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Abstract

A designer relies on a costly screening device to allocate a set of goods, aiming to

maximize a social welfare function. We provide conditions for one screening device

to dominate another. We show that the performance of a screening device depends

on two channels: (i) targeting effectiveness which measures the alignment between

the implemented and desired assignments, and (ii) rent provision which determines

the utilities of agents receiving the goods net of the screening costs. We link these

two channels to distinct properties of the joint distribution of agents’ characteristics,

leading to a number of empirical tests for comparing screening devices.
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1 Introduction

Public agencies are often tasked with allocating scarce resources (such as public housing,

cash transfers, or medical treatment) to a target population. In many such cases, the goal

is to maximize social welfare, which requires identifying agents with the highest social

values for the resource. This task is typically challenging due to information asymme-

tries: While public agencies may be able to access some data about potential beneficiaries

(e.g., through means testing), they generally lack the information necessary to achieve

perfect targeting. At the same time, the conventional economic solution to the problem

of private information—relying on prices to screen for agents with the highest values—

may fail in such contexts. Monetary transfers are useless for screening when the good

being allocated is money itself (e.g., when allocating cash transfers, disability insurance,

or unemployment benefits). Moreover, prices may be unavailable as a tool for political or

ethical reasons (e.g., monetary transfers were generally not used to allocate vaccines dur-

ing the COVID-19 pandemic). Finally, prices may fail to identify agents with the highest

social values when private willingness to pay diverges from the social objective (e.g., in

problems where the designer has redistributive preferences).

For these and other reasons, public agencies may rely on “ordeals” to improve target-

ing. An ordeal is a task that an agent needs to complete in order to be considered for the

allocation of the resource; ordeals are costly for the agent but do not provide any direct

benefit. Natural examples include standing in line, filling out complicated forms, deal-

ing with “red tape,” waiting, visiting an office at an inconvenient time, or traveling to a

registration site. Such ordeals serve the role of costly screening devices: They decrease

the utility of the eventual beneficiaries of social programs but may raise social welfare

on net if they improve targeting substantially. For instance, Alatas et al. (2016) analyze

the design of Indonesia’s Conditional Cash Transfer program and show that imposing

an ordeal of traveling to a registration site may improve the targeting of cash transfers.

Jiménez-Hernández and Seira (2022) demonstrate that the location of “ration stores” and

the “micro-ordeal” of standing in line at inconvenient times of day affect the targeting of

the government’s direct provision of subsidized milk in Mexico. Rafkin et al. (2025) find

evidence of socially beneficial self-targeting in a variety of US transfer programs.

Costly screening may also be induced inadvertently when scarce resources are allo-

cated for free—the classical example is waiting time in access to public health care (see,

e.g., Rose 2021, Zeckhauser 2021). During the COVID-19 pandemic in the United States,

costly screening played a role in determining the allocation of vaccines among agents eli-

gible for vaccination within a given phase—getting a vaccine early often required spend-
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ing time on the phone, monitoring online queuing systems, or traveling to a faraway

pharmacy (see, e.g., Jean-Jacques and Bauchner 2021).

The pervasiveness of costly screening devices in resource allocation problems moti-

vates our main question: What makes one costly screening device better than another?

The primary contribution of the paper is to provide a sufficient condition for a robust

ranking of two screening devices, where robustness is with respect to the level of sup-

ply of the resource being allocated. Our sufficient condition identifies two properties

of a screening device that together determine its welfare consequences. The first one is

targeting effectiveness which measures whether using a given screening device results in

allocating the resources to the “right” agents, that is, those with the highest social values.

The second one is rent provision which measures the surplus of agents that receive the

resource net of the cost of completing the ordeal.

Overview of the model. To explain these findings in more detail, we first sketch our for-

mal model. A mechanism designer has a fixed supply of goods that she allocates to a set

of agents. Allocation can be stochastic and contingent on completing an ordeal, poten-

tially with varying degrees of difficulty or arduousness (e.g., if the ordeal is to wait, the

designer may decide how much the agent needs to wait to obtain a resource of a given

quality). Agents have quasi-linear utilities, and are heterogeneous along three dimen-

sions: their private value for receiving the good, their social welfare weight, and their

per-unit-of-difficulty cost of completing the ordeal. These characteristics are agents’ pri-

vate information but we assume that the designer knows their joint distribution. The goal

of the designer is to maximize social welfare defined as the sum of utilities of all agents

weighted by their welfare weights, net of the costs of completing the ordeal. In particular,

the first best is to allocate the resources to agents with the highest social value—the high-

est product of the private value with the welfare weight. In the second best, the designer

maximizes social welfare over the entire set of incentive-compatible mechanisms, with

the ordeal being the only instrument allowing the designer to screen agents.

In this framework, a costly screening device is modeled as a joint distribution of pri-

vate values, welfare weights, and costs. Comparing two screening devices consists of

comparing the performance of the optimal allocation mechanisms for two joint distri-

butions that have the same marginal distribution of private values and welfare weights.

That is, a given ordeal is identified with the marginal distribution of costs for complet-

ing it and the correlation of these costs with private values and welfare weights. We say

that screening device A dominates screening device B if the optimal mechanism under

the joint distribution induced by device A achieves a higher level of social welfare than
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the optimal mechanism under the joint distribution induced by device B, for any supply

level of the good being allocated.

Our main technical result is a sufficient condition for screening device A to dominate

screening device B. The sufficient condition quantifies the effects of the two channels

mentioned previously: targeting effectiveness and rent provision. Formally, targeting ef-

fectiveness is captured by the expectation of social values conditional on a given rate of

substitution—the ratio of the private value of the good to the cost of completing the ordeal.

Rent provision is determined by the dispersion of the distribution of the rate of substi-

tution. These two statistical objects—the conditional expectation of social values and the

marginal distribution of the rate of substitution—together pin down the performance of

a screening device.

The importance of targeting effectiveness for the performance of a costly screening

device is intuitive: Incurring the deadweight loss associated with an ordeal can be justi-

fied only if screening is improved relative to the untargeted allocation of the resource.1

Below, we illustrate the importance of the perhaps less intuitive rent-provision channel

using an example; we show that the designer may opt for a device that achieves worse

targeting provided that it has a more dispersed distribution of the rate of substitution.

An illustrative example. The good being allocated is money, with every recipient awarded

an amount that we normalize to $1. (In this special case of our model, the private value for

the good is by definition 1 for every agent, because we measure private values and costs in

dollars.) The population of agents has mass 1, but the designer only has a mass s ∈ (0,1)

of money to allocate. Each agent has one of three possible types, p(oor), m(iddle class), or

r(ich), and each type is equally likely. The designer places a social welfare weight λ = 3

on agents with type p, λ = 1 on agents with type m, and λ = 0 on agents with type r.

There are two screening devices available, A and B, with per-unit-of-difficulty costs ci ,

i ∈ {A, B}, as in Table 1, where ε is a small positive number.

cA cB λ

p 1− 2ε ε 3
m 1− ε 2 1
r 1 1 0

Table 1: Screening device A is more correlated with the social values, while screening
device B has a higher dispersion of costs.

1This point was made in the literature at least as early as Nichols and Zeckhauser (1982).
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(a) Screening device A (y = 1) (b) Screening device B (y = 1
2 )

Figure 1: Allocation and total welfare for the illustrative example. Difficulty y is set to
the lowest level that makes the highest-cost group unwilling to perform the ordeal. The
resulting rents for the recipients of aid are indicated by the red arrows.

To simplify calculations, suppose that s = 2/3, so that the designer has enough money

to give a dollar to each agent in two out of the three groups. The first best (under perfect

information) would be to give money to agents in groups p and m, generating a total

social welfare of (1/3) ·3+(1/3) ·1 = 4/3. When types are unobserved, without a screening

device, the designer can allocate money randomly, generating a total social welfare of

(2/3)((1/3) · 3 + (1/3) · 1 + (1/3) · 0) = 8/9.

Next, consider using a costly screening device i ∈ {A, B}: The designer gives money

conditional on completing an ordeal with some difficulty y > 0. Since an agent’s private

benefit from getting a dollar is 1, she will complete the ordeal if her utility 1 − ciy is

positive (equivalently, the rate of substitution 1/ci exceeds difficulty y), generating λ(1−
ciy) of social welfare.

Ordeal A achieves perfect targeting: The designer is able to target monetary transfers

to agents in groups p and m by setting the difficulty of ordeal A to be y = 1 (the lowest

difficulty that disincentivizes agents with type r from applying). Ordeal B, in contrast,

allocates money to groups p and r (by setting the difficulty of the ordeal to be y = 1/2),

since in this case agents in group m find it more costly to apply than agents in group r.

However, it is easy to see that screening device B is better for the designer than screen-

ing device A: Using ordeal A leads to total social welfare (1/3) · 3 · (2ε) + (1/3) · ε = (7/3)ε

(in fact, ordeal A is worse than random allocation for small enough ε), while using ordeal

B leads to total social welfare (1/3) · 3 · (1− ε(1/2)) = 1− ε/2 (only group p both consumes

and has a positive welfare weight). Figure 1 illustrates the resulting allocation and the
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calculation of total welfare under each of these two screening devices.

Intuitively, screening device B outperforms device A because it gives more net utility

to the recipients. The key observation is that costs are more dispersed under device B.

This means that low-cost agents can be separated from high-cost agents at a low utility

cost to the former; in contrast, device A achieves separation at the cost of suppressing

the net utility of the recipients almost to zero. This effect—which has nothing to do with

targeting—is what we call the rent-provision channel.

In the example above, we assumed that the difficulty of the ordeal is set to “clear the

market”; however, the ranking is the same when the designer uses an optimal mecha-

nism (possibly involving multiple ordeal difficulties and stochastic allocations) for each

screening device. Moreover, while assuming s = 2/3 was convenient for calculations, as

long as ε is low enough, ordeal B strictly outperforms ordeal A for any supply s ∈ (0, 1).

Economic implications. Our results formalize the intuition of the simple example by

defining a notion of dispersion of the rate of substitution. Holding fixed the targeting

effectiveness of a screening device, increasing the dispersion of the rate of substitution

raises the maximal social welfare that can be generated by a screening device, for any

supply level. In particular, using a costly screening device with low dispersion can lead

to arbitrarily low welfare regardless of its targeting effectiveness, while costly screening

devices with high dispersion may even approach the first-best level of welfare.

This observation has implications for how the same type of screening device (e.g.,

waiting in line) performs in different environments, since the environment may affect the

distribution of the rate of substitution. If the ordeal involves sacrificing time, a common

assumption in the empirical literature (see, e.g., Alatas et al. 2016) is that the hourly wage

rate represents the relevant (opportunity) cost per unit of difficulty (one hour). Under

this assumption, income inequality becomes a key feature of the environment determin-

ing the performance of screening devices. Concretely, our results suggest that higher

dispersion in post-tax wages (within the eligible subpopulation) improves welfare under

a time-based screening device. Thus, time-based ordeals are more likely to be effective

when progressive income taxes (or other forms of income redistribution) are absent, as is

the case in many developing countries (see, e.g., Benedek et al. 2022).

As the main application of our results, we focus on allocating monetary transfers

and develop strategies for empirically assessing the performance of screening devices

(see Section 4). First, in settings with rich data, we derive two sufficient statistics—

corresponding to the two channels we identified—that an empirical researcher can re-

port to evaluate a screening device. The targeting-effectiveness channel can be quantified
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by measuring the average welfare weights (or the observable characteristics on which

they are based) among recipients—a statistic commonly found in empirical work. The

rent-provision channel requires measuring the take-up elasticities with respect to ordeal

difficulty—a statistic that has been estimated in some settings but is not typically re-

ported for the purpose of evaluating costly screening. We describe ideal experiments

and policy variations to measure these sufficient statistics. To directly implement our

theory, these statistics need to be estimated pointwise at different levels of supply. We

also propose parametric restrictions for settings with limited data. In particular, under a

log-normal parametrization, a point estimate of these statistics is sufficient for a global

ranking. We thus argue that reporting point estimates of take-up elasticities can be infor-

mative for comparisons of competing ways of targeting cash transfers. Finally, we derive

qualitative implications that identify simple modifications to existing screening devices

whose directional effect on welfare can be predicted without access to data.

Externalities. Our baseline analysis treats ordeals as purely wasteful, serving no purpose

other than screening. In Section 6, we relax this assumption and extend the framework

to accommodate allocative and ordeal externalities. This generalization covers a range

of additional applications, including paternalistic social preferences (an allocative exter-

nality), workfare requirements (which make ordeals partially productive), and misper-

ceptions about eligibility (which can be modeled as an ordeal externality). Interestingly,

applying our results reveals that misperceptions—such as those documented by Finkel-

stein and Notowidigdo (2019)—do not always harm welfare; they may even improve the

performance of a costly screening device by reducing equilibrium rent dissipation.

1.1 Related Literature

Theoretical literature. The idea that ordeals can be useful for screening in the absence

of monetary transfers is a classical one within economic theory. Nichols and Zeckhauser

(1982) were among the first to point out that, in settings where the designer does not ob-

serve individual characteristics, it may be optimal to use a screening device that is costly,

as long as the costs are sufficiently lower for the target population (see also Nichols et al.

1971; Parsons 1991; Besley and Coate 1992). To the best of our knowledge, the sizable

literature on costly screening (for example, Banerjee 1997, Hartline and Roughgarden

2008, Condorelli 2012, Chakravarty and Kaplan 2013, Ambrus and Egorov 2017, among

many others) has focused on the optimal design of an allocation mechanism for a fixed

costly screening device. Thus, our contribution to the theoretical literature is to provide

an intuitive condition for comparing different screening devices. Additionally, we clarify
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circumstances under which a costly screening device is outperformed by, or outperforms,

monetary transfers as a screening device.

Our focus on maximizing social welfare (rather than allocative efficiency) follows a

growing body of papers on inequality-aware market design (see, in particular, Condorelli

2013 and Dworczak rO al. 2021). Our setting is closest to the one studied by Akbarpour

rO al. (2024). They characterize optimal mechanisms for a fixed screening device: The

optimal mechanism generally involves various regions of assortative and random allo-

cation, depending on the inverse hazard rates of the type distribution weighted by the

social welfare weights. Looking at the problem of allocating cash transfers, Dworczak

(2025) provides necessary and sufficient conditions under which a given costly screening

device outperforms a lump-sum transfer.

When multiple screening devices are available, it is theoretically appealing to let the

designer choose a mechanism that combines them optimally. However, doing so leads to

a multidimensional screening problem, which is generally intractable (Rochet and Stole

2003). Only a few papers have examined the usefulness of costly screening devices in

multidimensional settings. Yang (2022) derives conditions under which a monopolist

cannot increase revenue by adding a costly screening device to monetary transfers when

selling a good.2 Tokarski (2025) studies the allocation of two types of goods using two

wasteful screening instruments—ordeals and damages (which reduce the utility of a good

in proportion to the agent’s value)—and derives conditions under which only the ordeal

should be used in the optimal mechanism. In contrast, our approach sidesteps the mul-

tidimensionality by comparing the welfare levels achieved by optimal mechanisms that

rely on a single screening device at a time. This makes the analysis tractable and likely

more practical in environments where the fully optimal mechanism would be complex.

Empirical literature. There is a sizable empirical literature on targeting through ordeals

(see, for example, Alatas et al. 2016; Finkelstein and Notowidigdo 2019; Deshpande and

Li 2019; Brot-Goldberg et al. 2023; Russo 2024; Rafkin et al. 2025).3 This literature has

successfully quantified the targeting effectiveness of different ordeals in the context of

various welfare programs using (natural) experiments that perturb the application costs.

