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Incomplete take-up is widespread

• Take up: Share of eligibles who receive benefits

• Well-documented that take-up of social transfers is incomplete

• Key questions:

• Why is take up low?

• Should anything be done about it?

• And if so, what?
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Lecture Overview

• Take-up estimates

• What are key barriers to take-up? (Positive / descriptive empirics)

• Is increasing take-up a goal? (Normative theory)

• Who is the marginal person deterred by barriers? (Descriptive empirics, groping

toward normative)

• Normative implications: theory and empirics

• [Aside]: Methodological theme:

• A relatively large number of RCTs in this space (any thoughts on why?)
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Estimating take-up

• Nice overviews: Currie (2006); Ko and Moffitt (2022)

• Measurement is a huge challenge:

• Numerator and denominator often measured separately

• Numerator: Self-reported enrollment may have elicitation bias

• Denominator: challenging to measure (detailed eligibility requirements)

• Measuring denominator in the same time period as numerator is also challenging
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Take-up estimates in US

5 Take-Up of Social Benefits 

Table 1 Take-up rate of social benefits in the USA 

Date Program Take-up rate Notes Reference 

1995 AFDC/ 82% Falk (2017) 

2012 TANF 28% Reform took 
place in 1996 

2005-2009 EITC 77–81% Includes nonfilers 
in eligibles 

Jones 
(2013) 

2009 Medicaid 67% for adults, 84% for 
children 

Uninsured 
eligibles only 

Kenney 
et al. 
(2012) 

2014–2017 46% for adults, 65% for 
children 

Insured and 
uninsured 
eligibles 

Decker 
et al. 
(2022) 

1996 SNAP 65% for household level, 
69% for individual level 

USDA 
(2022) 

2019 84% for household level, 
83% for individual level 

2015 Housing 
Assistance 

21% Rationed program Kingsley 
(2017) 

major nonfinancial barriers to take-up. The Earned Income Tax Credit (EITC), which 
offers a tax credit to those who file income taxes and have earnings – and therefore 
does not cover nonworkers – has a fairly high take-up rate of around 80%. Filing 
taxes is assisted by for-profit companies in low-income neighborhoods who help 
families in filing taxes, for a fee. Non-take-up in the EITC program is mostly from 
not filing taxes in the first place. Take-up rates for the major health insurance 
program for the poor, Medicaid, are difficult to compute. While some studies show 
declining rates over time, to around 46% for adults and 65% for children in 
2014–2017, the rates are noncomparable across studies and because they use a 
different base. Eligibility also differs across states and is higher in states that have 
broader eligibility criteria, and the mix has changed over time. Take-up rates for the 
US Supplemental Nutrition Assistance Program (SNAP, or Food Stamps) have been 
growing over time for reasons discussed below – namely, from intentional broad-
ening of eligibility and reductions in administrative barriers – and are, most recently, 
in the 83–84% range for households and individuals. Still, this leaves 7 million 
individuals eligible but not receiving benefits. Take-up rates in the US housing 
programs are very low (21%) primarily because available housing units and 
vouchers are limited in supply and there is heavy excess demand, so participation 
is rationed. Collinson et al. (2016) have raised the question of whether it would be 
superior to offer lower subsidies to more people to relax this constraint, holding 
expenditures fixed. 

Table 2 shows take-up rates in other high-income countries in Continental 
Europe, the UK, Asia, Oceania, and North America. There is a wide range of 
participation rates, although it should be kept in mind that the data quality of the 
estimates of the number of eligibles (and sometimes of the number of participants) 
varies across countries and across programs and studies within country, making the 

• Problem of low take-up in Europe as well, despite reputation for greater social

inclusion
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Lecture Overview

• [Done] Take-up estimates

• [Up Next] What are key barriers to take-up? (Positive / descriptive empirics)

• Is increasing take-up a goal? (Normative theory)

• Who is the marginal person deterred by barriers? (Descriptive empirics, groping

toward normative)

• Normative implications: theory and empirics

• Comment: Methodological theme:

• A relatively large number of RCTs in this space (any thoughts on why?)
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Main classes of explanations for incomplete take-up

• Three main “buckets” of explanations:

• Informational barriers to takeup (eligibility, benefits, application process)

• Transaction costs associated with enrollment (time costs, hassles / disutility)

• Stigma associated with participation or application (could be a form of transaction

cost)

• Cross-cutting question: optimizing or non-optimizing agents?

• optimizing models:

• take-up if expected benefits > expected cost (with rational expectations)

• no $5 bills on the sidewalk

• non-optimizing models
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Barriers to take up: Empirical

• Informational barriers:

• Bhargava and Manoli (2015) EITC experiment

• Anders and Rafkin (2024)

• Transaction Costs: Closing of field offices (Deshpande and Li, 2019)

• Transaction costs and Information:

• Bettinger et al. (2012) FAFSA Experiment

• Dynarski et al (2021) and Burland et al. (2022): HAIL and Go Blue Experiments

• Finkelstein and Notowigdo (2019): SNAP take-up experiment

• Stigma
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Information Barriers

• Consumers may have limited information about eligibility or benefits

• Costs involved in learning about eligibility and application rules (optimally may

choose not to seek)

• ”Psychological frictions” - confusion, complexity, inattention
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EITC Take-up Experiment

• Bhargava and Manoli (AER 2015) ”Why are Benefits Left on the Table?”

