be made available. This has allowed other researchers to leverage the

materials, and conduct re-analyses and meta-analyses, furthering our understanding of the methods

as well as of the conclusions drawn from these studies. Meager (2019) re-analyzed numerous RCTs

to assess the robustness of their findings using Bayesian hierarchical analysis (BHA). We will return

to Meager (2019) later.

The data included in such replication packages usually allows to reproduce the results in the

papers exactly, suggesting that all the analysis is conducted on these data. However, the typical

guidance followed by researchers who conduct RCTs (Kopper, Sautmann and Turitto, 2020; DIME,

2020; Department of Health and Human Services, 2012) suggests primarily de-identification, the

most basic anonymization, as the protection mechanism, and where further anonymization is

suggested, more traditional disclosure avoidance methods (e.g., 𝑙-diversity, Machanavajjhala et al.

(2006); Hundepool et al. (2012), and other aggregation-based methods are suggested). Differential

privacy (DP) is sometimes referenced (Dwork et al., 2016; Wood et al., 2021), but as far as we

are aware, no straightforward guidance for social science researchers and practitioners is available

on how to implement DP, and how to analyze DP-protected data. This suggests that much of the

current literature is based on data analysis that is public, but possibly inadequately protected. This
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is particularly concerning because many of these studies have data from respondents in low and

middle income countries (LMIC).

One of the reasons is that there have so far not been tools available to non-specialists that would

allow for easy but efficient protection using differentially private tools. Efficiency here is defined

as “perturbing inference as little as possible compared to the unprotected inference.” We note

that inference even in the “unprotected” case is already subject to uncertainty that is often not

adequately taken into account, as evidenced by Meager (2019). This is even more important in for

the uncertainty and data modifications due to statistical disclosure limitation (SDL) (Abowd and

Schmutte, 2015; Slavkovic and Seeman, 2022, and references therein), who demonstrate a need and

(in the case of Slavkovic and Seeman, 2022) a way to make an adjustment for privacy-preservation

noise in addition to other source of uncertainty.

1.1 Research questions and academic contribution

This project sets out to provide a first assessment of the feasibility of using privacy enhancing

technologies (PETs), in particular differentially private methods, for data publication and adjusted

inference in the context of RCTs. More broadly, the project will contribute to a (short) literature on

privacy-aware analysis, and privacy-aware planning for such analyses.

The project is, as far as we know, the first systematic exploratory analysis of RCTs to understand

the impact of privacy-preservation and with the focus on LMIC data.

The project proposed here is innovative in two separate dimensions. First, it will assess the

feasibility of stronger privacy protections for data collected in LMIC, taking into account the ability

to make robust (or any) inferences. Second, it contributes to the statistical and computer sciences

literature (and the fields relying on these) assessing the interaction between causal inference and

privacy protection, in particular when privacy protection is conducted via DP methods.

We believe that the focus on RCTs is particularly well-suited for this endeavor, for several reasons.

First, methods are, in general, quite straightforward: OLS, difference-in-difference methods, possibly

even simple difference in means across treated and untreated populations. These are amongst the

first analysis methods for which adaptations to DP protection have been studied (e.g., Awan and
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Slavković, 2020; Alabi et al., 2020; Slavkovic and Molinari, 2021; Barrientos et al., 2018; Bowen

et al., 2020). Second, most RCTs are small-scale, using samples of the overall population, allowing

us to leverage privacy-amplifying methods (Balle, Barthe and Gaboardi, 2018). Third, RCTs are

often accompanied by pre-analysis plans, with specific hypotheses in mind and with the intent to

avoid false discovery. These areas have been also explored within the DP framework (e.g., Vu and

Slavkovic, 2009; Pistner, 2020; Dwork, Su and Zhang, 2021)). Finally, it is already understood

in the privacy community that the inherent noisiness of the sampling may affect inference (e.g.,

Slavkovic and Seeman, 2022). The analogy between adding noise for the purpose of BHA, Meager

(2019), and adding noise for privacy protection may be a convenient analogy to improve acceptance

of such methods. Furthermore, a similar Bayesian framework can be used to adjust noisy inference

due to privacy (e.g., Seeman, Slavkovic and Reimherr (2020).)