For example, Deshpande and Li (2019) analyzed how quasi-random closures of SSA

field offices—leading to increased travel and congestion costs—affected the composition

and acceptance rates of applicants for disability insurance; Finkelstein and Notowidigdo

2See also Yang (2025), which applies results from multiproduct bundling to derive further conditions
for when combining costly screening with prices can improve revenue.

3See Hanna and Olken (2018) and Banerjee et al. (2024) for reviews of the literature on social program
design and targeted transfers. There is also a related literature on targeting through in-kind transfers; see,
e.g., Lieber and Lockwood (2019) and Waldinger (2021).
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(2019) implemented an experimental design in which randomly selected elderly individ-

uals received assistance in applying for SNAP benefits (a reduction in the application

costs); Russo (2024) exploited a policy change in the Veterans Health Administration

healthcare system to identify the distribution of waiting costs, and subsequently quan-

tified the welfare effects of various counterfactual rationing mechanisms (based on wait

times or willingness to pay); Rafkin et al. (2025) analyzed a number of transfer programs

in the US and found evidence that voluntary take-up (associated with the ordeal of ap-

plying for aid) outperforms automatic enrollment on the margin due to advantageous

self-targeting.

We complement the empirical literature in two ways. First, we identify rent provision

as an important channel determining the welfare consequences of using a costly screening

device. Empirical work used various ways to measure welfare impacts in their respective

contexts; however, to the best of our knowledge, the importance of the dispersion in rates

of substitution through the rent-provision channel has not been recognized.4 Measuring

the quantitative effects of this channel is relatively straightforward—our analysis reveals

that it is analogous to estimating demand elasticities in a standard market with money. In

a recent empirical paper, Russo (2024) validated our theoretical approach by estimating

the wait time elasticities pointwise at different wait time levels; she found that wait time

elasticities are three times as large as price elasticities, resulting in small net utility for the

inframarginal recipients of healthcare services rationed via wait times—consistent with

our theoretical predictions.

Second, empirical analysis is typically limited to studying “local” perturbations to

application costs that do not affect the welfare program itself. This means that they must

parameterize the extensive margin by putting a social value on the marginal dollar or

unit of resource allocated by the program. Theoretical analysis allows us to focus on the

intensive margin by assuming that the planner selects an optimal allocation mechanism

for any given screening device: A switch to a new screening device induces a change in

the program rules, so that the same amount of resources is allocated.5 This perspective

casts new light on what makes a screening device attractive. For example, the absolute

level of the cost becomes irrelevant for welfare (doubling the cost results in halving the

requirements for successful applicants), and what matters instead is the dispersion that

4One reason why dispersion in rates of substitution does not appear in empirical papers such as Rafkin
et al. (2025) is that they evaluate welfare changes on the margin (i.e., for a small change in the structure of
the transfer program), and hence the distribution matters only through a local elasticity term. We establish
a connection between local elasticity measurements and our dispersive order in Section 4.

5Our insights remain unchanged if—instead of the optimal mechanism—the planner selects a mech-
anism that “clears the market” in which case a switch to a new screening device triggers an endogenous
adjustment of ordeal difficulty (e.g., wait time) so that total demand equals supply.
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determines the actual utility cost of obtaining the resource in the optimal mechanism.

Overview. The remainder of the paper is organized as follows. Section 2 presents our

model. Section 3 presents our main results. Section 4 applies the main results to the

setting of allocating money and derives empirical implications. Section 5 discusses the

limits of costly screening. Section 6 generalizes the model to accommodate settings with

externalities. The appendix provides proofs of all results and supplementary material.

2 Model

A designer allocates a set of objects with (potentially) heterogeneous quality to a unit

mass of agents. Each agent has a welfare weight λ ≥ 0 and private value v ≥ 0. The

distribution of (λ,v) is fixed and assumed to be known to the designer. The designer

observes neither v nor λ for any individual agent; the assumption that the welfare weight

is unobservable captures a situation in which the designer has redistributive preferences

but does not perfectly observe who is most in need.6

There is a unit mass of objects. Each object has a quality q ∈ [0,1]. The cumulative

mass of objects with quality less than or equal to q is given by the quality distribution F

on [0,1].7

If assigned an object of quality q, an agent with type (λ, v) gets a payoff vq and the

designer gets a payoff λvq. The value v is measured in monetary units and λ can be

thought of as converting monetary units to social-utility units, that is, λ is the value for

the designer of giving the agent a dollar.8 We will sometimes refer to λv as the agent’s

social value. If the good being allocated is money, then v ≡ 1, by definition; q should

be interpreted as quantity rather than quality (with an upper bound on an individual

allowance normalized to 1), and F can be taken to have mass only at 0 and 1.

We assume that the designer can condition allocations of resources on agents perform-

ing some costly task—an “ordeal.” Crucially, agents may differ in their costs of complet-

ing different types of ordeals, and these costs may be correlated with their other charac-

teristics. We thus identify a costly screening device with the conditional distribution of

costs that it induces in the target population. We assume that these costs scale linearly

6If the designer has access to observable information about agents, the private information in our model
can be interpreted as the residual uncertainty conditional on observable information.

7The assumption that F is a CDF is without loss of generality since we can always add a set of goods
with quality 0.

8We use money to measure values even though monetary transfers are not available to the designer as a
tool. As long as λ is interpreted correctly, it does not matter in which units individual utility is measured—
using monetary units (effectively, willingness to pay) is convenient for interpretations.
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with the difficulty level of the task, denoted y (e.g., if the ordeal is waiting, y measures the

amount of time the agent must wait). An agent with cost parameter c incurs an additive

cost cy for completing the ordeal with difficulty y, with c interpreted as the per-unit-of-

difficulty cost measured in monetary units.

Formally, a screening device D is a (regular) conditional distribution

D : (λ,v)→ ∆(R++)

that maps a given pair of welfare weight λ and private value v to a distribution of costs

c. That is, D(λ,v) is the distribution of costs for the group of agents with welfare weight

λ and private value v. We may equivalently identify a screening device with the joint

distribution of (λ,v,c) (with the joint distribution of λ and v held fixed across different

screening devices).

Given a screening device, if an agent of type (λ,v,c) receives an object with quality q

by performing a task with difficulty y, his payoff is given by vq − cy, and the designer’s

payoff is given by λ(vq − cy). For any screening device D, let

r ≡ v/c

be the induced rate of substitution between receiving the object and avoiding the costly

activity. Let G denote the marginal distribution of r, which we assume has a continuous,

positive density on an interval. Note that a screening device is uniquely identified by the

joint distribution of (λ,v, r). This representation is convenient because r fully summarizes

an agent’s preferences over choices available in any mechanism.

For a fixed screening device, the mechanism chosen by the designer specifies a menu

of allocations (lotteries over qualities) and the corresponding ordeal difficulties required

to obtain them. Each agent, if participating, selects an option from the menu and per-

forms the ordeal at the specified difficulty in exchange for the lottery. By the revelation

principle, conditional on a given screening device, the designer chooses, without loss of

generality,9 a (direct) mechanism

(Γ , y) : r→ ∆([0,1])×R+

that maps a reported r to a probabilistic assignment Γ over the set of qualities [0,1] and

an ordeal difficulty y ≥ 0. The assumption that y is any non-negative number means

9Looking at direct revelation mechanisms that only elicit information about r is without loss of gener-
ality in our setting because r fully pins down an agent’s preference (see Akbarpour rO al. 2024).
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that the designer can freely adjust the difficulty of the costly activity. For a probabilistic

assignment Γ , let xΓ (r) :=
∫ 1

0
qdΓ (q | r) denote the expected quality that type r receives.

A mechanism (Γ , y) is feasible if it satisfies (i) incentive-compatibility (IC) and individual-

rationality (IR) constraints:

rxΓ (r)− y(r) ≥ rxΓ (r̂)− y(r̂), for all r, r̂,

rxΓ (r)− y(r) ≥ 0, for all r,

and (ii) the feasibility constraint:

F(q) ≤
∫ r

r
Γ (q | r)dG(r) for all q ∈ [0,1] .

The feasibility constraint states that the distribution of assigned qualities must be first-

order stochastically dominated by the distribution of available qualities, i.e., free down-

grading of quality is allowed.

Let M(D,F) be the space of feasible mechanisms for a given costly screening device

D and supply of quality F. The designer wants to maximize total social welfare over all

feasible mechanisms:

OPT(D,F) := sup
(Γ ,y)∈M(D,F)

ED

[
λ
(
vxΓ (r)− cy(r)

)]
,

where OPT(D,F) is the optimal value achievable under screening device D and quality

distribution F, and ED indicates that the conditional distribution over c is given by D.

Finally, we say that a screening device D1 dominates another screening device D2 if

OPT(D1,F) ≥OPT(D2,F)

for every quality distribution F on [0,1].

Robust comparison. Our definition of dominance asks for robustness of the comparison

of screening devices with respect to the available supply of the good. The reason is two-

fold. First, institutions for allocating public resources are typically persistent and used

across multiple instances of the allocation process, while the supply of the good may often

fluctuate over time. Second, requiring robustness to the supply side brings out structural

properties of the screening device from the demand side. Similar to the Blackwell order

over experiments (Blackwell 1951), which asks for the experiments to be ranked for all

decision problems, our dominance order aims to abstract away from the details of the

12



supply information and focus on properties of a screening device that make it perform

better in all environments.

If the designer has more supply-side information, the induced partial order over

screening devices is a refinement of our fully robust order. To illustrate, suppose that

the designer knows that available supply F belongs to a set F ⊆ ∆([0,1]), and wants the

comparison to be robust only with respect to F ∈ F . For any such information set F , if

one screening device dominates another according to our order, then the designer would

continue to prefer the dominating device. Furthermore, the same comparison continues

to hold when the designer can choose among different quality distributions F subject to

production costs C(F). In particular, for any cost function C : ∆([0,1])→R, if one screen-

ing device dominates another, then the designer prefers the dominating screening device

when the quality distribution is optimally chosen.

Of course, weakening the comparison to a specific subset F may yield more permis-

sive sufficient conditions. If the allocated goods had homogeneous quality normalized to

1 (e.g., the designer allocates money), then F would consist only of distributions F sup-

ported on {0, 1}. As our proofs reveal, that would not refine the order. However, if the

mass of available goods were known to be always lower than s̄ < 1, then additional pairs

of screening devices could be ranked. Intuitively, assuming that it is optimal to allocate

to agents with the highest rate of substitution, the properties of the left tail of the distri-

bution of the rate of substitution (below the 1 − s̄ quantile) would no longer matter for

the performance of a screening device. Our focus on a maximally robust ranking implies

that the conditions we provide are responsive to properties of the distribution associated

with a given screening device in every region of its domain; with restrictions on supply

level, similar conditions apply but only on the relevant subdomain.

Comparison under non-optimal mechanisms. We assumed that the designer uses an

optimal mechanism for any screening device. Our main results also hold if the designer

uses a mechanism that simply “clears the market” (i.e., the ordeal difficulty equalizes

demand with supply).10 More generally, consider the class of α−market mechanisms

that, for any α ∈ (0, 1], allocate a mass α of goods with the highest qualities under the

distribution F using assortative matching between qualities and rates of substitution (the

market-clearing mechanism),11 and allocate the remaining goods uniformly at random

to agents who do not complete any ordeal (the rationing mechanism). Our results remain

unchanged if the designer is assumed to implement an α-market mechanism, for any α.

10This is a particularly natural assumption for ordeals involving queuing (see Ashlagi et al. 2022).
11Formally, assortative matching is defined by xΓ (r) = F−1(G(r)), where F−1 is the generalized inverse of

the distribution of quality F.

13



3 Main Results

3.1 Construction of the Welfare Index

For any screening device D, we define the welfare index at parameter s ∈ [0,1] to be

W (D,s) :=
∫ 1

s
E
[
λv | r = G−1(t)

]
·
(
1− G

−1(s)
G−1(t)

)
dt .

This expression quantifies an interaction between two effects that we refer to as (i) tar-

geting effectiveness (corresponding to the term E
[
λv | r = G−1(t)

]
) and (ii) rent provision

(corresponding to the term 1 − G−1(s)
G−1(t) ). Our first result shows that these two channels

together are sufficient for a robust comparison of two screening devices.

Theorem 1. For any two screening devices D1 and D2, if for all s ∈ [0,1]

W (D1, s) ≥W (D2, s) , (1)

then screening device D1 dominates screening device D2. Conversely, if screening device D1

dominates screening device D2, W (D1, · ) is concave, and inf(supp(G1)) = 0, then condition (1)

holds.

We discuss the intuition behind the construction of the welfare index and then sketch

the proof of Theorem 1.

The welfare index is parametrized by s ∈ [0,1], which can be interpreted as the fraction

of agents excluded from the allocation. Suppose that all allocated goods have quality 1.

Screening out a fraction s of agents requires that an agent with rate of substitution G−1(s)

be indifferent between no allocation and receiving the good of quality 1 after completing

the ordeal; hence, the ordeal difficulty must be set to y = G−1(s). The rent—utility net

of screening costs—of any agent who receives the good can then be written (denoting

r = G−1(t) for t > s) as

v − c · y = v − c ·G−1(s) = v ·
(r −G−1(s)

r

)
= v ·

(
1− G

−1(s)
G−1(t)

)
.

Normalizing this expression by v yields the term 1−G−1(s)/G−1(t) in the welfare index—

corresponding to the rent-provision channel.

Rents are measured in the “raw” units of allocation probability (with the utility of

receiving the good at no cost normalized to 1). Thus, the first component in the welfare
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index,

V (t) := E
[
λv | r = G−1(t)

]
,

converts rents expressed in allocation-probability units into units of social welfare—

corresponding to the targeting-effectiveness channel. Intuitively, V (t) measures how well

the allocation of rents aligns with social preferences. Mathematically, V (t) is the expected

contribution to social welfare of an agent at the t-quantile of the distribution of the rate

of substitution.

The proof of Theorem 1 relies on two simple ideas. First, we can redefine mechanisms

to depend on quantiles of the distributions rather than on agents’ rates of substitution.

This transformation enables us to compare mechanisms across screening devices. Second,

we exploit the fact that monotone allocation functions can be represented as probability

distributions over a set of one-step functions.

We briefly sketch the proof of the sufficiency direction. Fix a screening device D, a

distribution of available quality F, and a mechanism (Γ , y). Consider the induced allo-

cation rule x(t) := xΓ (G−1(t)) which gives the expected quality in the quantile space (i.e.,

when agents report their quantile in the distribution rather than their type). An agent’s

payoff can be written as G−1(t) · x(t)− y(t), after normalizing by c. By the envelope theo-

rem, letting U [x](t) denote the utility of the agent at the t-quantile under allocation rule

x, we have

U [x](t) =
∫ t

0
(G−1)′(s)x(s)ds ,

assuming G−1(0) = 0, so that U [x](0) = 0 (the proof in the appendix covers the general

case). The expected social welfare contribution of an agent at the t-quantile is (accounting

for the prior normalization by c):

E
[
λc | r = G−1(t)

]
·U [x](t) = E

[
λv | r = G−1(t)

]
· 1
G−1(t)

U [x](t) = V (t) · 1
G−1(t)

U [x](t) .

Thus, total welfare from the allocation rule x must be

S(D,F,x) :=
∫ 1

0
V (t) · 1

G−1(t)
U [x](t)dt . (2)

By standard arguments, incentive compatibility implies that x must be monotone, and

hence it can be expressed as a mixture over step functions of the form 1t≥s. Plugging
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such a step function into (2) yields∫ 1

0
V (t) · 1

G−1(t)
U [1t≥s](t)dt =

∫ 1

s
V (t) · 1

G−1(t)

(
G−1(t)−G−1(s)

)
dt =W (D,s) .