• Randomized experiment on incomplete take-up of EITC

• 25% incomplete take-up

• 6.7 million non-claimants per year

• Forgo on average > one month’s income

• Randomized experiment designed to assess various informational barriers to

take-up

• Modify the information content and complexity of IRS reminder notices to 35,000

tax filers in CA who failed to claim their EITC despite presumed eligibility (and

receipt of initial reminder)
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Main experimental effects
3508 THE AMERICAN ECONOMIC REVIEW november 2015

Complexity Interventions.—The first set of interventions, as depicted in Figure 4, 
indicates the stark effect of informational complexity on response. The complexity 
notice decreased response by 0.06 ( p < 0.01), or 27 percent, relative to the 0.23
response of the control mailing, and the effect magnitude, in absolute terms, did 
not differ significantly across dependent status. The lengthened worksheet lowered 
response by 0.04 ( p < 0.01) or 17 percent. The effect of worksheet complexity
appears to be driven largely by those without dependents possibly because the treat-
ment worksheet for this population is substantially “stronger” (due to the additional
section of questions) than the same intervention for those with dependents. A sepa-
rate estimate of the interaction of the two conditions reveals that the joint presence 
of both complexity elements reduced response by 0.09 ( p < 0.01).
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Figure 4. Response and Marginal Effects by Experimental Intervention

Notes: This figure depicts the response rates, and marginal treatment effects, associated with experimental interven-
tions using estimates reported in column 1 of Table 4. The “Control mailing” refers to the simple notice and simple 
worksheet and reflects response averaged across the envelope and indemnity treatments. 11



Summary of results

• Take-up is sensitive to ”frequency, salience and simplicity with which information

is provided”

• Second mailing - just months after first - increases takeup by 14 percentage

points!

• Nature of mailing has effects

• Simplification (e.g. visually more appealing notice or shorter worksheet) raises

enrollment from 0.14 to 0.23

• Poorest individuals most deterred by complexity (Figure 6)

• Stigma treatments have little effect.

• Because they do not affect stigma or because stigma not important?
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Interpretation

• Interpret results as evidence of low awareness of eligibility and benefits

• Supplemental survey: Participants reviewed experimental interventions and then

their beliefs are assessed

• Suggests interventions shaped behavior by influencing beliefs (about eligibility and

benefit size) and increasing attention paid to forms

• Difficult to rationalize with a traditional / rational model of takeup in which
eligible individuals balance accurately perceived expectations of benefits and costs

• Large impact of second notice

• Large impact of reducing complexity or changing salience

• Survey evidence suggested interventions increase awareness and reduce confusion

• Conclude there are ”psychological frictions” and more work is needed to model

and understand them
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Expanded SNAP eligibility

• Anders and Rafkin (2024): “The Welfare Effects of Eligibility Expansions: Theory

and Evidence from SNAP”

• Quasi-experimental analysis of impact of expanding income-eligiblity for SNAP on
enrollment among inframarginals (always-eligibles)

• States can choose to expand SNAP’s gross income eligibility threshold above the

federal minimum of 130 percent of the FPL

• Event study design: State-year variation in these expansions

• Main finding:

• raising the eligiblity threshold by 10 percentage points of the FPL (e.g. from 130 to

140 percent) boosts take-up by over 1 percent among the inframarginal

(always-eligibles)

• For every person who joins SNAP because she is newly eligible, 0.9 already-eligibles

joing the program
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Compelling evidence of ’welcome mat’ effectsFigure 3: Event Study of Changes to Eligibility Threshold

(A) Sample: 0 to 130% of FPL
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(B) Sample: 50 to 115% of FPL
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(C) Placebo: BBCE States that Do Not Expand Eligibility
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This figure presents the event-study estimate of η (Equation (1)), the effect of the eligibility rate on already-eligible individuals’ take-up. Panel A
presents results for the sample of individuals from 0–130% of the Federal Poverty Level (FPL); Panel B presents results for 50–115% of the FPL. Panel C
presents a placebo event study, using the nine states that adopt the Broad Based Categorical Eligibility policy but do not expand eligibility (see Section
2). The red line in Panel C plots the 5-year point estimate from Panel A. The minimum eligibility in all states is 130% of the FPL. Standard errors are
robust to heteroskedasticity and clustered by state. Bars show 95% confidence intervals.
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Mechanism: Information or Stigma?

• Compelling empirical evidence that expanding income-eligibility raises enrollment

among inframarginals (always-eligibles)

• Possible explanations: increased information or reduced stigma.

• Supplemental analyses suggest key role for information frictions

• Mixed evidence for stigma: Online experiment shows that interventions that increase

beliefs about share of population eligible reduces a stigma index, but null results in

other experimental treatments or using other measures of stigma

• Survey (FSPAS) evidence that demographic groups with the largest inframarginal

effects are those with low levels of awareness
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Transaction Costs: Closing of Field Offices

• Despande and Li (2019, AEJ:Policy) ”Who is screened out? Application Costs and

Targeting of Disability Programs”

• Natural experiment: timing of closing of 125 out of 1230 Social Security field
offices between 2000 and 2014

• apply for SSDI and SSI in field office (or over phone or on line)

• field offices process applications

• Study how closings affect level (and characteristics) of application and enrollment

• Compelling evidence of role of ”transaction costs” in deterring applications and
enrollment

• Closings produce an 11% decline in applications and 13% decline in enrollment
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Identifying Variation

Main Figures and Tables

Figure 1: Conceptual Framework: Effect of Increase in Application Costs on Tar-
geting
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Left-hand-side graph shows an increase in application costs that unambiguously improves the targeting of
disability programs by increasing the severity threshold at which individuals apply for benefits. Right-hand-
side graph shows an increase in application costs that has an ambiguous effect on targeting, since it decreases
the number of both low-severity and high-severity individuals who apply for benefits.

Figure 2: Timing of Field Office Closings
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Application Trends

Figure 4: Raw Plots of Number of Applications in Control and Treatment ZIPs
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Notes: Figure plots raw (non-regression-adjusted) counts of applications in control and treatment
ZIPs relative to the quarter of the closing. Sample is ZIP codes whose nearest office closes after 2000
and that have an average of at least three disability applications per quarter in the year before the
closing. Treatment ZIPs are ZIPs whose nearest office closes for a given closing, while control ZIPs
are ZIPs whose nearest office closes in a future closing.

Figure 5: Effect of Closings on Number of Disability Applications and Allowances
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series). Sample is ZIP codes whose nearest office closes after 2000 and that have an average of at
least three disability applications per quarter in the year before the closing. Regressions are weighted
by application volume in the year before the closing.
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Impacts on Applications and Enrollment

Figure 4: Raw Plots of Number of Applications in Control and Treatment ZIPs
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closing. Treatment ZIPs are ZIPs whose nearest office closes for a given closing, while control ZIPs
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Figure 5: Effect of Closings on Number of Disability Applications and Allowances
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Mechanism: Transaction Costs?

• Closings produce an 11% decline in applications and 13% decline in enrollment

• What is ”mechanism” for decreased applications?

