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• What is policy learning?
Process of improving program impact/welfare achievements by re-iterating
policies over time

• Optimal treatment assignment
Policymakers can optimally fine-tune the treatment assignment of a
prospective policy using the results from an RCT or observational study.
Assignment rules depends on the class of policies considered (here we focus
on threshold-based, linear-combination and decision-tree policies)

• Maximizing constrained impact/welfare
The policymaker hardly manage to reach the best solution (unconstrained
maximum impact/welfare) because of institutional/economic contains of
various sort

DEFINITION 
OF OPL
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Policy as a 
selection problem



Example: Active Labor Policy 

Population = 18 unemployed people
Policy = [Voucher for training; Nothing]

Objective = Probability to become employed
Budget = 100K

Cost = 10K
Coverage = 100K/10K = 10 People to support

A 10k euro voucher to unemployed people for 
maximizing the probability to become employed in two years 
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Population = 18 unemployed people
Policy = [Voucher for training; Nothing]
Objective = Probability to become employed in two years
Budget = 100
Cost = 10
Coverage = 100/10 = 10 People to support

Population to select for support
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Population = 18 unemployed people
Policy = [Voucher for training; Nothing]
Objective = Probability to become employed in two years
Budget = 100
Cost = 10
Coverage = 100/10 = 10 People to support
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Do not support
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Population = 18 unemployed people
Policy = [Voucher for training; Nothing]
Objective = Probability to become employed in two years
Budget = 100
Cost = 10
Coverage = 100/10 = 10 People to support
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Do not support
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Population = 18 unemployed people
Policy = [Voucher for training; Nothing]
Objective = Probability to become employed in two years
Budget = 100
Cost = 10
Coverage = 100/10 = 10 People to support
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Do not support
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Population = 18 unemployed people
Policy = [Voucher for training; Nothing]
Objective = Probability to become employed in two years
Budget = 100
Cost = 10
Coverage = 100/10 = 10 People to support
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Do not support
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Population = 18 unemployed people
Policy = [Voucher for training; Nothing]
Objective = Probability to become employed in two years
Budget = 100
Cost = 10
Coverage = 100/10 = 10 People to support

If this is the selection producing the largest 
employability, this will be the optimal policy to 

implement (best selection of beneficiaries)
Support

Do not support



What does OPL maximize?

Value-function
(Welfare)

or

Total Impact
(TTET)

Average Impact
(ATET)

A policy which maximizes Welfare maximizes also the Total Impact



Policy definition



Binary Policy



Value-function 
(Welfare)



Individual Treatment Effect (ITE)



Estimation pipeline



Welfare maximization with 
Budget and Coverage Constrains



Motivation



Setting



Maximizing Total 
Welfare,
under budget 
constraint and 
minimum number 
of treated units

TTET 
(Total Treatment Effect on Treated)



Joint 
Lagrangian



Benefit Cost



Cost-effectiveness



Solution of the optimal problem 





Greedy 
approach

Rank&Cut
Algorithm 



Near-optimality
of two greedy

algorithms

Problem

The optimal optimal allocation has a knapsack-type structure

Computational insight

The Linear Programming relaxation exhibits an 𝑂 1 integrality gap
⇒ Asymptotically equivalent to the optimal discrete allocation 

Algorithms
1) Greedy–Lagrangian (GLC)

Near-optimal in finite samples

2) Rank-&-Cut (RC)
Approximately optimal when coverage is non-binding or treatment costs are 
homogeneous. Performance deteriorates only when cost heterogeneity and binding 
coverage coexist 



Rank-&-Cut algorithm
• Pick first the objects that give the most 

value for each unit of weight.

• Keep adding them until the bag is full.



Best choice Feasible choicesSelected units

Example

Rank-&-Cut
greedy algorithm

Rank of units
[ ]



Stata package OPL



Stata  opl_budget command



Although the exact optimal policy under heterogeneous treatment
costs and simultaneous budget and minimum coverage constraints is
inherently combinatorial, a simple Rank-&-Cut greedy allocation rule
based on cost–effectiveness ratios achieves good performance.

This result provides a theoretical justification for the use of ranking-
based allocation procedures in large-scale policy learning
applications, where computational simplicity and scalability are
essential.

Conclusion



❑ Policy Learning: frontier of econometrics of prog eval

❑ Theory-driven and data-driven approaches can complement

❑ Machine Learning algorithms for estimating 𝜏(X)

❑ Budget and coverage constrains are relevant

❑ Generalization to various policy classes

CONCLUSIONS





https://link.springer.com/book/10.1007/978-3-031-41337-7https://link.springer.com/book/10.1007/978-3-662-65945-8Books for learning about
Causal Inference and 
Machine Learning
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