By condition (1), screening device D1 yields a weakly higher welfare than D2 for every

step allocation rule. Since the designer’s objective is linear in the allocation rule (as a

consequence of the linearity of U [x] in x), D1 must yield a weakly higher welfare than D2

for any quantile allocation rule x. Applying this argument to the quantile allocation rule

corresponding to the optimal mechanism under D2 shows that D1 must dominate D2.

The proof sketch explains why the result extends to non-optimal mechanisms (such as

α-market mechanisms). We argued that if condition (1) holds, then S(D1,F,x) ≥ S(D2,F,x)

for any feasible quantile allocation rule x of expected qualities. Intuitively, screening de-

vice D1 yields higher welfare than D2 whenever the “same” mechanism is implemented

under both devices (where feasibility of the mechanism is preserved by representing the

allocation rule in quantile space). By construction, an α-market mechanism induces the

same quantile allocation rule under both devices. Thus, Theorem 1 remains valid if we

replace optimal mechanisms with α-market mechanisms (or, more generally, any class of

mechanisms that induces the same quantile allocation rule under any screening device).

Finally, we briefly explain the necessity part of Theorem 1. If both screening devices

induce assortative matching between rates of substitution and qualities in the optimal

mechanism for any supply level (i.e., the market-clearing mechanism is optimal), they

would induce the same quantile allocation rule x(t) = F−1(t) for any F. By the argument

outlined above, this would imply that condition (1) is also necessary for these screening

devices to be robustly ranked. The role of the concavity assumption on W (D1, · ) (and the

assumption that the lower bound of the support of r under D1 is 0) is precisely to guar-

antee that assortative matching is optimal under D1 for any F.12 In general, the optimal

mechanism may involve regions of random allocation; for these cases, condition (1) need

only hold for a subset of s ∈ [0,1] for D1 to dominate D2. Theorem 1′ ′ in Appendix C de-

fines a weakening of condition (1) that is both necessary and sufficient for two screening

devices to be robustly ranked.

12A sufficient condition for W (D, · ) to be concave is that G has a non-increasing inverse hazard rate,
while E[λv | r] is non-decreasing in r. Concavity of W (D, · ) is a strong requirement for a “generic” screen-
ing device, but good screening devices—those actually used in the optimal mechanism—tend to generate
W (D1, · ) that is concave on at least a subset of the domain. A screening device that induces a convex
W (D1, · ) will not be used in the optimal mechanism (it is optimal to allocate all qualities fully at random).
The analysis of Akbarpour rO al. (2024) implies that when inf(supp(G1)) > 0, it may be optimal to allocate
randomly to the lowest types under D1, which means that inequality (1) could fail for low s even when D1
dominates D2.
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3.2 Structural Decomposition

Our second main result connects the two channels (targeting effectiveness and rent pro-

vision) directly to the structural properties of screening devices. In particular, we show

that (i) targeting effectiveness is characterized by the correlation between the rates of sub-

stitution and the social values, and (ii) rent provision is characterized by the dispersion

of the distribution of rates of substitution on the log scale.

To state the result, we use two partial orders. First, let ⪯maj denote the (prefix) ma-

jorization order: For two functions h1, h2 ∈ L1(0, 1), we write h2 ⪯maj h1 if∫ 1

s
h2(t)dt ≤

∫ 1

s
h1(t)dt , for all s ∈ (0, 1], with equality at s = 0 . (3)

When h1 and h2 are non-decreasing, this is the usual majorization order, which is equiv-

alent to h1(U ) being a mean-preserving spread of h2(U ) for a uniform random variable U .

However, in general, the prefix majorization order differs from the standard majorization

order that identifies a function h with its monotone rearrangement before imposing con-

dition (3) (Müller and Stoyan 2002). As we will show later, the modification of the order

(which we indicated by adding “prefix” to the name) is economically meaningful because

it turns a measure of variation into a measure of positive correlation.

Second, let ⪯disp denote the dispersive order (Müller and Stoyan 2002): For any two

random variables X and Y with CDFs FX and FY , we write X ⪯disp Y if

F−1
X (t)−F−1

X (s) ≤ F−1
Y (t)−F−1

Y (s) for all 0 < s < t < 1 .

Intuitively, the quantiles of the distribution that is higher in the dispersive order increase

more quickly than the corresponding quantiles of a less dispersed distribution.13

Theorem 2. For any two screening devices D1 and D2, if

(i) V2 ⪯maj V1, and

(ii) log(r2) ⪯disp log(r1),

then screening device D1 dominates screening device D2.

Conditions (i) and (ii) are orthogonal in the sense that condition (i) (which corre-

sponds to the targeting-effectiveness channel) depends only on the distribution of social

13The dispersive order is location-invariant in the sense that X ⪯disp Y ⇐⇒ X ⪯disp Y + a for any a ∈R.
Provided that E[X] = E[Y ], the dispersive order implies that Y is second-order stochastically dominated by
X. See Appendix A.1 for further characterizations and properties of the dispersive order.
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values conditional on a given rate of substitution, while condition (ii) (which corresponds

to the rent-provision channel) depends only on the marginal distribution of the rates of

substitution. Thus, the two conditions capture distinct channels that affect welfare inde-

pendently.

Condition (i) states that a screening device becomes more effective if agents in any

top quantile of the distribution of r have higher average social values (holding fixed the

unconditional distribution of social values). An increase in the usual majorization or-

der would mean that the rate r becomes a more informative signal of social values λv,

in the sense that the posterior mean distribution of λv (conditional on r) is more spread

out. However, unlike in a statistical learning problem where signals can be relabeled, the

designer in our problem prefers r to be more positively correlated with λv—as is incor-

porated into our modification of the majorization order. Intuitively, because of incentive

compatibility constraints, the designer must respect the natural order on r associated

with the monotonicity of the allocation rule.

Condition (ii) shows that the suitable measure of dispersion of rates of substitution

is on the log scale. This is intuitive given the form of the rent-provision channel in the

welfare index: What matters is the ratio of the quantiles of the distribution, rather than

their difference. Multiplying r by a constant β > 1 increases the dispersion of r but has

no effect on the optimal welfare (the optimal mechanism will simply adjust the difficulty

level). In contrast, shifting r by a constant has no effect on the dispersion of r, but it

affects the dispersion of log(r) and hence the effectiveness of the screening device. Note

that

log(r2) ⪯disp log(r1) ⇐⇒
G−1

1 (s)

G−1
1 (t)

≤
G−1

2 (s)

G−1
2 (t)

for all s < t ,

and hence an increase in the dispersion order on the log scale increases the rent-provision

term 1− G
−1(s)

G−1(t) in the definition of welfare index W (D,s) pointwise for all t > s.

3.2.1 Alternative Orders and Discussion

To conclude the section, we discuss how the two orders used in Theorem 2 relate to alter-

native measures of correlation and dispersion.

The prefix majorization order captures the notion of positive correlation between so-

cial values and rates of substitution. To see that, let ⪯cor denote the correlation order

(Müller and Stoyan 2002): For any two random vectors (X1,X2) and (Y1,Y2), we write

(X1,X2) ⪯cor (Y1,Y2) if

CX(s, t) ≤ CY (s, t) for all s, t ∈ [0,1] ,
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where CX denotes the copula of (X1,X2).14 Intuitively, a pair of random variables in-

creases in the correlation order if their correlation becomes more positive at all quantiles.

As we show in Appendix A, (λv,r2) ⪯cor (λv,r1) implies V2 ⪯maj V1. That is, condition (i)

of Theorem 2 is weaker than requiring an increase in the distribution of social values and

rates of substitution in the correlation order.

Dispersion on the log scale is related to more familiar measures of inequality such as

the Lorenz ordering (which underlies the Gini coefficient). If X1 and X2 are two non-

negative random variables, then X1 Lorenz dominates (is more unequal than) X2 if their

respective Lorenz curves are ordered:

1
E[X1]

∫ p

0
F−1
X1

(u) du ≤ 1
E[X2]

∫ p

0
F−1
X2

(u) du for all p ∈ [0,1] ,

with equality at p = 1. The dispersive order at the log scale implies the Lorenz ordering

(Kochar 2006).15

This connection has economic implications. If the ordeal involves sacrificing time,

one common assumption in the empirical literature (see, e.g., Alatas et al. 2016) is that

the wage rate provides the relevant (opportunity) cost per unit of difficulty (e.g., one

hour). Then, c can be taken to be the per-hour post-tax wage (with y interpreted as the

number of hours spent completing the ordeal). The performance of ordeals based on

time is then related to income inequality. Indeed, by Theorem 2, higher dispersion in

post-tax wages (within the eligible subpopulation) is beneficial for welfare when ordeal

costs are proportional to hourly wage rates. Thus, time-based ordeals may have varying

effectiveness across countries or regions that differ in the degree of inequality in the left

tail of the post-tax wage distribution.

4 Application: Allocating Money

In this section, we discuss how our abstract results can be combined with data to cast

light on the performance of screening devices in practical situations. We focus on the

problem of allocating money (v ≡ 1) given that many empirical applications study the

targeting of monetary transfers. Appendix B provides proofs for generalized statements

14For any joint distribution of (X1,X2) with continuous marginals, their copula is uniquely defined by
CX(s, t) = P

(
X1 ≤ F−1

X1
(s), X2 ≤ F−1

X2
(t)

)
for all s, t ∈ [0, 1]. More generally, Sklar’s theorem implies that a

copula of (X1,X2) always exists. See Appendix A.2 for the general definition and relevant properties of the
correlation order.

15The opposite implication is not true because, intuitively, the Lorenz ordering averages out over the
right tail of the distribution while the dispersive order is local.
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covering the case of heterogeneous-quality objects.

When the designer allocates money, the properties of a screening device are deter-

mined by the joint distribution of welfare weights λ and costs c. We follow the typical

approach taken in applied work of assuming that welfare weights λ are tied to observ-

ables (such as income, consumption, or other indicators of wealth) under some structural

assumptions about the policymaker’s preferences. Under that perspective, our results can

be applied directly if a researcher can estimate the distribution of costs c conditional on

observables. In practice, estimating the conditional distributions may be difficult, and a

direct application of our theory would require estimating such conditional distributions

for at least two screening devices to compare them.

We discuss how this challenge can be addressed on three levels. First, in Section 4.1,

we derive sufficient statistics in our model, and describe the ideal experiments and pol-

icy variations that empirical researchers may utilize in settings with rich data to evaluate

the targeting-effectiveness and the rent-provision channels. We argue that these statistics

can serve as useful benchmarks across different empirical settings (in analogy to how, e.g.,

demand elasticities measured in different markets are relevant for assessing the welfare

consequences of changes in market conditions). To obtain a global ranking, these suffi-

cient statistics need to be estimated at varying supply levels, which may or may not be

feasible depending on the empirical setting. In particular, estimating them at every sup-

ply level amounts to fully nonparametric identification of both terms in the welfare index.

Thus, for settings with limited data, in Section 4.2, we propose parametric restrictions un-

der which the sufficient statistics further simplify to point estimates—specifically, the

estimate of the welfare weight of the average recipient and the take-up elasticity of the

marginal recipient, at the given supply level. Finally, in Section 4.3, we derive the qual-

itative implications of our theory by considering how modifications of existing screening

devices affect their performance. For some modifications, the direction of the change in

welfare can be predicted without any information on the joint distribution of c and λ.

4.1 Estimation under Rich Data

By Theorem 1 and Theorem 2, the key statistical objects we want to quantify in an em-

pirical setting are (i) the correlation between costs and welfare weights, and (ii) the dis-

persion of costs (measured in log scale). In this subsection, we assume that an empirical

researcher has rich data on how many agents choose to complete the ordeal at different

difficulty levels and can link it to socioeconomic data on recipients (to calculate their

implied welfare weights λ under an assumption on the structure of social preferences).
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We focus on explaining how to quantify the two welfare channels for a given ordeal. A

direct application of our results would then require estimating the resulting sufficient

statistics for more than one ordeal. We believe, however, that reporting these sufficient

statistics for a single ordeal may also be useful to provide a first-pass assessment of its

performance, especially once enough estimates from various settings become available to

provide proper context for assessing their absolute values.

Quantifying the targeting-effectiveness channel requires estimating the average social

values for beneficiaries at different supply levels. Fixing a screening deviceD, letQD(s) :=(
G−1(1− s)

)−1
denote the quantile function of the cost distribution; i.e., a mass s of agents

have cost QD(s) or lower.

Corollary 1. For the case of allocating money (v ≡ 1), a screening device D is improved in the

prefix majorization order (channel (i) identified by Theorem 2) if and only if E[λ | c ≤ QD(s)]

increases for all s ∈ (0,1).

Corollary 1 is intuitive: Fixing the unconditional distribution of welfare weights,

a good screening device selects agents with high welfare weights to become the recipients

of aid. Formally, Corollary 1 prescribes computing the average welfare weight among

mass s of agents with the lowest cost. Many empirical papers report E[λ | c ≤ QD(s)] by

measuring the welfare-relevant characteristics of the recipients (with s interpreted as the

fraction of the population that received cash transfers). It may also be possible to esti-

mate E[λ | c ≤ QD(s)] for a range of s by leveraging exogenous variation in generosity of

the cash-transfer program. Corollary 1 confirms that this statistic is the relevant measure

of the targeting-effectiveness channel.

Next, we show that measuring the dispersion of log(c) is analogous to estimating the

price elasticity of a demand curve in a standard market with money. For any screening

device D, let

T D(y) := 1−G(y)

be the “total demand” for 1 unit of money when the relevant “price” is an ordeal with dif-

ficulty y. The “ordeal elasticity” of demand, analogous to the price elasticity of demand,

is then given by

ηD(y) :=
dlogT D(y)

dlogy
.

For illustration, suppose that the ordeal is waiting, and y measures the amount of time

the agent must wait. Then, the ordeal elasticity η measures the percentage reduction in

demand for 1 unit of money given a 1% increase in the wait time.

Let y⋆(s) be the “market-clearing” difficulty level when supply is s, i.e., T D(y⋆(s)) = s.
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Figure 2: Illustration of the effect of ordeal elasticity on net surplus

Corollary 2. For the case of allocating money (v ≡ 1), a screening device D is improved in the

dispersive order (channel (ii) identified by Theorem 2) if and only if |ηD(y⋆(s))| decreases for

all s ∈ (0,1).

We know from Theorem 2 that dispersion of the distribution of the (logarithm of the)

costs is beneficial due to the rent-provision channel.16 Corollary 2 states that higher

dispersion is equivalent to lower (in magnitude) ordeal elasticity of demand at every

point of the demand curve. When the ordeal elasticity is lower, agents who receive the

benefit incur an ordeal cost that is further away from their “willingness to pay” (in terms

of the difficulty level), and hence enjoy a higher net utility.

An analogy to classical demand analysis provides an intuition for this result: For any

supply curve, when demand is less elastic, total buyer surplus is higher, holding fixed

the equilibrium price. Figure 2 illustrates: As the demand curve becomes pointwise less

elastic, an agent at the same quantile of the distribution receives higher net utility (in the

figure, AC > BC). Moreover, the ratio of net utility to willingness to pay—corresponding

to the rent-provision term in the welfare index—also increases (in the figure, AC/AD >

BC/BD).17

One complication arising from comparing ordeals is that the demand curve is endoge-

nous to the ordeal. Corollary 2 clarifies that elasticities should be compared at points

16Strictly speaking, Theorem 2 predicts that increasing the dispersion of the logarithm of the inverse of
the cost is beneficial; the statement follows by noting that log(1/c) = − log(c) and the dispersive order is
preserved under negation.