• Closings increase travel time to nearest open field office by about 40 percent (10

minutes by drive; 36 minutes by public transit)

• Evidence of congestion effect (i.e. increased walk-in time in neighboring offices)

• Applicant time costs would have to be implausibly large to explain decline in

applications

• Interpretation

• Perhaps update about overall costs of applying?

• Perhaps ”irrational”?
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Information and Transaction Costs: College Aid

• Bettinger et al. (QJE 2012) ”The Role of Application Assistance and Information
in College Decisions: Results from the H&R Block FAFSA Experiment”

• Randomized experiment on low-income individuals receiving tax preparation

assistance

• Examining takeup of FAFSA (Free Application for Federal Student Aid)

• Experimental design:

• Some individuals offered personalized aid estimates and immediate assistance filing

forms

• Others just offered personalized aid estimates

• Controls (status quo)

• Outcomes: Completing FAFSA; applying for financial aid, attending college;

receiving aid at college
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Summary of results

• Information + Assistance has real effects

• Increased aid applications, college enrollment, receipt of aid, and college persistence

• Information by itself has no effect
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HAIL and Go Blue Experiments

• Dynarski et al. (AER 2021) and Burland et al (AER:I 2022)

• Many low-income, high-acheiving students do not apply to selective schools even

though they would be lower cost

• University of Michigan RCT in which some high-achieving, low-income high
school seniors receive an early commitment of four years free tuition if they apply
and are admitted

• 90 percent would typically get free tuition anyway so commitment is fairly cheap

• Findings: huge effects on applications, admissions and enrollment
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Guaranteed Free Tuition: Results1736 THE AMERICAN ECONOMIC REVIEW JUNE 2021

The intervention materials encouraged students to apply by the early action dead-
line of November 1.29 Early application is a signal of a student’s commitment to a 
school, so the attractiveness of the scholarship offer could have changed the timing 
of application for inframarginal as well as marginal students. Early application is 
already a popular choice for University of Michigan applicants; of students in the 
control group who applied, around three-quarters applied early action. We find that 
the intervention did not change this proportion, with three-quarters of the effect on 
application coming from students induced to apply early and the remaining quarter 
from students who were moved to apply regular decision. (See online Appendix 
Table 5 for full results on application timing.) Though we cannot observe applica-
tion behavior at schools other than the University of Michigan, this suggests that the 

29 Students who apply by the early action deadline are typically notified of their admission status by the end of 
the calendar year. While early decision deadlines are binding, i.e., students must enroll if accepted, the University 
of Michigan uses an early action deadline, which does not compel students to enroll if admitted.

Figure 4.  Estimated Effect of HAIL Scholarship on University of Michigan 
Application, Admission, and Enrollment, First and Second HAIL Cohorts

Notes: All analyses done at the school-year level. Ninety-five percent confidence intervals shown based on stan-
dard errors clustered at the school level. Application, admission, and enrollment measured in the summer and fall 
following expected high school graduation. Admission and enrollment are unconditional on application. Treatment 
effects estimated from a regression of the outcome on an indicator for treatment status and strata dummies. Robust 
standard errors clustered at the school level reported in parentheses. 

Sources: Michigan administrative data and University of Michigan Office of Enrollment Management data
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Possible explanations

• Why does guaranteed free tuition (vs 90 percent chance of getting it) make such
a difference?

• Especially since earlier interventions had found such ’light touch’ interventions were

not that effective

• Possible explanations:

• Information / salience

• Guarantee (the “power of certainty”)

• Reduced transaction costs (don’t need to fill out forms to verify income and assets)

• Timing: learn about early (before applying)

• Higher expected benefit
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Motivates second experiment

• Three arms: HAIL, Go Blue, and Control

• Go Blue: Information (sent at same time) about the availability of full tuition

coverage if meet income requirements

• Go Blue and HAIL are similar on salience and timing but HAIL has guarantee,

lower transaction costs, and (slightly) higher expected benefits
• Findings:

• Both treatment arms increase applications, although HAIL has much larger effect:

63 percent vs 43 percent vs 35 percent

• HAIL increases enrollment (26 percent vs 17 percent in control) while Go Blue has

no detectable effect

• Interpretation: The guarantee was critical (“the power of certainty”)
• Argue that given other estimates of elasticity of application wrt aid, not plausibly

due to small differences in expected aid

• Argue that lower hassles unlikely important since almost all enrolled students in all

arms submit FAFSA forms 27



Information and Transacation Costs: SNAP

• Finkelstein and Notowidigdo (2019 QJE) “Take-up and Targeting: Experimental

Evidence from SNAP”

• SNAP takeup particularly low among elderly (˜40% vs. 80% overall)
• Non-profit (Benefits Data Trust) tries to increase takeup

• State provides list of people not enrolled in SNAP but likely eligible (enrolled in

Medicaid)

• They reach out to inform of potential eligibility and offer application assistance

• RCT on ˜30,000 elderly not enrolled in SNAP but likely eligible
• Information only: informs of likely eligibility

• Information plus assistance: also provides help with application

• Control group: status quo

• Questions:
• how does takeup respond to these interventions

• who is the marginal person affected (targeting properties)

• what are the normative implications? 28



Information Only

Figure A1: Standard Outreach Materials: Information Plus Assistance

Letter Postcard

Envelope

ments in the Information Plus Assistance arm, and the control. We down-weight the individuals in

the standard treatmentin the Information Plus Assistance arm so that the (weighted) share in stan-

dard vs. marketing is the same (50 percent) in the Information Plus Assistance and Information

Only arms.

B: DHS Data

Data sharing protocols

To construct our study population, DHS supplied BDT with a Medicaid outreach �le of approx-

imately 230,000 individuals aged 60 and older who were enrolled in Medicaid as of October 31,

2015. BDT removed the Medicaid recipient ID and created a unique, non-identifying scrambled

study ID that uniquely identi�es each individual. We received de-identi�ed data �les from DHS for

all individuals on the initial outreach list (see Table 1, column 1). The data consist of: Medicaid

enrollment and claims data, SNAP applications and enrollment data, and SNAP bene�ts data.

