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This paper bridges welfare economics and machine learning econometrics to develop
empirically implementable algorithms for optimal audit targeting. We derive a sufficient
statistic-based targeting algorithm that depends on three individualized causal effects: the
immediate revenue recovered from an audit, the causal effect of an audit on long-run tax
revenue, and the marginal administrative cost of an audit. We estimate these effects with a
variety of machine learners comparing causal forests, LASSO, gradient boosted trees, and
neural networks using the universe of Pakistani income tax returns, exploiting years in which
audits were assigned completely at random. We implement our targeting algorithms in out-of-
bag years, comparing them to the real-world policy when audits were partially or entirely
targeted. We show that the real-world audit program in Pakistan lost almost 173,000 Rs (about
$1,700) in net revenue per-audit, while our optimal policy generates 285,000 Rs (about $2,800)

Figure 1: plots binscatters of actual revenue recoup (AR;") vs. predicted revenue

recoup (Aﬁ?’) in 2015 plus 3 out-of-sample years. Our models predict recoup
with a high level of accuracy over all percentiles of AR;™ without loss over time
Table 2: Applies our targeting algorithm to the first year of non-random audits in
Pakistan.

* |n this year (2016), Pakistan raised only $0.21 per-S1 spent on audits.

* Our optimal policy generates $3.59 per-S1 spent on audits in that year

 The welfare incidence of our optimal policy is comparable to that of the US

in expected net revenue per-audit. We also find that targeting audits based on immediate -
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 Under mild assumptions, 3 individualized causal effects are needed to target (c) R™ (Year = 2017) (d) R™ (Year = 2018)
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fMean ﬂﬁ;" 23,233.92 1,232.59 158,762.60 6,410.33 2.616.49 3,805.91
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Year Filers Filers Regime Audited Audited Evaders Evaded (Avg.) .
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 Table 1: We observe all Pakistani income tax returns and audits from 2014 — 0 . uptront.
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officer time-use to estimate AC; .
* |In 2014 and 2015, audits were completely randomized in Pakistan, allowing us COnCIUS|OnS
to estimate Aﬁ?‘ and ARl.fwith causal machine learning * We present a framework for optimal audit targeting with machine learning and
* Train cross-validated and debiased ML estimators of individualized treatment corresponding empirical evidence of its efficacy
effects: * In Pakistan (and possibly many other countries), we argue that targeting audits
e (1) LASSO on immediate recoup likelihood is a poor approach to growing the long-run tax

 (2) XGBoost
* (3) Neural Networks with L2-regularization

base. We provide evidence that the tax base can be grown substantially by
following our ML-based targeting algorithms
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