17While Figure 2 assumes the two demand curves intersect at the same equilibrium difficulty level y⋆(s),
the same ordering of ratios continues to hold as long as demand elasticities are pointwise ranked. This
analogy is a point of connection between our analysis and the framework of Lieber and Lockwood (2019)
who derive a sufficient-statistics test for the optimality of targeting with in-kind transfers, and show that
price elasticity of demand determines the moral hazard cost of in-kind provision.
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corresponding to the same total demand level. For example, to compare screening via

waiting in line to screening via filling out a form along the rent-provision channel, we

should compare demand elasticities at wait times and form lengths that induce the same

take-up rate, i.e., the same fraction of agents to apply.

An empirical researcher interested in quantifying the rent-provision channel can there-

fore leverage standard demand estimation techniques by exploiting variation in demand

(take-up rate of the benefit) given different levels of ordeal requirements. To illustrate,

suppose again that wait time is used as a screening device. In light of Corollary 2, an

ideal experiment to estimate the dispersion of log(c) would be an exogenous shifter of

the wait time requirement. The researcher can then measure the percentage change in

the take-up of the benefit divided by the percentage change in the wait time requirement

for each resulting total demand for the aid. Equivalently, in settings where wait time is

adjusted endogenously to equalize demand and supply, ordeal elasticity can be estimated

by measuring the percentage changes in the take-up and the equilibrium wait time, given

a series of shocks to the supply (e.g., budget cuts).

Importantly, in the ideal experiment, the ordeal (e.g., waiting) is fixed while its dif-

ficulty level (e.g., wait time) varies. Conceptually, a change in the ordeal differs from a

change in its difficulty level because the latter leads to homogeneous percentage changes

in the utility costs to the participants, per our modeling assumptions. In practice, this

distinction could be an additional challenge in measuring the rent-provision channel.

For instance, in Deshpande and Li (2019), the quasi-random closure of certain SSA field

offices creates heterogeneous shifts in application costs—agents living near a closed of-

fice face larger increases—thus effectively generating a new screening device.18 However,

Deshpande and Li (2019) show that their results are driven mainly by congestion at of-

fices that remain open. Hence, within their quasi-experiment, one may still be able to

estimate the take-up elasticities for the subsample of individuals residing near an open

office, since the closure of a neighboring office produces a uniform increase in congestion

levels for these individuals.

To determine the net utility for inframarginal recipients, it is important to “trace out”

the demand curve by estimating the ordeal elasticity at different points of the demand

curve. This might be possible empirically using quasi-experimental shocks. Indeed, con-

sistent with our proposed approach, Russo (2024) was able to leverage an exposure-to-

policy variation in her empirical setting to estimate wait time elasticities pointwise. She

18Every spatial configuration of field offices defines a distinct screening device. For example, placing all
offices (or registration sites, as in Alatas et al. 2016) in rich neighborhoods could be dominated by locating
them in poor neighborhoods.
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Channel Suff. statistic Identifying variation and ideal experiment

Targeting
effectiveness

E[λ | c ≤QD(s)] (1) Shift ordeal difficulty exogenously to vary the set of recipients;
(2) Estimate average λ among recipients at each s.

Rent
provision

|ηD(y⋆(s))| (1) Shift ordeal difficulty from y⋆(s) exogenously by a (small) ∆y;
(2) Measure the percentage change in take-up, % ∆ take-up;
(3) Compute ordeal elasticity: % ∆ take-up / % ∆y, at each s.

Combined
welfare

W (D,s)
given by Eq. (4)

(1) Estimate targeting and rent provision channels as above;
(2) Plug into Eq. (4) to calculate W (D,s).

Table 2: Summary of sufficient statistics and ideal experiments

found that wait time elasticities are three times as large as price elasticities in her setting,

resulting in a large welfare loss for inframarginal recipients, consistent with Corollary 2

and Theorem 2.

Combining Corollary 1 and Corollary 2 and using integration by parts, we note that

the welfare index for the case of allocating money can be equivalently written as:

Corollary 3. For any s ∈ [0,1], we have

W (D,s) =
∫ 1−s

0

E[λ | c ≤QD(t)]
|ηD(y⋆(t))|

exp
(
−
∫ 1−s

t

1

z
∣∣∣ηD(y⋆(z))

∣∣∣ dz
)

dt . (4)

The expression (4) in Corollary 3 provides an explicit formula that links the empiri-

cally estimable sufficient statistics given in Corollary 1 and Corollary 2 to the combined

welfare effect of the targeting effectiveness and rent provision channels. Table 2 summa-

rizes the sufficient statistics and ideal experiments derived in this section.

4.2 Estimation under Limited Data

In many empirical settings, the rich data and policy variations described in the previous

section may not be available. However, our results can still be useful when combined

with additional parametric assumptions, in an analogy to how the demand curve can be

extrapolated from point estimates in conventional demand estimation. To illustrate, we

consider the following parametric restriction using log-normal distributions.

Log-normal parameterization. Suppose that (λ,c) is jointly log-normal:log(c)

log(λ)

 ∼N µcµλ
 ,  σ2

c ρσcσλ
ρσcσλ σ2

λ

 .
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Letting Φ and φ denote the CDF and the PDF, respectively, of the standard normal dis-

tribution, we have

E
[
λ | c ≤QD(s)

]
= exp

(
µλ +

1
2
σ2
λ

)
Φ(Φ−1(s)− ρσλ)

s
, (5)

and

ηD(y⋆(s)) = − 1
σc

φ(Φ−1(s))
s

. (6)

By Corollary 1 and Corollary 2, a screening device with (i) a more negative correlation ρ

between welfare weights λ and costs c, and (ii) higher cost dispersion (larger σc), dom-

inates an alternative screening device. Parameters µλ and σλ are known as long as the

researcher observes the unconditional distribution of welfare weights in the population

(which does not depend on the screening device). Thus, estimating the average welfare

weight of the recipients and the ordeal elasticity of demand at some fixed level of take-up

is sufficient to recover a global ranking of screening devices under our parameterization.

As this example demonstrates, a single estimate of the take-up elasticity may be in-

formative about the rent-provision effect of the screening device. Combining formula (4)

with expressions (5) and (6) allows the welfare implied by these estimates to be computed

directly. Point estimates of take-up elasticities already exist for several social programs

(e.g., Bound and Burkhauser 1999; McGarry 1996; Krueger and Meyer 2002; Pukelis

2025), though they are reported for reasons other than evaluating costly screening. Our

results justify reporting such estimates and clarify their broader welfare relevance.

In our linear-utility specification, the take-up elasticity with respect to ordeal diffi-

culty is equal to minus the take-up elasticity with respect to the benefit. This observation

provides an interesting connection between Corollary 2 and the analysis of Rafkin et al.

(2025). Using a perturbation approach, Rafkin et al. (2025) show that the local take-up

elasticity (with respect to the benefit) matters for the welfare effects of replacing self-

targeting with automatic enrollment on the margin. Together, these results underscore

the importance of measuring and reporting the take-up elasticity to correctly evaluate

the design of social programs.

Log-log linear model. To further illustrate how our results can be applied under para-

metric assumptions, we also consider a log-log linear model that generalizes the log-

normal parameterization above. In particular, suppose that (λ,c) are jointly distributed

according to the following model:

log(c) = −β log(λ) + ε ,
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where ε ∼N (0,σ2) is independent of λ. The log-normal parameterization is a special case

of this data-generating process where log(λ) also follows a normal distribution.

Under this specification, a robust ranking of two screening devices can be obtained by

a regression-based test:

Proposition 1. For the case of allocating money, consider screening devices D1 and D2 that

satisfy

log(ci) = −βi log(λ) + εi

for random variables εi ∼ N (0,σ2
i ) that are independent of λ. Let R2

i := Var(βi log(λ))
Var(βi log(λ)+εi )

be the

R-squared of the regression. If

(i) β1 ≥ β2, and

(ii) R2
1 ≥ R2

2,

then screening device D1 dominates screening device D2.

Proposition 1 states that the two screening devices can be ranked by separately re-

gressing the logarithm of costs on the logarithm of the welfare weights, and then com-

paring the regression coefficients and the variances of the error terms.19 The regression-

based test might be helpful to an empirical researcher with access to data for two different

screening devices based on a field experiment or a survey.

For concreteness, suppose that two screening devices D1 and D2 have been proposed

for targeting cash transfers, and a researcher would like to predict which one will per-

form better. In an experiment, one could gradually decrease the difficulty of an ordeal by

∆ > 0 and keep track of who starts applying in each step. Similarly, in a survey, one could

ask questions of the form “would you apply for the benefit if the difficulty of the ordeal

were y?” for a grid of difficulty levels. Conceptually, when the difficulty of the ordeal is

decreased from y to y −∆, agents with costs between 1/y and 1/(y −∆) start applying for

cash transfers. It then suffices to determine their welfare weights by asking for socioeco-

nomic information (which is often done anyway during a means test or registration) to

run the regression under the log-log linear model.20

Both the regression coefficient β and the R-squared must be taken into account be-

cause of the two channels—rent provision and targeting effectiveness—that we identified.

Intuitively, a larger slope β means more variation in the costs across groups of different

19The test could be inconclusive if the inequalities go in opposite directions.
20The benefit of having the parametric restriction here is to save the data collection costs to estimate the

joint distribution or even the sufficient statistics in Section 4.1 pointwise.
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welfare weights, and a larger R-squared means less variation in the costs within groups of

different welfare weights. This is consistent with the intuition provided in Theorem 2: A

screening device is better if it induces more dispersion in the costs that is due to system-

atic variation across groups of different welfare weights, rather than due to idiosyncratic

preference shocks.

4.3 Qualitative Implications

In this subsection, we derive qualitative implications of our theory for how modifica-

tions of existing screening devices affect their performance. In certain simple cases, no

knowledge of the distribution is needed to predict the direction of change in welfare.

We first consider simple deterministic transformations of the costs.

Proposition 2. For the case of allocating money, consider any screening device D, and screen-

ing devices D1,D2,D3 where, for some constants k1, k2, k3 > 0,

c1 = c − k1, c2 = min(c,k2), c3 = k3 · c.

Then, (i) D1 dominates D, (ii) D2 is dominated by D, and (iii) D3 is equivalent to D.

Proposition 2 is an immediate consequence of Theorem 2. It highlights the fact that

decreasing the costs of the ordeal can have ambiguous effects on welfare; what matters is

how the reduction in costs affects the rent-provision channel. The rent-provision channel,

in turn, depends on the dispersion of costs on the log scale. Linear rescaling of costs

(case iii) does not matter for welfare (its only effect is that the difficulty of the ordeal is

adjusted accordingly in the optimal mechanism). Reducing all costs by a constant (case

i) is beneficial: Agents who receive benefits now have a cost that is a smaller fraction

of the costs of agents who do not receive benefits, reducing the deadweight loss due to

screening. Finally, capping the costs at a common upper bound (case ii) reduces welfare,

since it makes separating agents with different initial cost levels more difficult.

To interpret the modification in parts (i) and (ii), recall that costs are measured in

monetary units, so we can interpret constants k1 and k2 as representing monetary out-

comes. Reducing the costs of the ordeal by a constant k1 (e.g., by eliminating a fee that

agents pay to a third party) is welfare-enhancing. Letting agents pay an amount of money

k2 instead of completing the ordeal (e.g., by “delegating” the completion of the ordeal to

a third party, when the market price for such a service is k2) is welfare-reducing.21

21Moreover, in settings such as in Banerjee (1997) where the allocation is controlled by a revenue-seeking
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In general, stochastic modifications of the costs are more difficult to analyze. However,

we can show that adding independent noise to the costs makes a screening device worse.

Proposition 3. For the case of allocating money, consider any screening deviceD, and a screen-

ing device D̃ such that

log(c̃) = log(c) + ε

for some random variable ε that is independent of (λ,c). Then, D̃ is dominated by D.

The effect of adding an idiosyncratic preference shock ε is ex-ante ambiguous: It in-

creases the dispersion of log(c) but makes the (negative) correlation of c and λ weaker.

In general, when the rent-provision and targeting-effectiveness channels go in opposite

directions, whether a screening device dominates another depends on the precise trade-

off that is characterized in Theorem 1. Nevertheless, Proposition 3 shows that when an

increase in the dispersion of costs is due to idiosyncratic preference shocks that are unre-

lated to social welfare weights, the trade-off is always resolved in favor of the targeting-

effectiveness force.

For an illustration of Proposition 3, suppose that the ordeal is waiting, and the plan-

ner considers introducing some amenities that will make the experience of waiting less

unpleasant, i.e., c̃ = c · ε where ε ∈ [0,1] is independent of c. As long as the associated

reduction in individual waiting costs ε is not systematically related to welfare-relevant

characteristics, introducing the amenities will tend to reduce welfare. Indeed, given the

capacity constraint, the reduction in costs implies that the difficulty of the ordeal (waiting

time) must be increased to equalize supply and demand, resulting in a net loss of total

welfare.22

In Appendix C.2, we extend Proposition 3 to allow for a more general dependence

between the two screening devices. We also consider the effects of combining screening

devices; we identify conditions such that when screening device D1 dominates screening

device D2, asking the agents to either (i) perform both ordeals or (ii) perform only one of

the ordeals results in a screening device that is dominated by screening device D1. The

practical significance of that finding is that the performance of a good screening device

will be reduced if additional arduous application requirements are added in an ad hoc

manner, or recipients are allowed to complete an alternative ordeal with poor screening

properties.

bureaucrat, such payments to “skip the line” can also arise under corruption and lead to a welfare-reducing
screening device.

22In settings without capacity or budget constraints, the ordeal difficulty can stay fixed and the welfare
consequences then depend on the social value of the marginal dollar brought into the system.
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5 The Limits of Costly Screening

In this section, we derive further theoretical implications of our main results. First, we

characterize the boundaries of how effective costly screening can be in allocation prob-

lems, highlighting the role played by the rent-provision channel.23 Second, we point out

that—contrary to conventional wisdom—costly screening may sometimes be preferred by

policymakers to screening with money (when monetary transfers are available).

How effective can costly screening be? Define the “first-best welfare” to be the level of

welfare achievable if the designer could observe the agents’ characteristics (λ,v). Even un-

der the (potentially non-optimal) market-clearing mechanism—setting ordeal difficulty

to equate supply and demand to achieve assortative matching between r and q (see Foot-

note 11)—costly screening can approximate the first-best welfare arbitrarily well:

Proposition 4. For any ε > 0, there exists a screening device Dε such that, for any quality

distribution F, Dε achieves welfare that is within ε of first-best welfare under the market-

clearing mechanism.

We emphasize that the approximation of first-best welfare is uniform in the distribu-

tion of quality: Fixing any ε > 0, Dε implements the first-best allocation at a total social

cost that is less than ε, no matter what the distribution of quality is. Of course, the op-

timal mechanism will depend on the distribution of quality, but for the screening device

Dε, it suffices to always use the market-clearing mechanism.

The proof (in the appendix) constructs Dε explicitly by exploiting the two channels

that we identified in Theorem 2: (i) Dε achieves perfect targeting by making r a strictly

increasing function of λv (which implies that c is a deterministic function of λ and v), and

(ii) the distribution of r becomes increasingly dispersed (on the log scale) as ε decreases.

Indeed, once r is a strictly increasing function of λv, then the resulting Vε in Theorem 2

must be weakly higher than V of any screening device D in the prefix majorization order.

For intuition behind the dispersion part, note that for any screening device D, if we con-

sider a screening device D̃ defined by r̃ = rβ where β > 1, then D̃ will dominate D since r̃

has a higher dispersion on the log scale while the copula of the joint distribution of (r,λv)

is unaffected.

We also establish a partial converse to Proposition 4 by showing that the rent-provision

channel alone can make any screening device (even one achieving perfect targeting) arbi-

trarily bad.