BDT provided DHS with the crosswalk between these de-identi�ed study IDs and their unique

Medicaid recipient ID. DHS then attached information on SNAP applications, SNAP enrollment,

SNAP bene�ts, and Medicaid enrollment and claims. For the SNAP data, DHS sent the data to

BDT who removed all personally-identifying information (i.e. full name, social security number,

full address, and Medicaid recipient ID) and transmitted the de-identi�ed data to us via a secure

FTP process. For the Medicaid enrollment and claims �les, DHS removed the same identifying

information and directly transmitted the data to us.

4
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Information Plus Assistance

Figure A1: Standard Outreach Materials: Information Plus Assistance

Letter Postcard

Envelope

ments in the Information Plus Assistance arm, and the control. We down-weight the individuals in

the standard treatmentin the Information Plus Assistance arm so that the (weighted) share in stan-

dard vs. marketing is the same (50 percent) in the Information Plus Assistance and Information

Only arms.

B: DHS Data

Data sharing protocols

To construct our study population, DHS supplied BDT with a Medicaid outreach �le of approx-

imately 230,000 individuals aged 60 and older who were enrolled in Medicaid as of October 31,

2015. BDT removed the Medicaid recipient ID and created a unique, non-identifying scrambled

study ID that uniquely identi�es each individual. We received de-identi�ed data �les from DHS for

all individuals on the initial outreach list (see Table 1, column 1). The data consist of: Medicaid

enrollment and claims data, SNAP applications and enrollment data, and SNAP bene�ts data.

BDT provided DHS with the crosswalk between these de-identi�ed study IDs and their unique

Medicaid recipient ID. DHS then attached information on SNAP applications, SNAP enrollment,

SNAP bene�ts, and Medicaid enrollment and claims. For the SNAP data, DHS sent the data to

BDT who removed all personally-identifying information (i.e. full name, social security number,

full address, and Medicaid recipient ID) and transmitted the de-identi�ed data to us via a secure

FTP process. For the Medicaid enrollment and claims �les, DHS removed the same identifying

information and directly transmitted the data to us.

4
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Experimental Design

Figure A2: Standard Outreach Materials: Information Only

Letter Postcard

Envelope

Figure A3: Experimental Design

Study Population
(N = 31,188)

Age 60+, on Medicaid and not on SNAP

Control
(N = 10,630)

No intervention

Info & Assistance 
Treatment
(N = 10,629)

Mail information on 
SNAP eligibility and 
provide application 

assistance over the phone

Info Only Treatment
(N = 10,629)

Mail information on 
SNAP eligibility.

Standard
(N = 7,927)

Marketing
(N = 2,657)

Standard
(N = 2,657)

Standard,
No Postcard
(N = 2,658)

Framing
(N = 2,657)

Marketing
(N = 2,657)

Standard 
Follow-Up 
Postcard

Application 
Assistance

Marketing 
Follow-Up 
Postcard

Application 
Assistance

Standard 
Follow-Up 
Postcard

Marketing 
Follow-Up 
Postcard

Framing 
Follow-Up 
Postcard

Notes: Figure shows experimental design. Grey arms are the ones included in the main analyses.
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Takeup results

Table 2: Behavioral Responses to �Information Only� and �Information Plus Assistance�
 

Control Information Only
Information Plus 

Assistance
P Value of Difference 

(Column 2 vs 3)

(1) (2) (3) (4)

SNAP Enrollees 0.058 0.105 0.176

[0.000] [0.000] [0.000]

SNAP Applicants 0.077 0.147 0.238

[0.000] [0.000] [0.000]

0.233 0.266 0.255

[0.119] [0.202] [0.557]

Callers 0.000 0.267 0.301

[0.000] [0.000] [0.000]

Adjusted Callers 0.000 0.289 0.301

[0.000] [0.000] [0.156]

0.077 0.086 0.081

[0.063] [0.324] [0.363]

SNAP Applicants among Callers 0.000 0.313 0.602

[0.000] [0.000] [0.000]

0.058 0.061 0.059

[0.442] [0.713] [0.688]

SNAP Enrollees among Callers 0.000 0.226 0.450

[0.000] [0.000] [0.000]

Observations (N) 10,630 5,314 10,629

SNAP Applicants among Non-Callers

SNAP Enrollees among Non-Callers

SNAP Rejections among Applicants

 

Notes: Columns 1 through 3 shows means by intervention arm with the p-value (relative to the control arm) in
[square brackets]. Column 1 shows the control. Column 2 shows the Information Only arm (for the two equally-sized
pooled sub-treatments). Column 3 shows the Information Plus Assistance arms (weighted so that the two pooled
sub-treatments received equal weight). Column 4 reports the p-value of the di�erence between the Information Plus
Assistance and Information Only treatment arms. All outcomes are binary rates measured during the nine months
from the initial mail date. All p-values are based on heteroskedasticity-robust standard errors. Callers are measured
for the relevant call number and are therefore mechanically zero for the control; see text for a description of the
adjusted caller rate.
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Time pattern of enrollment

Figure 1: Time pattern of enrollment responses

NOTE: Figure shows, by month, the (cumulative) estimated treatment e�ects on enrollment (relative to the control)
for the Information Only arm and the Information Plus Assistance arm. 95 percent con�dence intervals on these
estimates are shown in the dashed light gray lines.
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Takeup results

• ”Information only” increases enrollment less but may be more cost-effective

• 9-month enrollment: 6% (control), 11% (info only); 18% (info plus assistance)

• Applications increase proportionally - no change in approval rate

• Cost per additional enrollee: ˜$20 (info only); $60 (info + assistance)

• Reminder postcard

• Info only without reminder postcard has about 20% lower applications and

enrollment

• Suggestive of inattention?
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Comment: When is information alone impactful?

• “Information only” treamtent has impact with EITC and impact with SNAP but

little impact with college aid on enrolllment

• Why?

• Hassles may be greater w FAFSA so fewer people on margin

• Outcome is different (getting a refund vs going to college)

• How did information treatment affect beliefs (about eligibility? expected benefits?)
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Role of Stigma

• Many “null” results
• eg. Bhargava and Manoli; Finkelstein and Notowidigdo: difficult to interpret.

• Did interventions not affect stigma or did stigma not matter?