1.2 Research design and data.

We will re-analyze 10-12 studies that have been published, that use data from LMIC, and for

which it is known that the data documentation has been reviewed and is usable without a large

investment. The latter part is achieved by relying, where possible, on studies curated by our partners

at Innovations for Poverty Action (IPA). Additional sources may be the same set of studies used

by Meager (2019), which have already been re-analyzed once. A tentative initial list is provided in

Table 1.

We will analyze each article, identify the analysis method used, identify the variables of interest,

as well as the data generating process. Based on our knowledge of the DP literature, we will choose

the most efficient data protection (for example, based on release of synthetic microdata or summary

statistics) and where necessary adapted analysis method for the proposed inference. We will leverage,

where possible, existing methods (using R code and packages, some our own) and emerging toolkits

(e.g., openDP, Tumult lab’s forthcoming system) that are well understood and accessible to other

researchers. We will then re-run the analysis, and compare the protected inference to the original

inference.

We note immediately a particular issue that we expect to encounter. The analysis provided
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1. Randomizing Religion: The Impact of Protestant Evangelism on Eco-
nomic Outcomes (Dataverse entry; publication)

2. Identifying Information Asymmetries in a Consumer Credit Market (Data-
verse entry; project summary)

3. Getting to the Top of Mind: How Reminders Increase Saving (Dataverse
entry; working paper,publication)

4. Do Information Technologies Improve Teenagers’ Sexual Education?
Evidence from a Randomized Evaluation in Colombia (Dataverse entry;
publication)

5. Sustainable Transformation for Youth in Liberia (Dataverse entry; project
summary)

6. Profitability of Fertilizer: Experimental Evidence from Female Rice Farm-
ers in Mali (Dataverse entry; publication)

7. The Impact of Financial Education for Youth in Ghana (Dataverse entry;
working paper)

8. Partnership Schools for Liberia (Dataverse entry; project summary)

Table 1: Tentative list of RCTs with available data, LMIC

here is contingent on data that have already been collected. If, as we expect, inference based

on privacy-protected data is more tenuous and noisier, one implication is that the typical power

calculation should be adjusted to take privacy protection into account, presumably leading to higher

required sample sizes (e.g., Vu and Slavkovic, 2009). Expressed differently, to the extent that

power calculations suggested the appropriate minimal sample sizes used by the studies that we will

re-analyze, these studies may be under-powered with respect to optimal privacy-protected inference.

As part of our analysis, we will endeavor to recover the necessary sample size that would have been

needed in order to obtain the same originally intended power.

2 Privacy analysis of chosen papers

Coming (expected February 2023).
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https://doi.org/10.7910/DVN/6WOMEU
https://academic.oup.com/qje/article/136/1/293/5860785
https://doi.org/10.7910/DVN/LZUZNA
https://doi.org/10.7910/DVN/LZUZNA
https://www.povertyactionlab.org/evaluation/identifying-information-asymmetries-consumer-credit-market-south-africa
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/UJD5OP
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/UJD5OP
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=1640984
https://doi.org/10.1287/mnsc.2015.2296
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/H82SFI
https://www.poverty-action.org/publication/do-information-technologies-improve-teenagers%E2%80%99-sexual-education-evidence-randomized
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/CORNOC
https://www.poverty-action.org/study/impact-cognitive-behavior-therapy-and-cash-transfers-high-risk-young-men-liberia
https://www.poverty-action.org/study/impact-cognitive-behavior-therapy-and-cash-transfers-high-risk-young-men-liberia
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/H3ITOI
https://faculty.wcas.northwestern.edu/lab823/fertilizer_mali.pdf
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/GDP2YP
https://papers.tinbergen.nl/15043.pdf
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/5OPIYU
https://www.povertyactionlab.org/evaluation/partnership-schools-liberia-psl
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3 DP methods for chosen papers

Coming (expected April 2023)

4 Results

Expected June 2023.

5 Discussion

Coming.

The results from this project will ensure that privacy of data contributors to RCTs will be more

strongly protected, while maintaining the ability to draw meaningful inferences. While policy-

oriented stakeholders are primarly interested in the latter, citizens that contribute their data to RCTs

and companies, such as fin-tech providers, that provide key data to researchers are also heavily

invested in protecting privacy. Consumer and citizen protection agencies, ethic review boards,

and other regulators, should be interested in knowing of the existence of such methods, possibly

facilitating approval of studies in the presence of strong privacy guarantees.
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