23Similar to Bergemann et al. (2015), our exercise here aims to explore the theoretical limits of costly
screening rather than providing practical guidance on how to construct a good screening device.
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Proposition 5. For any screening device D and any ε > 0, there exists a screening device

Dε such that (i) Dε achieves weakly better targeting effectiveness than D in that V ⪯maj Vε;

and (ii) for any quality distribution F, Dε achieves social welfare that is less than ε under the

market-clearing mechanism.

The proof uses a similar construction as in the proof of Proposition 4 but takes the

dispersion of log(r) to be sufficiently small rather than sufficiently large. As the dispersion

vanishes, the rents of all agents under assortative matching converge to 0, and so does

welfare regardless of how well the allocation is targeted.24

Costly screening versusmoney. In the vast literature on screening in market-design con-

texts, relying on costly screening (sometimes referred to as “money burning”) is typically

motivated by various institutional, ethical, and technological reasons for why monetary

transfers might not be available (see, for example, Hartline and Roughgarden 2008, Con-

dorelli 2012, Chakravarty and Kaplan 2013). However, using our main results, we now

show that screening via ordeals in a setting with welfare weights should not be regarded

as a “third-best” solution that may only be used when monetary transfers are infeasible;

in fact, costly screening may dominate monetary transfers as a screening device.

Monetary transfers can be considered as a screening device DM that has costs c iden-

tically equal to 1 (because we measure costs in monetary units). The only qualitative

difference to a costly screening device in our framework is that using money has the ad-

ditional benefit of raising revenue which can then be redistributed back to agents through

a lump-sum transfer.25 Effectively, costs incurred by agents can be recovered, which is

what makes money “not costly” as a screening device. To model this, when using money

to screen, we can let the designer solve

OPTM(F) := sup
(Γ ,y)∈M(DM ,F)

E
[
λ
(
vxΓ (v)− y(v)

)]
+E

[
λ
]
·E

[
y(v)

]
,

where the first term is the same as for any other screening device (with c ≡ 1) and the

second term captures the benefit of redistribution through lump-sum transfers. We say

that using monetary transfers is strictly dominated by a costly screening device D if

OPT(D,F) ≥OPTM(F) for every quality distribution F on [0,1], and the inequality is strict

for at least some F. We say that using monetary transfers strictly dominates costly screen-

ing device D if the opposite inequality holds (and the inequality is strict for some F).

24Of course, for ε small enough, the designer will not induce assortative matching under the screening
device Dε; the optimal mechanism will instead allocate goods randomly without any ordeal.

25We could allow for other productive uses of money without affecting our conclusions—see Section 6
for a general treatment of externalities.
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Proposition 6. There exists a distribution of (λ,v) such that using monetary transfers is

strictly dominated by some costly screening device D. There also exists a distribution of (λ,v)

such that using monetary transfers strictly dominates every costly screening device D.

Consider part (i) of Proposition 6 first. A simple example in which monetary trans-

fers are strictly dominated is when v ≡ 1 and there is some dispersion in λ—money is

useless as a screening device when the designer allocates money itself. Beyond this triv-

ial case, the proof provides an example in which there is variation in v (so that money

can be used to screen), but there is a strong positive correlation between λ and v. Because

agents with high welfare weights end up paying the most (while only receiving part of the

money back as a lump-sum transfer), welfare is bounded away from the first-best welfare

achievable without monetary transfers. On the other hand, using a similar construction

as in Proposition 4, we show that there exists a costly screening device with sufficiently

good targeting effectiveness and sufficiently dispersed rates of substitution that can get

arbitrarily close to the first best.

In light of Proposition 4, the second part of Proposition 6 may actually be seen as more

surprising. The key observation is that—with monetary transfers available—allocating

the good to agents with the highest λv at no cost is no longer the first best in general.

The proof considers a case when λ and v are non-degenerate random variables, but they

are negatively correlated so that λv ≡ 1. Then, the designer is indifferent between agents

when allocating the good, and therefore cannot benefit from using any costly screening

device. However, the designer is not indifferent between agents when it comes to allo-

cating money, since there is dispersion in λ. When using monetary transfers to screen,

the designer sells to agents with high v and redistributes the revenue as a lump-sum

payment, which means that agents with high λ receive a net positive monetary transfer.

Thus, the designer improves welfare by redistributing money.

6 Externalities

In many practical situations, the designer may have preferences over allocations and or-

deal costs that go beyond their effect on the recipients’ utilities. Our framework for com-

paring screening devices can be extended to accommodate such externalities.

We distinguish between externalities that arise due to the allocation (allocative exter-

nalities) and those that arise due to the ordeal (ordeal externalities). An example of an

allocative externality is when the designer cares more about providing food to a hungry

person but not necessarily more about the waiting costs imposed on the hungry per-

31



son. An example of an ordeal externality is when the designer values the ordeal beyond

its screening effect. For instance, if the ordeal involves filling out forms and providing

supporting documentation, the designer acquires verifiable information about potential

recipients that could help enforce eligibility requirements.26

Formally, with externalities, a screening device D is a Markov kernel

D : (λ,v,ex)→ ∆
(
R++ ×R

)
mapping each tuple (λ,v,ex) into a conditional distribution of (c,ey). The allocative ex-

ternality ex and the ordeal externality ey do not affect individuals’ payoffs, but they affect

the designer’s payoff. In particular, given a screening device D, a mechanism (Γ , y) now

gives the designer an expected payoff of

ED

λ(vxΓ (r)− cy(r)
)

+ exxΓ (r) + eyy(r)

 .
The two types of externalities are purposefully treated asymmetrically. The allocative

externalities ex affect the payoff through the quality assignment, and thus their marginal

distribution is fixed and does not depend on the ordeal (e.g., providing food to a given

hungry person has the same value to the designer regardless of the ordeal used to reach

that allocation). In contrast, just like the costs c, the ordeal externalities ey are specific to

the ordeal being used.

Note that screening with money (analyzed in Section 5) is a special case of an ordeal

externality: It corresponds to setting c ≡ 1 and ey = E[λ]. The ordeal of having to pay a

dollar generates a positive externality equal to the marginal value of public funds E[λ].

6.1 Results

As in Theorem 1, to robustly compare screening devices, it is sufficient to compare cer-

tain welfare indices. We define the average allocative and ordeal externalities among the

individuals whose rate r is at quantile t as

Ex(t) := E
[
ex | r = G−1(t)

]
, Ey(t) := E

[
ey | r = G−1(t)

]
,

respectively.

26This is the main trade-off in the framework of Kleven and Kopczuk (2011); Deshpande and Li (2019)
document the importance of this channel in the allocation of disability insurance.
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The generalized welfare index is given by

We(D,s) :=W (D,s) +
∫ 1

s
Ex(t)dt +G−1(s)

∫ 1

s
Ey(t)dt ,

where W (D,s) is the baseline welfare index defined in Section 3.

Theorem 1′. For any two screening devices D1 and D2, if for all s ∈ [0,1],

We(D1, s) ≥We(D2, s) ,

then screening device D1 dominates screening device D2.

Theorem 1′ is analogous to Theorem 1 both in terms of its proof and economic intu-

itions. Recall that the welfare index converts the physical allocation (at any supply level

1−s) into social-welfare units. Externalities are already expressed in social-welfare units;

thus, the expected allocative externality enters the welfare index directly, while the ex-

pected ordeal externality is rescaled by the level of difficulty G−1(s) needed to equalize

demand with supply 1− s, for any given s ∈ [0,1].

Extending Theorem 2 is straightforward in case of allocative externalities but more

difficult in case of ordeal externalities, which is why we discuss them separately.

Theorem 2a (Allocative externalities). For two screening devices D1 and D2 with ey ≡ 0, if

(i) V2 ⪯maj V1,

(ii) log(r2) ⪯disp log(r1), and

(iii) Ex2 ⪯maj E
x
1 ,

then screening device D1 dominates screening device D2.

Theorem 2a is based on the same idea as Theorem 2: To compare two screening de-

vices, we fix the allocation in the quantile space. A screening device is better if higher

quantiles of the distribution of the rate of substitution r are associated with higher ex-

ternalities ex, as captured by the prefix majorization order. Note that the three welfare

channels are independent: the first one depends on the marginal distribution of r, the

second on the conditional distribution of welfare weights (conditional on any r), and the

third one on the conditional distribution of externalities (conditional on any r).

Example 1 (Paternalism). Paternalistic social preferences are a common explanation for

the form of many social programs (Currie and Gahvari 2008). One way of modeling
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paternalistic preferences is to suppose that the designer cares about “feeding the hungry,"

and not about their utility: The agent’s payoff is vq−cy but the designer’s payoff is simply

vq. This case can be captured by assuming that λ ≡ 0, ey ≡ 0, and ex ≡ v. This is an

instance of an allocative externality, and Theorem 2a implies that screening device D1

dominates screening device D2 if E[v | r1 ≥ G−1
1 (s)] ≥ E[v | r2 ≥ G−1

2 (s)], for all s ∈ [0,1].

Since the designer does not directly care about the utility of recipients, only channel (iii)

from Theorem 2a matters for her payoff. That is, a good screening device identifies agents

with the highest “need” v, at any supply level.

The extension of Theorem 2 to ordeal externalities is more difficult. In the analysis

so far, the marginal distribution of the rate of substitution mattered only for the rent-

provision channel. However, the marginal distribution of r also interacts with the ordeal

externality. In particular, a naive version of Theorem 2a that simply switches the roles of

ex and ey would not be true. To see why, imagine modifying a screening device by mul-

tiplying all r by 2 (without changing the conditional distribution of other variables). Per

Theorem 2, this has no effect on the performance of the screening device in the baseline

framework: The only effect is that in the optimal mechanism the difficulty of the ordeal

is doubled in order to maintain the same effective cost for agents. However, when ey , 0,

doubling the rate means doubling the resulting ordeal difficulty. In particular, the new

ordeal will be better if externalities are positive and worse if they are negative.27

The following result shows how these new forces can be incorporated into our anal-

ysis. Let ⪯w
maj denote the weak prefix majorization order obtained from the prefix ma-

jorization order by dropping the requirement of equality at s = 0 from condition (3); let

⪯fosd denote the standard first-order stochastic dominance (FOSD) order.

Theorem 2b (Ordeal externalities). For two screening devices D1 and D2 with ex ≡ 0, if

(i) V2 ⪯maj V1,

(ii) log(r2) ⪯disp log(r1) and r2 ⪯fosd r1, and

(iii) ey ≥ 0 and Ey2 ⪯
w
maj E

y
1 ,

then screening device D1 dominates screening device D2.

27Given our linear-utility specification, it may at first seem surprising that allocative and ordeal exter-
nalities influence welfare in different ways. The source of that asymmetry is the resource constraint which
pins down the “scale” of x but not of y. In particular, it is possible to keep the allocation rule constant in
the quantile space when moving between different screening devices. In contrast, we cannot keep the or-
deal assignment rule constant between two screening devices (i.e., by specifying the ordeal difficulty level
y for every quantile of the distribution of r), because the marginal distribution of r will influence the ordeal
requirements y through incentive constraints given the resource constraint.
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Theorem 2b assumes that the ordeal externalities are positive (ey ≥ 0). However,

for negative ordeal externalities (ey ≤ 0), Theorem 2b continues to hold if we reverse

the direction of the first-order stochastic dominance (i.e., requiring r1 ⪯fosd r2 instead of

r2 ⪯fosd r1). The intuition behind Theorem 2b is straightforward: A first-order stochastic

dominance shift in the distribution of the rate of substitution implies a corresponding

shift in the profile of difficulty levels y, for any fixed allocation rule in the quantile space.

If ordeal externalities are positive, an increase in the difficulty level is positive for welfare.

Example 2 (Workfare). Targeting via ordeals often takes the form of workfare programs

(see, e.g., Besley and Coate 1992).28 For a workfare program, we can take y to repre-

sent the number of hours worked and c to be the wage the worker could obtain in the

market (with v ≡ 1 since the good being allocated is money).29 We can then think of

ey as a worker’s productivity in the context of a particular project. Selecting a project

that agents work on as part of the workfare program corresponds to selecting a screening

device, while keeping fixed the distribution of (c, λ). A corollary of Theorem 2b is that

screening deviceD1 dominates screening deviceD2 if E[ey1|c1 ≤QD1(s)] ≥ E[ey2|c2 ≤QD2(s)]

for all s ∈ [0,1]. This result formalizes the intuition that a workfare program should be

based on a project that maximizes the average productivity among workers with the low-

est opportunity cost (market wage), when the targeting effectiveness and rent provision

channels are held fixed.

6.2 Misperceptions as Externalities

An important stylized fact about welfare programs is that the take-up rate among the eli-

gible individuals is much lower than that implied by a direct cost-benefit analysis (Currie

2006). To explain the insufficient take-up, the empirical literature has documented that

besides direct transaction costs (what we model as “ordeal costs”), individuals may suf-

fer behavioral biases including misperceptions about their eligibility or the application

costs (Bhargava and Manoli 2015; Finkelstein and Notowidigdo 2019). Such mispercep-

tions create a wedge between the designer’s welfare evaluation and individual decision

making, effectively acting like an externality.

To illustrate, following Finkelstein and Notowidigdo (2019), we consider a setting

28For example, in guaranteed employment programs, such as the one created by India’s National Rural
Employment Guarantee Act (NREGA; see Dréze 2019 for details), individuals can receive a specified amount
of money (usually tied to the prevailing minimum wage) conditional on supplying labor to a government
project (in the case of NREGA, typically related to improvements in agricultural infrastructure).

29In developing countries, c could be below the official minimum wage since employment is often infor-
mal; see, e.g., Banerjee et al. (2024).
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where each eligible individual perceives their chance of being eligible as α ∈ (0,1] instead

of 1. Thus, their perceived payoff from a quality-q object and a difficulty-y ordeal is given

by αvq− cy, which determines their private take-up decisions. (Note that their perceived

payoff can be equivalently represented as vq−cy/α.) However, the designer still evaluates

welfare with respect to the factual allocation:

λ(vq − cy) = λ
(
vq − 1

α
cy

)
+
(1
α
− 1

)
λc · y ,

and we may therefore define

ey :=
(1
α
− 1

)
λc

as the induced ordeal externality due to the misperception. Effectively, there is a positive

ordeal externality due to the fact that individuals do not fully internalize the benefits

from engaging in the ordeal.

Consider an information treatment under which individuals are informed of their

eligibility (as in Finkelstein and Notowidigdo 2019), which we can model as an increase

(in the FOSD sense) in the distribution of α. By Theorem 2b, there are two channels

with conflicting effects on welfare. On the one hand, because the rate of substitution

is r ≡ αv/c, the distribution of r shifts up in the FOSD order, which increases welfare

(everything else equal). On the other hand, the expected ordeal externality Ey decreases

in the weak prefix majorization order, which decreases welfare (everything else equal).

In the special case when all probabilities α change at the same rate, we can resolve the

resulting trade-off by directly comparing the welfare indices from Theorem 1′.

Corollary 4. For two screening devices D1,D2 with α1 = kα2 where k < 1, holding everything

else fixed, screening device D1 dominates D2.

Perhaps surprisingly, Corollary 4 identifies a case where a screening device with higher

misperception dominates a screening device with lower misperception: A proportional

increase in misperception allows the designer to achieve the same screening effect at a

lower factual cost to the recipients. To see why, consider the extreme case where all agents

perceive their probability of receiving an object to be very small. The designer can then

impose a very small ordeal cost and still clear the market. While the costs borne by agents

are small, their actual benefits are large, resulting in high welfare.

Corollary 4 suggests that in settings such as Finkelstein and Notowidigdo (2019), mis-

perceptions may work in the designer’s favor and correcting them could decrease welfare;

instead, the problem of insufficient take-up should be addressed by decreasing the diffi-

culty of the ordeal.
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There are three caveats to this conclusion. First, if the change in misperception is

not proportional for all agents, there will be additional effects (identified in Theorem 2b)

that can improve or worsen a given screening device (e.g., reducing misperception among

agents with low welfare weights could deteriorate the targeting-effectiveness channel).