• Anders and Rafkin (2024): “The Welfare Effects of Eligibility Expansions: Theory

and Evidence from SNAP”

• Try to see in on-line experiment if increasing beliefs about share eligible can reduce

stigma - results mixed (and not yet making link to enrollment)

• Linos, Linksy-Fink: defining and trying to measure different types of stigma across
programs (and what might move it):

• Social stigma: negative beliefs, attitudes and stereotypes about beneficiaries or

prospective beneficiaries of a program

• Internalized stigma: shame, poor self-efficacy, self-worth associated with being a

beneficiary

• Anticipated stigma: people will judge me (or I will be treated poorly during the

application process)
36



Lecture Overview

• [Done] Take-up estimates

• [Done] What are key barriers to take-up? (Positive / descriptive empirics)

• [Up Next] Is increasing take-up a goal? (Normative theory)

• Who is the marginal person deterred by barriers? (Descriptive empirics, groping

toward normative)

• Normative implications: theory and empirics
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Normative: Is increased take-up a goal?

• Policy makers and advocates talk about goal of increasing takeup
• Private welfare gain from increased takeup depends critically on whether
individuals are making optimal decisions

• If so, no first order welfare gain from increasing takeup by reducing barriers

(envelope theorem)

• But if individuals are (sub-optimally) unaware / inattentive / failing to apply, could

have first order welfare gain

• Social welfare: Incomplete takeup may actually be a desired (constrained)
optimum

• With imperfect information about individual’s type, takeup barriers may improve

self-targeting efficiency of redistributive program (or they may not)

• This is what the self-targeting literature is about

• Private takeup decisions impose a negative fiscal externality on government,
creating wedge between private and social optimum

• Public administrative costs, decreased tax revenue on earnings etc. 38



Self-targeting: Nichols and Zeckhauser 1982

• Recall Nichols and Zeckhauser (1982) - already covered

• Want to redistribute based on an unobserved characteristic (e.g. ability).

• If demand for specific goods is correlated with unobserved characteristic, can

transfer more efficiently by sacrificing productive efficiency

• Exploit single crossing feature: people of different ability have different marginal

utility (disutility) from specific goods

• Previous example: in kind vs cash transfers

• Now consider: pure deadweight costs - ”ordeals”
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Self-targeting: Ordeals

• NZ (1982) implies may be optimal to have “ordeals” in transfer programs: i.e.
pure deadweight cost e.g.

• Tedious administrative procedures

• Stigma

• May enhance target efficiency if benefits from transfers vary across potential
recipients

• Suppose intended get 100 utils from transfer

• Suppose imposters get 10 utils

• Then ordeal that imposes an 11 util loss in order to qualify for the transfer would be

an effective screening device

• Example: make people fill out lots of forms / wait in long lines to apply

• Pure deadweight loss / ordeal

• Nevertheless, may be a good screen for those whose marginal utility of receipt is low
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An alternative take on ordeals

• Bertrand, Mullainathan and Shafir (AEA P&P 2004)

• Hassle costs (e.g. 36 page food stamp application with confusing question) deter the

low ability people you want to transfer to

• Mullainathan and Shafir (2013) ”Scarcity”

• Ordeals screen out those with limited ”bandwidth” / consume cognitive resources

• Poverty as a bandwidth tax: poor face many concerns and have to ”tunnel”

attention on a few
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Research Questions:

• Descriptive: Who is the marginal person deterred by current program rules?

• someone who looks like we wouldn’t want to redistribute to them (N-Z) or someone

we would like to (BMS)

• Normative: How do the targeting properties of rules relate to their welfare
implications?

• Are screens screening out the “right” people?
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Lecture Overview

• [Done] Take-up estimates

• [Done] What are key barriers to take-up? (Positive / descriptive empirics)

• [Done] Is increasing take-up a goal? (Normative theory)

• [Up Next] Who is the marginal person deterred by barriers? (Descriptive

empirics, groping toward normative)

• Normative implications: theory and empirics
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Who is Screened Out: Empirical

• Alatas et al. (2016) self-targeting experiment in Indonesia

• Deshpande and Li (2019) quasi-experimental work on disability insurance

• Finkelstein and Notowidigdo (2019) experiment on SNAP

• Rafkin, Soltas and Solomon (2024): Automatic enrollment
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Information-based screening model - Alatas et al. (2016)

• ”Self Targeting: Evidence from a Field Experiment in Indonesia”

• Randomized evaluation across 400 Indonesian villages of different methods of
enrolling in a large conditional cash transfer program

• Targets poorest 5% of population that also meet certain demographic requirements

(e.g. pregnant woman or young kid in household)

• Cash assistance of about 4-13% of average yearly consumption

• Requirements of school attendance, pre-postnatal checkup, and completed

vaccinations
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Self targeting Experiment

• Government problem: determine who is eligible

• Status quo: automatically screen for eligibility and enroll based on easy to observe

assets (size of house, materials of roof etc)

• ”Proxy means test” (Imperfect proxy)

• Experimental alternative to status quo

• Self-targeting: households have to apply to program

• Note: Same asset tests applied. Key difference is active applying (self-targeting) vs

automatic screening

• Within self-targeting villages, also randomly vary application costs

• Distance: Where application site is located relative to village center (max is 1/2 day’s

time, which is trivial compared to benefits)

• Researchers conduct their own detailed baseline consumption survey (”truth”)
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Proxy means test an imperfect proxy for consumption
Figure 1. Probability of Obtaining Benefits vs. Log Per Capita Consumption and PMT score
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(a) Probability of Obtaining Benefits vs.
Log Per Capita Consumption
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(b) Probability of Obtaining Benefits vs.
PMT score

Notes: Panel (A) shows the predicted probability of receiving the benefit, conditional on applying, from a probit model of receiving the benefit as a function of
log per capita consumption. Panel (B) repeats the same exercise replacing log per capita consumption by the predicted values from the PMT using baseline
survey asset data. The predicted values from Panel (B) are the µ(yoi ) that we use in the model. We include urban/rural interacted with district fixed effects in
the probit equations in both panels, since the PMT cutoff for inclusion varies slightly for each urban/rural times district cell.

41

Shows predicted probability of receiving benefit conditional on apply (from probit model of benefit

receipt on log per capita consumption)
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Uncertainty about benefit receipt even conditional on proxyFigure 1. Probability of Obtaining Benefits vs. Log Per Capita Consumption and PMT score
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(b) Probability of Obtaining Benefits vs.
PMT score

Notes: Panel (A) shows the predicted probability of receiving the benefit, conditional on applying, from a probit model of receiving the benefit as a function of
log per capita consumption. Panel (B) repeats the same exercise replacing log per capita consumption by the predicted values from the PMT using baseline
survey asset data. The predicted values from Panel (B) are the µ(yoi ) that we use in the model. We include urban/rural interacted with district fixed effects in
the probit equations in both panels, since the PMT cutoff for inclusion varies slightly for each urban/rural times district cell.
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Shows predicted probability of receiving benefit conditional on apply versus predicted consumption

based on Proxy Means Test (PMT) 48



Information-based screening model

• Government program that delivers beneft b if deemed eligible

• Government wants to target transfers based on consumption (y)

• Issue 1: Government only observes a part of consumption yo , where y = yo + yu

and observes yo

• yo is the proxy means test

• Issue 2: Imperfect and costly measurement technology for yo

• Costly government survey / verification process to measure yo

• yo measured with error - conditional on applying, probability of being deemed

eligible is µ(yo) with µ′(yo) ≤ 0

• see preceding figure: uncertainty about benefit receipt conditional on proxy (yo)

• Note: government faces two problems:

• Costly verification process (fiscal externality on government from individual applying)

• Unobservables (would like to target on y , not y0)
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Individual’s problem

• Individuals:

• know y

• cost to individual of applying c(l , y) - l is distance to application site

• Two types of individuals

• Sophisticated: know that eligibility is determined by µ(yo) - i.e. depends only on

observable consumption

• Unsophisticated: do not know what government observes; but see empirical

probability of someone receiving program conditional on applying λ(y)

• Individuals apply if expected benefit exceeds expected cost

• Note that sophisticated calculates expected benefit based on yo , unsophisticated

based on y
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Government options: automatic screening vs. self-targeting

• Automatic screening:

• Government incurs cost of measuring yo for everyone and decides eligibility

• Self-targeting: people must apply before government will measure yo and decide

eligibility

• Two theoretical advantages to self-targeting:

• Sophisticated individuals won’t apply if yo is high - reduces fiscal externality on

government

• Unsophisticated individuals won’t apply if y is high - reduces fiscal externality and

also improves selection on unobservable yu
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Self-targeting improves targeting

Figure 4. Experimental Comparison of Self-Targeting and Automatic Screening
Treatments
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(a) CDF of Log Per Capita Consumption of Beneficiaries
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(b) Receiving Benefit as a Function of Log Per Capita Consumption
Notes: Panel A shows the CDFs of log per capita consumption of beneficiaries in the self-targeting and automatic screening

treatments. Kolmogorov-Smirnov test of equality yields a p-value of 0.10. Panel B presents non-parametric Fan regressions of

benefit receipt on log per capita consumption in the two treatments. Bootstrapped pointwise 95 percent confidence intervals,

clustered at the village level, are shown in dashes.
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Self-targeting (applying) on observables
Figure 3. Show Up Rates Versus Observable and Unobservable Components of Log
Per Capita Consumption
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(a) Show Up as a Function of Observable Consumption (yoi )
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(b) Show Up as a Function of Unobservable Consumption (yui )
Notes: Figures provide non-parametric Fan regressions of the probability of applying for PKH against the observable and

unobservable components of baseline log per capita consumption in the 200 self-targeting villages. The scales for the x-axis

are both in logs, so are comparable. Bootstrapped pointwise 95 percent confidence intervals, clustered at the village level, are

shown in dashes.
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Self-targeting on unobservables (unsophisticated)

Figure 3. Show Up Rates Versus Observable and Unobservable Components of Log
Per Capita Consumption
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(b) Show Up as a Function of Unobservable Consumption (yui )
Notes: Figures provide non-parametric Fan regressions of the probability of applying for PKH against the observable and

unobservable components of baseline log per capita consumption in the 200 self-targeting villages. The scales for the x-axis

are both in logs, so are comparable. Bootstrapped pointwise 95 percent confidence intervals, clustered at the village level, are

shown in dashes.
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Summary of results

• Self targeting screens out higher consumption individuals relative to automatic
screening

• Savings on fiscal externality

• Better selection on unobservables (unsophisticated self selection on y , not yo)

• But marginal increases in application costs (via distance) do not further improve
targeting (see paper). Why?

• Long tail of people with low probability of passing screen = where mass of people are

• So large mass of people w very small probability of receipt get weeded out by small

application cost
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Why additional application costs do not improve targeting
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Closing of Field Offices: Who Is Screened Out?

• Deshpande and Li (2019) ”Who is screened out? Application Costs and Targeting

of Disability Programs”

• Natural experiment: timing of closing of 125 out of 1230 Social Security field

offices between 2000 and 2014
• Compelling evidence of role of ”transaction costs” in deterring applications and
enrollment

• Closings produce an 11% decline in applications and 13% decline in enrollment

• Heterogeneous response: Closings disproportionately affect low SES and lower
severity conditions

• Welfare implications unclear. What do we want to target?

• Follow on work: Despande and Lockwood (EMA 2022): Beyond Health: Non-Health

Risk and the Value of Disability Insurance

• receipt vs not of DI correlated with proxies for consumption (especially the “less

severe” recipients)
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SNAP Experiment: Targeting results

• Recall: Info increases enrollment by about 5 ptg pts, Info + Assistance by about

12ptg pts

• Both interventions decrease targeting: Marginal applicants and enrollees are ”less
needy” than average enrollees

• Lower benefits (progressive benefit formula)

• Better health

• Note: do not observe ”ground truth” (i.e. what social planner would like to target
on):

• marginal utility of consumption

• Compare to Alatas et al.
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A different take on targeting

• Literature studies targeting impact of marginal change in ordeals

• Grapples with how to measure ’targeting’ (what X’s; how to interpret)

• Needs identifying variation in ordeals

• Rafkin, Solomon and Soltas (2024) “Self-Targeting in U.S. Transfer Programs”

• Motivating question: Targeting properties of voluntary vs. automatic enrollment

• Key advantages:

• Don’t need causal estimates!