Second, our results hold only if the designer can freely adjust the difficulty of the ordeal

(and agents become aware of these adjustments); if difficulty cannot be decreased below

a certain minimal level (e.g., filling out some forms may be necessary for administrative

reasons), Corollary 4 no longer applies. Third, our analysis assumed that misperceptions

have no bearing on the realized utility conditional on the outcome; however, certain types

of misperceptions can have a direct psychological effect on recipients, in which case they

should be modeled as part of the screening cost.
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A Preliminaries on Stochastic Orders

A.1 Variability Orders

For a CDF F, define the generalized inverse of F by

F−1(t) := inf
{
x ∈R : F(x) ≥ t

}
.

Let X and Y be two random variables with CDFs FX and FY , respectively. X is said to be

smaller than Y in the dispersive order (X ⪯disp Y ) if

F−1
X (t)−F−1

X (s) ≤ F−1
Y (t)−F−1

Y (s) for all 0 < s < t < 1 .

The dispersive order is location-invariant in the sense that

X ⪯disp Y ⇐⇒ X + a ⪯disp Y for any a ∈R .

Provided that E[X] = E[Y ], we have (see e.g., Shaked and Shanthikumar 2007)

X ⪯disp Y =⇒ X ⪯mps Y ⇐⇒ Y ⪯ssd X ⇐⇒ F−1
X ⪯maj F

−1
Y ⇐⇒ FY ⪯maj FX ,

where ⪯mps is the mean-preserving spread order (or the convex order)30 and ⪯ssd is the

standard second-order stochastic dominance order.31 Here, the majorization order is

equivalent to our prefix majorization order since F and F−1 are monotone.
30That is, X ⪯mps Y if E[h(X)] ≤ E[h(Y )] for all convex functions h provided the expectations exist.
31That is, Y ⪯ssd X if

∫ z
−∞FY (y)dy ≥

∫ z
−∞FX(x)dx for all z ∈R.
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A useful fact about the dispersive order is the following characterization:

Theorem 3 (Shaked 1982). For any two random variables X and Y , we have that X ⪯disp Y

if and only if

X
d= φ(Y )

for some non-decreasing function φ that satisfies φ(y′) −φ(y) ≤ y′ − y for all y < y′, where d=

denotes equality in distribution.

From Theorem 3, it follows easily that for any random variable X, we have

X ⪯disp aX whenever a ≥ 1 , (A1)

and that, for any random variable X, and two differentiable, non-decreasing functions

φ,ψ, we have

φ′(x) ≤ ψ′(x) for all x =⇒ φ(X) ⪯disp ψ(X) . (A2)

The above implies that for any random variable X, and any two differentiable, non-

decreasing functions φ > 0,ψ > 0, we have

φ′(x)
φ(x)

≤
ψ′(x)
ψ(x)

for all x =⇒ logφ(X) ⪯disp logψ(X) . (A3)

A.2 Positive Dependence Orders

Let X = (X1,X2) be a random vector. Let

H(x1,x2) = P(X1 ≤ x1,X2 ≤ x2)

be the joint distribution function of X. Let F1 and F2 be the marginal cumulative distri-

bution functions of X. The copula C : [0,1]2→ [0,1] of X is a joint distribution function

such that, for all (x1, x2),

H(x1,x2) = C
(
F1(x1), F2(x2)

)
.

Sklar’s theorem asserts that for any joint distribution H , (i) there exists a copula C and

(ii) the copula is unique on Ran(F1) ×Ran(F2).32 If the marginal distributions F1,F2 are

continuous, then the copula is uniquely defined by

C(x1,x2) =H
(
F−1

1 (x1),F−1
2 (x2)

)
.

32When the copula is not unique on [0,1]×[0,1], it suffices to arbitrarily choose a copula for our purposes.
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For any two random vectors X = (X1,X2), Y = (Y1,Y2), X is said to be smaller than Y in

the correlation order if

CX(s, t) ≤ CY (s, t) for all s, t ∈ [0,1] .

This order is also known as the concordance order or the positive dependence order

(Shaked and Shanthikumar 2007).33

A useful fact about the correlation order is the following characterization:

Theorem 4 (Tchen 1980). For any random vectors X,Y that have the same marginal distri-

butions, we have that (X1,X2) ⪯cor (Y1,Y2) if and only if

E

[
φ(X1,X2)

]
≤ E

[
φ(Y1,Y2)

]
for all supermodular functions φ,

provided the expectations exist.

From Theorem 4, it follows that correlation measures such as Pearson’s r, Kendall’s τ ,

and Spearman’s ρ are all monotone with respect to the correlation order.

From Theorem 4, it also follows that the correlation order is invariant under monotone

transformations. Specifically, for any random vectors X,Y and any two strictly increasing

functions ϕ,ψ, we have

(X1,X2) ⪯cor (Y1,Y2) =⇒
(
ϕ(X1),ψ(X2)

)
⪯cor

(
ϕ(Y1),ψ(Y2)

)
. (A4)

By Corollary 1, condition (i) of Theorem 2, V2 ⪯maj V1, is equivalent to

E[λv | r2 ≥ G−1
2 (s)] ≤ E[λv | r1 ≥ G−1

1 (s)] for all s ∈ (0,1) ,

which, by Theorem 4, is implied by

(λv,r2) ⪯cor (λv,r1)

because φ(x1,x2) := x1 ·1x2≥s is a supermodular function for all s ∈ (0,1). Thus, condition

(i) of Theorem 2 is weaker than requiring an increase in the correlation order.

33This order is usually defined for two random vectors that have the same marginals, which we extend
to potentially different marginals by comparing the copulas rather than the joint distribution functions.
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B Proofs

B.1 Proof of Theorem 1

Fix any screening deviceD. First, observe that instead of the rate of substitution r, the de-

signer can equivalently elicit the corresponding quantile t because there is a one-to-one

mapping r = G−1(t). Second, because both the designer and the agents are risk neutral,

any feasible probabilistic assignments that give the same expected quality would be pay-

off equivalent. Thus, we can directly work with expected quality quantile allocation

x : [0,1] → [0,1]. An agent’s payoff can be written as G−1(t) · x(t) − y(t), after normaliz-

ing by c. By the envelope theorem, letting U [x](t) denote the utility of the agent at the

t-quantile under allocation rule x, we have that

U [x](t) =
∫ t

0
(G−1)′(s)x(s)ds+G−1(0)x(0) , (B1)

where we used the observation that the designer would never want to set y(0) > 0 and

thus U (0) = G−1(0)x(0). This, in particular, implies that U [x] is a linear operator of x.

Note that we can write the objective as

E

[
λv

(
x(t)− 1

G−1(t)
y(t)

)]
=

∫ 1

0
E
[
λv | r = G−1(t)

]
· 1
G−1(t)

U [x](t)dt . (B2)

Moreover, observe that under the allocation rule x(t) = 1t≥k for any k > 0, we have

U [x](t) = 1t≥k
(
G−1(t)−G−1(k)

)
,

and for k = 0, we have U [x](t) = G−1(t). With (B2), these imply that for x(t) = 1t≥k we may

write the objective as (recalling that V (t) = E[λv | r = G−1(t)])∫ 1

k
V (t) ·

(
1− G

−1(k)
G−1(t)

)
dt (B3)

for any k > 0, and E[λv] for k = 0.

Suppose that condition (1) in Theorem 1 holds for all s ∈ [0,1]. Then by (B3), we have

that ∫ 1

0
V1(t) · 1

G−1
1 (t)

U1[1t≥s](t)dt ≥
∫ 1

0
V2(t) · 1

G−1
2 (t)

U2[1t≥s](t)dt (B4)

holds for all s ∈ (0,1]. For s = 0, the above also holds since they both equal E[λv]. Now
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consider any feasible expected quality quantile allocation x under screening device D2.

Note that x is also feasible under screening device D1 since we are working in the quan-

tile space. By standard arguments, the IC constraints imply that x : [0,1] → [0,1] is a

monotone function. Recall that, by Choquet’s theorem, every monotone function can be

represented as a probability distribution over a set of one-step functions. In particular,

we have the following:

Lemma 1. For every monotone, right-continuous function x : [0,1] → [0,1], there exists a

probability measure µ ∈ ∆([0,1]) such that for t = 0 and for almost all t ∈ (0,1],

x(t) =
∫
1t≥sdµ(s) .

Let µ be the measure, given in Lemma 1, that represents the monotone allocation rule

x : [0,1]→ [0,1] (it is without loss of generality to assume that x is right-continuous by

approximation). By linearity of the functionals U1[x] and U2[x], we have that∫ 1

0
V1(t) · 1

G−1
1 (t)

U1[x](t)dt =
∫

[0,1]

(∫ 1

0
V1(t) · 1

G−1
1 (t)

U1[1t≥s](t)dt
)

dµ(s)

≥
∫

[0,1]

(∫ 1

0
V2(t) · 1

G−1
2 (t)

U2[1t≥s](t)dt
)

dµ(s)

=
∫ 1

0
V2(t) · 1

G−1
2 (t)

U2[x](t)dt .

Therefore, by (B2), we must have that the designer’s payoff with the quantile allocation

rule x under D1 is weakly higher than that under D2. Since this holds for every feasible

expected quality quantile allocation rule x, device D1 must dominate device D2.

Next, we prove the necessity of condition (1) (under the additional assumptions).

Suppose, toward a contradiction, that D1 dominates D2 but W (D1, s) < W (D2, s) at some

s ∈ [0,1]. Let F(q) be the function s+(1−s)1q=1, representing a fixed supply 1−s of quality

1 objects. Under this choice of F, an expected quality quantile allocation rule x is feasible

if and only if ∫ 1

0
x(t)dt ≤ 1− s .

Fix the screening device to be D1. By Lemma 1, any feasible quantile allocation rule can

be represented by some probability measure µ ∈ ∆([0,1]) such that∫ 1

0
kdµ(k) ≥ s .
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By equation (B3) and the argument above, since inf(supp(G1)) = 0, we can write the de-

signer’s payoff with µ under D1 as∫ 1

0

∫ 1

k
V1(t)

(
1−

G−1
1 (k)

G−1
1 (t)

)
dtdµ(k) =

∫ 1

0
W (D1, k)dµ(k) .

Note that W (D1, · ) is non-increasing, and by assumption, W (D1, · ) is concave. Therefore,∫ 1

0
W (D1, k)dµ(k) ≤W (D1,Ek∼µ[k]) ≤W (D1, s) .

Since W (D1, s) equals the objective with x(t) = 1t≥s under D1, it follows immediately that

OPT(D1,F) =W (D1, s) <W (D2, s) ≤OPT(D2,F) ,

where the last inequality is due to the fact that x(t) = 1t≥s is also feasible under D2. But

then D1 cannot dominate D2—a contradiction.

B.2 Proof of Theorem 2

First, observe that log(r2) ⪯disp log(r1) is equivalent to

logG−1
2 (t)− logG−1

2 (s) ≤ logG−1
1 (t)− logG−1

1 (s) for all 0 < s < t < 1 ,

which is equivalent to

1−
G−1

2 (s)

G−1
2 (t)

≤ 1−
G−1

1 (s)

G−1
1 (t)

for all 0 < s < t < 1 .

Thus, for all s ∈ [0,1], we have

W (D2, s) =
∫ 1

s

(
1−

G−1
2 (s)

G−1
2 (t)

)
·V2(t)dt ≤

∫ 1

s

(
1−

G−1
1 (s)

G−1
1 (t)

)
·V2(t)dt .

Now fix any s ∈ [0,1] and write∫ 1

s

(
1−

G−1
1 (s)

G−1
1 (t)

)
·V2(t)dt =

∫ 1

0
1t≥s

(
1−

G−1
1 (s)

G−1
1 (t)

)
·V2(t)dt .
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Since

h(t) := 1t≥s
(
1−

G−1
1 (s)

G−1
1 (t)

)
is a monotone function from [0,1] to [0,1], note that by the representation theorem

(Lemma 1), there exists a probability measure µ over [0,1] such that for almost all t ∈ [0,1]

h(t) =
∫

[0,1]
1t≥k dµ(k) .

This implies that

W (D2, s) ≤
∫ 1

0
h(t)V2(t)dt =

∫
[0,1]

(∫ 1

0
1t≥kE

[
λv | r2 = G−1

2 (t)
]
dt

)
dµ(k)

=
∫

[0,1]

(
1− k

)
E
[
λv | r2 ≥ G−1

2 (k)
]
dµ(k) ≤

∫
[0,1]

(
1− k

)
E
[
λv | r1 ≥ G−1

1 (k)
]
dµ(k)

=
∫

[0,1]

(∫ 1

0
1t≥kE

[
λv | r1 = G−1

1 (t)
]
dt

)
dµ(k) =

∫ 1

0
h(t)V1(t)dt =W (D1, s),

where the inequality follows from the majorization condition V2 ⪯maj V1. Since this holds

for all s ∈ [0,1], screening device D1 must dominate screening device D2 by Theorem 1.

B.3 Proof of Corollary 1

Corollary 1′ (Generalized statement not assuming v ≡ 1). A screening device D is improved

in the prefix majorization order (channel (i) identified by Theorem 2) if and only if E[λv | r ≥
G−1(s)] increases for all s ∈ (0,1).34

Proof of Corollary 1′. By definition, we have that V2 ⪯maj V1 holds if and only if∫ 1

s
E[λv | r2 = G−1

2 (t)]dt ≤
∫ 1

s
E[λv | r1 = G−1

1 (t)]dt for all s ∈ (0, 1] with equality at s = 0 ,

which holds if and only if

E
[
λv1r2≥G−1

2 (s)

]
≤ E

[
λv1r1≥G−1

1 (s)

]
for all s ∈ (0,1) ,

34To obtain the special case of Corollary 1, note that when r = 1/c,

r ≥ G−1(s) ⇐⇒ c ≤
(
G−1(s)

)−1
≡QD (1− s),

and the statement follows by reparameterizing the index as s′ = 1− s.
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which holds if and only if

E[λv | r2 ≥ G−1
2 (s)] ≤ E[λv | r1 ≥ G−1

1 (s)] for all s ∈ (0,1) .

B.4 Proof of Corollary 2

Corollary 2′ (Generalized statement not assuming v ≡ 1). A screening device D is improved

in the dispersive order (channel (ii) identified by Theorem 2) if and only if |ηD(y⋆(s))| decreases

for all s ∈ (0,1).

Proof of Corollary 2′. Note that log(r2) ⪯disp log(r1) if and only if

logG−1
1 (s)− logG−1

2 (s) is non-decreasing in s ,

which holds if and only if

d
ds

logG−1
1 (s) ≥ d

ds
logG−1

2 (s) for all s ∈ (0,1) ,

which holds if and only if

d
dlogs

logG−1
1 (1− s) ≤ d

dlogs
logG−1

2 (1− s) for all s ∈ (0,1) ,

which holds if and only if[ d
dlogs

logG−1
1 (1− s)

]−1
≥

[ d
dlogs

logG−1
2 (1− s)

]−1
for all s ∈ (0,1) .

Note that the left-hand side is exactly ηD1(y⋆D1
(s)) and the right-hand side is exactly ηD2(y⋆D2

(s)).

Since these two are both negative, the result follows.