• Policy relevant

• Focus on key challenge in existing work: measuring the ‘right’ targeting variable

(consumption, permanent income)
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Voluntary Self-targeting

• PSID (1997-2019)

• Measure current income, consumption, and (self-reported) transfer receipt

• Can use panel to measure “lifetime” income

• Measurement of take-up is a key challenge

• Key question: conditional on income (or income and eligibility), how does

consumption (or lifetime income) of enrolled compare to that of non-enrolled
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Analytical Framework

Table 2: Average Annual Per-Capita Total Transfer Benefits
by Quintile of Current Income, Lifetime Income, and Consumption

Income Quintile

1 2 3 4 5 Avg.

Consumption Quintile

1 3,647 1,353 600 397 155 2,440
2 1,745 719 296 134 80 666
3 920 563 217 102 33 303
4 572 403 168 60 33 153
5 557 273 133 58 18 101
Avg. 2,435 844 266 92 27

1 2 3 4 5 Avg.

Lifetime Income Quintile

1 3,346 1,243 498 253 28 2,208
2 1,594 839 278 103 36 627
3 1,272 664 230 88 36 349
4 1,152 556 211 79 26 242
5 1,344 522 189 66 23 239
Avg. 2,435 844 266 92 27

Notes: This table reports the average annual per-capita total value of transfer benefits, cash and in-kind, by quintiles
of equivalized household current income, lifetime income, and consumption. Values are in constant 2020 dollars.

each quintile have the lowest consumption and also take up the transfer. A flexible rank–rank
regression specification to control for income addresses this concern. We therefore estimate

'8C = V�8C + 5 ('8C) + D8C , (6)

where '8C is the consumption rank or lifetime-income rank for household 8 in year C, '8C is 8’s
current-income rank, 5 ('8C) is a flexible function of this rank, and �8C indicates 8’s receipt status
for a given transfer program. The coefficient V summarizes the extent of advantageous selection
into a transfer. We parameterize 5 ('8C) using cubic splines with knots at the 10th, 25th, and 50th
percentiles of the current-income distribution.

Panel A of Figure 1 shows the patterns in Table 2 hold up in the regression and apply broadly
across programs. Overall, recipients of a given transfer rank about 15 percentiles lower in the
consumption distribution than nonrecipients of that transfer with similar current incomes. Ap-
pendix Table A4 estimates the Poisson-regression equivalent of Equation 6, with levels of annual
consumption and lifetime income per capita as outcomes. The rank differences are consistent with
differences of approximately 30 to 60 percent in these outcomes, or around $7,500 to $14,000 per
person per year in consumption.

The extent of selection into transfers on consumption and lifetime income varies considerably

11

• Note: any causal impact of program on (increasing) consumption or permanent

income would bias against advantageous selection
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Finding: Substantial self-targeting Figure 1: Self-Targeting in Transfer Programs
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(c) Selection by Number of Transfers Received
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Notes: This figure displays estimates of the predictive effect of transfer receipt on consumption rank (Panel A) or lifetime-income rank (Panel B), conditional on
current-income rank (coefficient W from Equation 6). For the yellow diamonds, we estimate the regression only on people whom we simulate to be eligible. The
“any” row of Panel A is an indicator for receipt of at least one of the eight transfers. 95-percent confidence intervals reflect clustered standard errors by household.
In Panel C, we adapt Equation 6 by replacing the transfer indicator with indicators for the number of transfers received in that year.

14

• Recipients have lower consumption and lifetime income than similar eligible

non-recipients
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Lecture Overview

• [Done] Take-up estimates

• [Done] What are key barriers to take-up? (Positive / descriptive empirics)

• [Done] Is increasing take-up a goal? (Normative theory)

• [Done] Who is the marginal person deterred by barriers? (Descriptive empirics,

groping toward normative)

• [Up Next] Normative implications: theory and empirics

• Normative implications of increasing takeup levels

• Normative implications of self-targeting
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Normative analysis of take-up and self-targeting

• Will present model from Finkelstein and Notowidigdo (2019)

• Goals:

• Framework for how to interpret the prior empirical results normatively

• nests Nichols and Zeckhauser model as a special case

• Provides guide to what empirical objects are needed for normative analysis
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Overview of normative model

• Recall standard (i.e. Nichols and Zeckhauser) framework on ordeal mechanisms.
• Key assumptions:

• Individual types (abilities) unobserved;

• decisions are privately optimal

• labor supply response is the only source of fiscal externality (greater for higher types)

• Result: ordeal that impose greater utility cost on higher types can improve social

welfare over and above an optimal non-linear income tax

• This theoretical result may not generalize when we allow for:
• Individuals may not make privately optimal application decisions

• OR flexible relationship between individual type and fiscal externality from her

enrollment on government budget

• OR ordeals do not impose greater utilty cost on higher types

• Key empirical questions for welfare implications of targeting:
• Relative behavioral biases (if any) across types

• Relative fiscal externalities across types

• Relative behavioral response (enrollment) to ordeals across types 65



Model set up

• Individuals of type j=L or H. Each type has unobserved wage θj , with θH > θL

• Individuals make hours choice hj and also choose whether to apply to safety net

program

• Net-of-tax earnings: yj = θjhj − τ(θjhj )

• Program application pays benefits B if earnings are below some threshold r ∗
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Model set up (con’t)

• Common utility function across types:

• If individual does not apply: u(xj )− v(hj )
• If individual applies: u(xj )− v(hj )− (Λκj + c)

• (Λκj + c) is private cost of applying

• Type specific utility cost: κj (NZ assume κH > κL)

• Individual-specific utility cost with type-specific distribution fj (c)

• Allow for misperception of benefits (ϵj ) so that perceived benefit from applying is

(1+ ϵj )B
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Application decision and private welfare

• Individuals make application and labor supply decisions to maximize private utility,
given their (possibly incorrect) perceptions

• Apply if EU from applying (given optimal hours choice if apply) > EU from not

applying (again given optimal hours choice)

• For low-ability individuals, assume either hours choice would leave them below the

earnings eligibility threshold r ∗

• For high ability individuals, assume hours choice if they do not apply puts earnings
ability eligibility threshold r ∗