B.5 Proof of Corollary 3

Corollary 3′ (Generalized statement not assuming v ≡ 1). For any s ∈ [0,1], we have

W (D,s) =
∫ 1−s

0

E[λv | r ≥ G−1(1− t)]
|ηD(y⋆(t))|

exp
(
−
∫ 1−s

t

1

z
∣∣∣ηD(y⋆(z))

∣∣∣ dz
)

dt .35 (B5)

35To obtain the special case of Corollary 3, note that when r = 1/c,

r ≥ G−1(1− t) ⇐⇒ c ≤
(
G−1(1− t)

)−1
≡QD (t).
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Proof of Corollary 3′. As in the proof of Corollary 2′, we note that

∣∣∣ηD(y⋆(s))
∣∣∣ = −

[ d
dlogs

logG−1(1− s)
]−1

.

Thus,

−
∫ 1−s

t

1

z
∣∣∣ηD(y⋆(z))

∣∣∣ dz = logG−1(s)− logG−1(1− t) = log
G−1(s)

G−1(1− t)
.

Therefore, the right-hand side of equation (B5) is equal to∫ 1−s

0
E[λv | r ≥ G−1(1− t)] ·

(
−t

dlogG−1(1− t)
dt

)
· G−1(s)
G−1(1− t)

dt

=
∫ 1−s

0

∫ 1
1−tV (z)dz

t
·
(
−t

dlogG−1(1− t)
dt

)
· G−1(s)
G−1(1− t)

dt

=
∫ 1−s

0

(∫ 1

1−t
V (z)dz

)
·
(
−dG−1(1− t)

dt
· 1
G−1(1− t)

)
· G−1(s)
G−1(1− t)

dt

=
∫ 1−s

0

(∫ 1

1−t
V (z)dz

)
·
(

d
dt

G−1(s)
G−1(1− t)

)
dt

=
(∫ 1

1−t
V (z)dz

)
· G−1(s)
G−1(1− t)

∣∣∣∣∣∣
t=1−s

t=0

−
∫ 1−s

0
V (1− t) · G−1(s)

G−1(1− t)
dt

=
∫ 1

s
V (z)dz −

∫ 1

s
V (z) · G

−1(s)
G−1(z)

dz =
∫ 1

s
V (t) ·

(
1− G

−1(s)
G−1(t)

)
dt =W (D,s) ,

proving the claim.

B.6 Proofs of Proposition 1, 2 and 3

B.6.1 Auxiliary Lemma

Lemma 2. Consider two screening devices D1 and D2 that satisfy

r2 = ψ
(
r1, ε

)
for some random variable ε independent of (λv,r1) where, for almost all ε, we have

u 7→ logψ
(
exp(u), ε

)
is nondecreasing and 1-Lipschitz. Then, device D1 dominates device D2.
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Proof of Lemma 2. Let t1 be the quantile for r1. Let E be the set of ε at which the condition

on ψ holds. By assumption, P(ε ∈ E) = 1. Consider the mechanism design problem

under screening device D2. We can let x(t1, ε) be the allocation rule that elicits reports

on (t1, ε). Note that since x is monotone in ψ(G−1
1 (t1), ε), we have that x( · , ε) is monotone

for all ε ∈ E. Suppose that we let the designer observe ε and then optimize over y. This

provides an upper bound on the designer’s payoff under allocation rule x. By the proof

of Theorem 1, the designer’s payoff in this case is given by

E

λv · 1

ψ(G−1
1 (t1), ε)

(∫ t1

0

d
ds

[
ψ(G−1

1 (s), ε)
]
· x(s,ε)ds+ψ(G−1

1 (0), ε)x(0, ε)
)
| ε

 .
By the proof of Theorem 2, this value is bounded from above by

E

λv · 1

G−1
1 (t1)

(∫ t1

0
(G−1

1 )′(s) · x(s,ε)ds+G−1
1 (0)x(0, ε)

)
| ε

 ,
because for any ε ∈ E, by Theorem 3, we have

logψ(r,ε) ⪯disp log(r) .

Thus, the designer’s payoff with x under screening device D2 is bounded from above by

E

λv · 1

G−1
1 (t1)

(∫ t1

0
(G−1

1 )′(s) · x(s,ε)ds+G−1
1 (0)x(0, ε)

) .
Now, note that for any feasible and implementable x(t1, ε), we have that x̃(t1) := Eε[x(t1, ε)]

is feasible and monotone. Moreover, the designer’s payoff with x̃ under screening device

D1 is given by

E

λv · 1

G−1
1 (t1)

(∫ t1

0
(G−1

1 )′(s) ·Eε[x(s,ε)]ds+G−1
1 (0)Eε[x(0, ε)]

) ,
which, by independence, equals the upper bound on the designer’s payoff with x under

screening device D2. Therefore, screening device D1 dominates screening device D2.
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B.6.2 Proof of Proposition 1

Proposition 1′ (Generalized statement not assuming v ≡ 1). Consider screening devices D1

and D2 that satisfy

log(ri) = βi log(λv) + εi

for random variables εi ∼N (0,σ2
i ) that are independent of λv. Let R2

i := Var(βi log(λv))
Var(βi log(λv)+εi )

be the

R-squared of the regression. If

(i) β1 ≥ β2, and

(ii) R2
1 ≥ R2

2,

then screening device D1 dominates screening device D2.36

Proof of Proposition 1′. First, consider the case where β2 ≤ 0. By Lemma 2, screening de-

vice D2 is dominated by screening device D̃2 defined by

log(r̃2) = β2 log(λv) .

We claim that the optimal mechanism under D̃2 is always full randomization without

costly screening. Indeed, note that for β2 < 0,

E[λv | r̃2] = exp
( 1
β2

log(r̃2)
)
.

Thus, E[λv | r̃2] is a non-increasing function of r̃2 for any β2 ≤ 0. By the FKG inequality,

for any implementable (and hence monotone) xΓ , we have∫
E[λv | r̃2]

(
xΓ (r̃2)− 1

r̃2
y(r̃2)

)
dG̃2(r̃2) ≤

∫
E[λv | r̃2]xΓ (r̃2)dG̃2(r̃2) ≤ E[λv]E[xΓ (r̃2)] ,

where the welfare E[λv]E[xΓ (r̃2)] is achievable by random allocations without costly

screening. So screening device D̃2, and hence D2, is dominated by screening device D1.

Now, consider the case where β2 > 0. By assumption, we have

σ2
2 −

(β2

β1
σ1

)2
≥ 0 .

36To obtain the special case of Proposition 1, note that with v ≡ 1, we have log(ri) = − log(ci), and hence
log(ci) = −βi log(λv) + εi , where we have also used the symmetry of the normal distribution. The statement
follows by noting that the R-squared is also invariant under this transformation.
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We construct a coupling of (λv,r1, r2) in the following way:

log(r2) =
β2

β1
log(r1) + ξ

where ξ is drawn from

N
(
0, σ2

2 −
(β2

β1
σ1

)2
)

independently of λv and ε1 (and hence independent of (λv,r1)).

We claim that under this coupling, we have that the joint distribution of (λv,r2) is

unchanged. To see this, note that

β2

β1
log(r1) + ξ =

β2

β1

(
β1 log(λv) + ε1

)
+ ξ = β2 log(λv) +

β2

β1
ε1 + ξ

where
β2

β1
ε1 + ξ =: ε̃2

is independent of λv and follows a normal distribution with mean 0 and variance

(β2

β1
σ1

)2
+ σ2

2 −
(β2

β1
σ1

)2
= σ2

2 .

Therefore, we have (
log(λv), log(r2)

) d= (
log(λv),

β2

β1
log(r1) + ξ

)
.

Finally, note that, by Lemma 2, any screening device D satisfying

log(r) =
β2

β1
log(r1) + ξ

is dominated by screening device D1 since (i) β2
β1
∈ [0,1] and (ii) ξ is independent of

(λv,r1). The result follows.

B.6.3 Proof of Proposition 2

Proposition 2′ (Generalized statement not assuming v ≡ 1). Consider any screening device

D, and screening devices D1,D2,D3 where, for some constants k1, k2, k3 > 0,

1
r1

=
1
r
− k1,

1
r2

= min
(1
r
,k2

)
,

1
r3

= k3 ·
1
r
.
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Then, (i) D1 dominates D, (ii) D2 is dominated by D, and (iii) D3 is equivalent to D.

Proof of Proposition 2′. Statement (iii) is immediate by Theorem 2. We prove (i) and (ii)

by applying Lemma 2. For statement (i), note that

log(r) = − log
( 1
r1

+ k1

)
,

and that
d

dlogr1

[
− log

( 1
r1

+ k1

)]
=

1
1 + k1r1

∈ [0,1] ,

and hence D is dominated by D1 by Lemma 2. For statement (ii), note that

log(r2) = − log
(

min
(1
r
,k2

))
,

which, as a function of log(r), is absolutely continuous with a derivative bounded between

0 and 1 almost everywhere. The claim follows by Lemma 2.

B.6.4 Proof of Proposition 3

Proposition 3′ (Generalized statement not assuming v ≡ 1). Consider any screening device

D, and a screening device D̃ such that

log(r̃) = log(r) + ε

for some random variable ε that is independent of (λv,r). Then, D̃ is dominated by D.

Proof of Proposition 3′. This follows immediately from Lemma 2.

B.7 Proof of Proposition 4

Let

c =
v

exp(γH(λv))
,

where H is the CDF of λv and γ > 0 is a parameter. Then, (λv,r) are comonotonic, and

G−1(t) = exp(γt). This implies that

W (Dγ , s) =
∫ 1

s

(
1− e−γ(t−s)

)
·H−1(t)dt .
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Let Kγ (s) := W (Dγ , s). Let K(s) =
∫ 1
s
H−1(t)dt. First, by the monotone convergence theo-

rem, for any s, we have

lim
γ→∞

Kγ (s) =
∫ 1

s
lim
γ→∞

(
1− e−γ(t−s)

)
·H−1(t)dt =

∫ 1

s
H−1(t)dt = K(s) .

Thus Kγ converges to K pointwise. Now, note that (i) Kγ (s) is continuous in s ∈ [0,1], (ii)

Kγ (s) is monotone in γ , and (iii) K(s) is continuous in s ∈ [0,1]. By Dini’s theorem, the

functions Kγ converge uniformly to K . Thus, for any ε > 0, there exists γ such that for all

s ∈ [0,1], we have ∣∣∣∣Kγ (s)−K(s)
∣∣∣∣ < ε .

Let x(t) = F−1(t) (corresponding to the market-clearing mechanism). As in the proof

of Theorem 1, let µ be the probability measure, given in Lemma 1, that represents x(t).

The first-best welfare is given by ∫ 1

0
K(s)dµ(s) .

By the proof of Theorem 1, the welfare under screening device Dγ and allocation rule x

is given by ∫ 1

0
K̃γ (s)dµ(s) ,

where K̃γ (s) := Kγ (s) if s ∈ (0,1] and K̃γ (s) := E[λv] = K(s) if s = 0. Clearly, for all s ∈ [0,1],

we also have |K̃γ (s)−K(s)| < ε. Thus, we have

∣∣∣∣∫ 1

0
K̃γ (s)dµ(s)−

∫ 1

0
K(s)dµ(s)

∣∣∣∣ ≤ ∫ 1

0

∣∣∣∣K̃γ (s)−K(s)
∣∣∣∣dµ(s) < ε ,

proving the claim.

B.8 Proof of Proposition 5

We use a similar construction as in the proof of Proposition 4. We will construct Dε to

achieve perfect targeting. Let

c =
v

exp(γH(λv))
,
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where H is the CDF of λv and γ > 0 is a parameter. Then, (λv,r) are comonotonic (i.e.,

they are perfectly positively correlated), and G−1(t) = exp(γt). This also implies that

W (Dγ , s) =
∫ 1

s

(
1− e−γ(t−s)

)
·H−1(t)dt .

Let Kγ (s) :=W (Dγ , s). First, by the monotone convergence theorem, for any s, we have

lim
γ→0

Kγ (s) =
∫ 1

s
lim
γ→0

(
1− e−γ(t−s)

)
·H−1(t)dt = 0 .

Thus Kγ converges to 0 pointwise. Now, note that (i) Kγ (s) is continuous in s ∈ [0,1], (ii)

Kγ (s) is monotone in γ . By Dini’s theorem, the functions Kγ converge uniformly to 0.

Let x(t) = F−1(t) (corresponding to the market-clearing mechanism). As in the proof

of Theorem 1, let µ be the probability measure, given in Lemma 1, that represents x(t).

Note that F−1(0) = 0 and hence x(0) = 0. By the proof of Theorem 1, this implies that the

welfare under screening device Dγ and allocation rule x is given by

∫ 1

0
Kγ (s)dµ(s) .

The claim then follows by a similar argument as in the proof of Proposition 4; in partic-

ular, since the functions Kγ converge uniformly to 0, we can define Dε to be equal to Dγ
for γ small enough so that

∫ 1
0
Kγ (s)dµ(s) < ε.

B.9 Proof of Proposition 6

We first prove the second claim. Suppose that v ∼ U [1,2] and v = 1
λ . Note that since

λv ≡ 1, any screening device D must induce r that is independent of λv. Therefore, under

any screening deviceD, the optimal mechanism is always full randomization (with y = 0).

Thus, it suffices to show that there exists some F such that money does strictly better.

Consider a setting in which there is a mass s ∈ (0,1) of quality-1 goods to be allocated. Let

the price be 2− s. The payoff to the designer is then∫ 2

1

1
v

(v − 2 + s)1v≥2−sdv + s · (2− s) ·E
[1
v

]
= s −

∫ 2

1

2− s
v
1v≥2−sdv + s · (2− s) ·E

[1
v

]
.

Note that

E

[1
v

]
>

1
s

∫ 2

2−s

1
v

dv,
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and therefore the payoff to the designer is strictly higher than s, which is the payoff to the

designer under full randomization. This proves the second claim.

Now, we prove the first claim. Consider the setting where v = λ =
√
t and t ∼ U [0,1].

The welfare of using money to allocate a mass 1− s of quality-1 goods under the market-

clearing mechanism x(t) = 1t≥s is given by

M(s) :=
∫ 1

s

√
t
(√
t −
√
s
)
dt +

(∫ 1

0

√
tdt

)√
s(1− s) =

1
6

(s2 − 4
√
s+ 3) +

2
3

√
s(1− s) .

The welfare of using screening device Dα defined by

c =
v

(λv)α

for parameter α > 0 under the market-clearing mechanism x(t) = 1t≥s is given by:

W (D,s) =
∫ 1

s

(
1− G

−1(s)
G−1(t)

)
·E

[
λv | r = G−1(t)

]
dt =

∫ 1

s
t − t ·

(s
t

)α
dt =

1
2

(
1− αs

2 − 2sα

α − 2

)
.

One can verify that for sufficiently large α, the concave envelope ofW (D,s) is everywhere

above the concave envelope of M(s) and strictly so for some s ∈ (0,1). By the proof of

Theorem 1′ ′ in Appendix C, this example then proves the first claim.

B.10 Proof of Theorem 1′

The proof follows by the same argument that we used in the proof of Theorem 1. Fix

any screening device D. The agent’s payoff can be written as G−1(t) · x(t) − y(t), after

normalizing by c. By the envelope theorem, letting U [x](t) denote the utility of the agent

at the t-quantile under allocation rule x, we have that

U [x](t) =
∫ t

0
(G−1)′(s)x(s)ds+κ ·G−1(0)x(0) ,

where κ is a parameter in [0,1] (corresponding to the choice of y(0)). We can also write

the corresponding ordeal difficulty assignment as:

y[x](t) := G−1(t)x(t)−U [x](t) .

Then the designer’s payoff, given the expected-quality allocation rule in the quantile
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space x, is∫ 1

0

E [
λv | r = G−1(t)

]
· 1
G−1(t)

U [x](t)+E
[
ex | r = G−1(t)

]
·x(t)+E

[
ey | r = G−1(t)

]
·y[x](t)

dt .

Consider any allocation rule of the form x(t) = 1t≥k for any k ∈ (0,1]. Note that U [x](t) =

1t≥k
(
G−1(t)−G−1(k)

)
and y[x](t) = 1t≥kG−1(k). Therefore, the objective reduces to

Objectiveκ[1t≥k] =
∫ 1

k

(1− G−1(k)
G−1(t)

)
V (t) +E

[
ex | r = G−1(t)

]
+G−1(k)E

[
ey | r = G−1(t)

]dt .

Now, consider the allocation rule x(t) = 1t≥0, and note that U [x](t) = G−1(t)−G−1(0) + κ ·
G−1(0) and y[x](t) = G−1(0)−κ ·G−1(0). Therefore,

Objectiveκ[1t≥0] =
∫ 1

0

(1− G−1(0)
G−1(t)

)
V (t) +E

[
ex | r = G−1(t)

]
+G−1(0)E

[
ey | r = G−1(t)

]dt

+κG−1(0)
∫ 1

0

1
G−1(t)

V (t)dt −κG−1(0)
∫ 1

0
E
[
ey | r = G−1(t)

]
dt.

Note that the objective is linear in κ. Moreover, when κ = 0, we have

Objectiveκ[1t≥0] =We(D,0),

and when κ = 1, we have

Objectiveκ[1t≥0] = E[λv] +E[ex] .

Therefore, for any D1 and D2 such thatWe(D1, s) ≥We(D2, s) for all s ∈ [0,1], we must have

that for all κ ∈ [0,1], and all k ∈ [0,1],

ObjectiveD1
κ [1t≥k] ≥ObjectiveD2

κ [1t≥k] .

Now, note that U [x] and y[x] are both linear operators and hence the Objective[x] is a

linear functional of the quantile allocation rule x. The rest of the proof is identical to the

proof of Theorem 1 by applying Choquet’s representation theorem (Lemma 1).
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B.11 Proof of Theorem 2a

The proof is similar to that of Theorem 2. By Theorem 1′, it suffices to show thatWe(D1, s) ≥
We(D2, s), for all s ∈ [0,1]. Given ey ≡ 0, the generalized welfare index can be written as∫ 1

s

(
1− G

−1(s)
G−1(t)

)
V (t)dt +

∫ 1

s
E
[
ex | r = G−1(t)

]
dt .

By the proof of Theorem 2, the first term is higher when moving from D2 to D1 since

G is increased in the dispersive order on the log scale and V is increased in the prefix

majorization order. Moreover, the second term is also higher when moving from D2 to

D1, since by assumption Ex2 ⪯maj E
x
1 , concluding the proof.

B.12 Proof of Theorem 2b

The proof is similar to that of Theorem 2. By Theorem 1′, it suffices to show thatWe(D1, s) ≥
We(D2, s), for all s ∈ [0,1]. Given ex ≡ 0, the generalized welfare index can be written as∫ 1

s

(
1− G

−1(s)
G−1(t)

)
V (t)dt +

∫ 1

s
G−1(s)E

[
ey | r = G−1(t)

]
dt .

By the proof of Theorem 2, the first term is higher when moving from D2 to D1 since

G is increased in the dispersive order on the log scale and V is increased in the prefix

majorization order. Now, we argue that the second term is also higher when moving from

D2 to D1. Indeed, note that for any s ∈ [0,1], we have∫ 1

s
G−1

2 (s)ED2

[
ey | r = G−1

2 (t)
]
dt ≤

∫ 1

s
G−1

1 (s)ED2

[
ey | r = G−1

2 (t)
]
dt

≤
∫ 1

s
G−1

1 (s)ED1

[
ey | r = G−1

1 (t)
]
dt

where the first inequality is due to r2 ⪯fosd r1 (and ey ≥ 0) and the second inequality is

due to Ey2 ⪯
w
maj E

y
1 , proving the claim. We also note that in the case of ey ≤ 0, the first

inequality continues to hold if the FOSD relation is reversed, i.e., r1 ⪯fosd r2.

B.13 Proof of Corollary 4

As discussed in the main text, the model with misperception can be viewed as the fol-

lowing model with externalities. The agents’ payoffs are given by vq − cy/α, and the
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externalities are given by ex ≡ 0 and

ey ≡
(1
α
− 1

)
λc .

The generalized welfare index can be written as

We(D,s) =
∫ 1

s

(
1− G̃

−1(s)
G̃−1(t)

)
Ṽ (t)dt +

∫ 1

s
G̃−1(s)E

[
λc

( 1
α
− 1

)
| r̃ = G̃−1(t)

]
dt ,

where

r̃ =
αv
c

and G̃ is the distribution of r̃. Let

r̂ =
α̂v
c

where α̂ = kα and k < 1 is a constant. Then, note that for any s ∈ [0,1], we have

We(D̂, s) =
∫ 1

s

(
1− G̃

−1(s)
G̃−1(t)

)
Ṽ (t)dt +

∫ 1

s
kG̃−1(s)E

[
λc

( 1
kα
− 1

)
| r̃ = G̃−1(t)

]
dt

=
∫ 1

s

(
1− G̃

−1(s)
G̃−1(t)

)
Ṽ (t)dt +

∫ 1

s
G̃−1(s)E

[
λc

( 1
α
− k

)
| r̃ = G̃−1(t)

]
dt

≥
∫ 1

s

(
1− G̃

−1(s)
G̃−1(t)

)
Ṽ (t)dt +

∫ 1

s
G̃−1(s)E

[
λc

( 1
α
− 1

)
| r̃ = G̃−1(t)

]
dt =We(D,s) ,

and thus the result follows by Theorem 1′.

C Supplementary materials

C.1 A necessary and sufficient condition for dominance

For any function h : [0,1]→R, let co(h) be the concave envelope of h, i.e.,

co(h)(s) := inf
{
k(s) : k is concave and k ≥ h

}
.

The next result provides a necessary and sufficient condition for one screening device to

dominate another.

Theorem 1′ ′. A screening device D1 dominates screening device D2 if and only if, for all s ∈
[0,1],

Ŵ (D1, s) ≥ Ŵ (D2, s) , (C1)
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where

Ŵ = co(W0),

and

W0(D,s) =

W (D,s) if s ∈ (0,1],

E[λv] if s = 0 .

Proof of Theorem 1′ ′. We follow the notation used in the proof of Theorem 1.

The “if” part: Suppose that condition (C1) in Theorem 1′ ′ holds for all s ∈ [0,1]. Note

that, by equation (B3) in the proof of Theorem 1, we have

W0(D,s) =
∫ 1

0
V (t) · 1

G−1(t)
U [1t≥s](t)dt ,

which is the designer’s payoff under a quantile allocation rule 1t≥s.

Now, consider any feasible expected quality quantile allocation rule x : [0,1]→ [0,1] .

As in the proof of Theorem 1, the set of feasible allocation rules x is the same across the

two screening devices D1 and D2. Moreover, as in the proof of Theorem 1, by Lemma 1,

there exists a probability measure µ ∈ ∆([0,1]) such that for t = 0 and almost all t ∈ (0,1]

x(t) =
∫

[0,1]
1t≥sdµ(s) .

Thus, it is without loss of generality to optimize over the set of representing probability

measures µ. Thus, by the argument in the proof of Theorem 1, it suffices to show that

sup
µ2∈L

∫
[0,1]

W0(D2, s)dµ2(s) ≤ sup
µ1∈L

∫
[0,1]

W0(D1, s)dµ1(s)

where L is the set of probability measures that satisfy the feasibility constraint. For any

µ ∈ L, we claim that if µ ⪯mps µ̃, then we also have that µ̃ ∈ L. That is, any mean-

preserving spread of the measure µ also induces a feasible allocation rule. To see this,

note that for any z ∈ [0,1], we have∫ 1

z
x(t)dt =

∫ 1

z

∫ 1

0
1t≥sdµ(s)dt =

∫ 1

0
(1−max{z, s})dµ(s) ≥

∫ 1

0
(1−max{z, s})dµ̃(s) =

∫ 1

z
x̃(t)dt

where the inequality holds because 1 −max{s,z} is concave in s and µ ⪯mps µ̃. Moreover,

note that the above holds with equality when z = 0. Thus, we have x̃ ⪯maj x. Let X be the

random expected quality induced by the allocation rule x, and X̃ be the random expected
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quality induced by the allocation rule x̃. Then, note that X̃ ⪯mps X. By Blackwell (1953),

there exists a coupling of (X,X̃) such that E[X | X̃] = X̃ . This implies that x̃ is a feasible

expected quality allocation rule, because it can be constructed by a compound lottery

where one further randomizes the quality lotteries that implement x according to the

conditional distribution X | X̃. Therefore, we have µ̃ ∈ L. This implies that

sup
µ2∈L

∫
[0,1]

W0(D2, s)dµ2(s) = sup
µ2∈L

∫
[0,1]

Ŵ (D2, s)dµ2(s)

≤ sup
µ1∈L

∫
[0,1]

Ŵ (D1, s)dµ1(s) = sup
µ1∈L

∫
[0,1]

W0(D1, s)dµ1(s)

where (i) the two equalities use that for any µ ∈ L and µ ⪯mps µ̃, we have µ̃ ∈ L and (ii) the

inequality uses the condition (C1).

The “only if” part: Note that

Ŵ (D2,0) =W0(D2,0) = E[λv] =W0(D1,0) = Ŵ (D1,0) .

Thus, it suffices to show that (C1) holds for all s ∈ (0,1). Suppose for contradiction that

(C1) is violated at some s ∈ (0,1). Let F(q) be the function s + (1 − s)1q=1, representing a

fixed supply 1− s of quality 1 objects. We claim that with this choice of F,

OPT(D1,F) <OPT(D2,F) .

Indeed, under this choice of F, an expected quality quantile allocation rule x is feasible if

and only if ∫ 1

0
x(t)dt ≤ 1− s .

Fix the screening device to beD1. By the representation theorem (Lemma 1), optimization

over feasible mechanisms is equivalent to optimization over probability measures µ with∫
[0,1]

kdµ(k) ≥ s .

By equation (B3) and the argument in the proof of Theorem 1, the value of the objective

under measure µ and screening device D1 is equal to

Ek∼µ
[
W0(D1, k)

]
≤ Ek∼µ

[
Ŵ (D1, k)

]
≤ Ŵ

(
D1,Ek∼µ[k]

)
≤ Ŵ

(
D1, s

)
< Ŵ

(
D2, s

)
,

where the second inequality is due to Jensen’s inequality, and the third inequality holds
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because W0(D1, · ), and hence Ŵ (D1, · ), is non-increasing. By the proof of the “if” part,

the designer can achieve the welfare of Ŵ (D2, s) under screening device D2. Therefore,

we must have OPT(D1,F) <OPT(D2,F). A contradiction.

C.2 Combining screening devices

In practice, different types of ordeals may be used jointly. For example, receiving unem-

ployment insurance often requires traveling to a registration site, filling out forms, and

documenting work search efforts. In other contexts, such as applying for Social Security

Disability Insurance in the US, applicants can choose between visiting an office, making a

phone call, or filling out an online form.37

To cast some light on how combining screening devices affects their performance,

consider two screening devices D1,D2, with units of difficulty y1 and y2, respectively. An

additive scoring rule scores the agents by creating a new unit of difficulty

y3 = y1 + βy2

where β > 0 is a constant. Given an additive scoring rule, the two tasks are substitutes and

hence the agents only perform the cost-effective task for them. Thus, an additive scoring

rule induces a new screening device D3 defined by

c3 = min
(
c1, c2/β

)
.

Alternatively, a minimum scoring rule scores the agents by creating a unit of difficulty

y3 = min
(
y1,βy2

)
,

where β > 0 is a constant. Given a minimum scoring rule, the two tasks are complements

and hence the agents always perform both tasks. Thus, a minimum scoring rule induces

a new screening device D3 defined by

c3 = c1 + c2/β .

The following result provides conditions under which social welfare is reduced by giv-

ing agents a choice between screening devices or by bundling them together.

37As pointed out in Deshpande and Li (2019), filing a claim online may be quite costly, especially for
applicants with low education and earnings levels; the forms tend to be complicated, and the first two
methods allow the applicant to be assisted by a social security officer.
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Proposition 7. Consider screening devices D1 and D2 such that

r2 = ψ(r1, ε)

for some random variable ε independent of (λv,r1) and some continuously differentiable func-

tion ψ such that 0 ≤ dlogψ(r,ε)
dlogr ≤ 1 for all r, almost surely in ε. Let D3 be any screening

device induced by an additive scoring rule (choosing between tasks) or a minimum scoring rule

(bundling tasks). Then, screening device D1 dominates screening device D3.

The condition in Proposition 7 is a generalization of that in Proposition 3 (and Propo-

sition 3′), and implies that screening device D1 dominates screening device D2. The proof

then shows that every additive or minimum scoring rule preserves this condition. There-

fore, the original screening device D1 outperforms any combination of D1 and D2.

Proposition 7 implies that a screening device cannot be improved by combining it with

a dominated screening device (either by giving agents a choice, or by requiring them to

complete both tasks). Proposition 7, however, is silent about whether two good screening

devices can be combined to produce an even better one. Taking the sum or the minimum

of costs associated with non-ranked ordeals will tend to reduce the dispersion in the left

tail of the distribution, and thus has a negative effect through the rent-provision chan-

nel. However, a comprehensive analysis of combinations of screening devices requires

studying the joint distribution of (c1, c2, λ, v), and is beyond the scope of this paper.

C.2.1 Proof of Proposition 7

Additive scoring rule: Let D3 be induced by any additive scoring rule. Then, we have

c3 = min
(
c1, c2/β

)
and hence

1
r3

=
c3

v
= min

(c1

v
,

1
β
· c2

v

)
= min

( 1
r1
,

1
β
· 1
r2

)
.

Let

log ψ̃(r,ε) := −min
(
− log(r), − log(β)− logψ(r,ε)

)
= max

(
log(r), log(β) + logψ(r,ε)

)
.
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Let E be the set of ε at which 0 ≤ dlogψ(r,ε)
dlogr ≤ 1. Fix any ε ∈ E. By the envelope theorem,

the above implies that we have almost everywhere

dlog ψ̃(r,ε)
dlogr

∈
{
1,

dlogψ(r,ε)
dlogr

}
.

Thus, we have almost everywhere

0 ≤
dlog ψ̃(r,ε)

dlogr
≤ 1 .

This implies that screening device D1 dominates screening device D3 by Lemma 2 in Ap-

pendix B.6.

Minimum scoring rule: Let D3 be induced by any minimum scoring rule. Then,

1
r3

=
c3

v
=
c1

v
+

1
β
· c2

v
=

1
r1

+
1
β
· 1
ψ(r1, ε)

.

Let

log ψ̃(r,ε) := − log
[1
r

+
1
β
· 1
ψ(r,ε)

]
.

Fix any ε ∈ E. Note that

0 ≤
dlog ψ̃(r,ε)

dlogr
=

dlog ψ̃(r,ε)
dr

· dr
dlogr

=
−(1

r )′ − 1
β ·

d
dr

[
1

ψ(r,ε)

]
1
r + 1

β ·
1

ψ(r,ε)

· r ≤ 1
r
· r = 1 ,

where the second inequality follows by two observations. First, we have

−(1
r )′

1
r

= − d
dr

log(
1
r

) =
d
dr

log(r) ≥ d
dr

logψ(r,ε) = − d
dr

log(
1

ψ(r,ε)
) =
−1
β ·

d
dr

[
1

ψ(r,ε)

]
1
β ·

1
ψ(r,ε)

since 0 ≤ dlogψ(r,ε)
dlogr ≤ 1. Second, recall that the mediant inequality implies that a+b

c+d ≤

max
{
a/c,b/d

}
, for any positive numbers a,b,c,d. Thus, screening device D1 dominates

screening device D3 by Lemma 2 in Appendix B.6.
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