• Therefore if they apply set hours = r∗/θH so they are at income threshold

• Note: both types choose weakly fewer hours of work if apply (due to potential
income effects) but for H types there is an added reduction in hours from applying
because of the need to reduce hours to meet income eligibility threshold

• This will be important; makes for a higher fiscal externality from H applying than L
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Application decision and private welfare

• Individuals apply if expected utility from applying (given optimal hours choice if

apply) exceeds expected utility from not applying (again given optimal hours

choice)

• Vj denotes private welfare of type j

Application decision and private welfare
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Social Welfare

• Assume a utilitarian SWF

Social welfare

• Note that (for expositional ease) we are using G to denote the net fiscal

externality from type j applying (or not applying)
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Social Welfare: Program Costs

Social welfare

• Note that instead of subtracting mechanical program costs from W could instead
”close” the government budget by having these costs ”paid for” out of individual
consumption

• Our approach assumes costs of program born by someone with average marginal

utility of consumption in society (i.e. W is a ”money metric” SWF, normalized by

average marginal utility of consumption in the population)
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Social Welfare: Fiscal Externalities

• ”Standard” negative fiscal externality: if individuals choose fewer hours of work as
a result of applying for benefits, applying imposes a social cost - above and
beyond the mechanical program cost (B) - via reduced income tax revenue

• and note this fiscal externality is greater for H type (why?)

• if individuals privately optimize with accurate beliefs, too many people will apply

relative to social optimum
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Nests standard result

• Social optimum will involve a non-zero ordeal utility cost (i.e. Λ > 0) even in the
presence of an optimal nonlinear income tax (Currie and Gahvari 2008)

• Intuition: with unobserved ability θj and endogenous hours choices , optimal

non-linear income tax has binding IC on high ability (prevent H from mimicking L)

that prevents first best amount of redistribution (equal consumption across types)

• Adding ordeals that are more costly to high ability types (κH > κL) can relax IC

constraint and allow for more redistribution

• Key assumptions for standard result:

• Ordeals impose higher utility costs on high ability type (κH > κL)

• Individual choices are privately optimal (ϵj = 0)

• Only source of fiscal externality is through tax revenue (therefore high ability impose

greater fiscal externality)

• These are all empirically testable

• And if don’t hold, can reverse standard result
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Impact of Information on Social Welfare

>0 >0>0>0

0 0 >0 >0
>0>0
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Neoclassical setting

• Assume no misperceptions (ϵH = ϵL = 0). Therefore intervention has no effect
on private welfare (µL = µH = 0)

• Individual decisions are already privately optimal

• marginal individuals is indifferent between applying and not, so change in behavior

has no first-order impact on private welfare

• with misperception (e.g. ϵj < 0) intervention increases private welfare for marginal

applicants of each type by µj

• Size of private welfare gain increasing in amount of under-estimation

• Assumes change in fiscal externality for marginal applicant is larger (more
negative) for H type

• Remember the changes hours more in response to applying (bc needs to mimic L)
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Some definitions

• Treatments (i.e. ordeal reductions) (T ) :
• ”Information only”: reduces misperceptions (dT = dϵ)

• ”Information plus assistance”: reduces misperceptions and private application costs

(dT = dϵ,−dΛ)

• Targeting e = (EL/(EH + EL)

• Share of enrollees who are low type (low ability / productivity)

• Treatment T increases targeting if de/dT > 0

• µj = u(yAj + B)− u(yAj + (1+ ϵj )B)

• difference for type j between the actual and perceived utility when applying

• if individuals under-estimate benefits of applying (ϵj < 0), µj > 0
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Relationship between targeting and social welfareTargeting & social-welfare impacts

In neoclassical case: the targeting property is

Unrelated impact on private welfare (which is zero by envelope theorem)
Depends solely on fiscal externality (which is larger for H by assumption)

Once allow for misperceptions, can increase private welfare

!′($%) higher for L-types
But, welfare gain also depends on '% which could have any 
relationship with type
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Relationship between targeting and social welfareTargeting & social-welfare impacts

Even without misperceptions (!" = 0) another “free parameter” in 
relationship between targeting and welfare is how size of fiscal 
externality varies with type

By assumption it’s higher for H than L in standard model
What if there are other fiscal externalities such as impact of program 
enrollment on health and public health expenditures?

Empirically ambiguous which type creates bigger fiscal externalities
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Relationship between targeting and social welfare

• Without misperceptions (ϵH = ϵL = 0)
• µL − µH = 0

• Change in targeting has no effect on private welfare

• Relationship between change in social welfare and change in targeting therefore

depends solely on how change in targeting changes fiscal externality from applying

• ”standard” setting (i.e. Nichols and Zeckhauser): no misperceptions and only
fiscal externality is through earnings margin

• improved targeting (i.e. inducing L to apply instead of H) lowers the (negative)

fiscal externality from applying

• recall: reductions in earnings for H types induced to apply are larger than for L types

induced to apply

• therefore an increase in targeting increases social welfare

• Could break this if generalize G to include other fiscal externalities from applying
• Could be positive or negative

• relative magnitude across types also ambiguous
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Relationship between targeting and social welfare

• With misperceptions (ϵj ̸= 0) , change in social welfare from an increase in
targeting is also increasing in (µL − µH)

• Intuition: thought experiment of increasing targeting ”swaps” an H applicant for an

L applicant so µL enters positively and µH enters negatively

• For ϵj < 0, µj increasing in two type-specific factors: marginal utility of

consumption, and magnitude of underestimation

• Sufficient condition for an increase in targeting to increase private welfare is that
under-estimation is non-zero for at least one type and weakly higher (in absolute
value) for L type (i.e. ϵL ≤ ϵH ≤ 0, with at least one inequality strict)

• e.g. behavioral frictions larger for L type (Mullainathan and Shafir)

• e.g. both underestimate by same (proportional) amount: ϵH = ϵL < 0)
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Empirical objects for welfare analysis of targeting

• Misperceptions by type

• Fiscal externality by type

• But ”type” (θ) is inherently unobserved. So what can you do empirically?

• Need joint distribution of misperceptions and fiscal externalities

• And perhaps marginal utility of consumption (if there are misperceptions)
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Questions about targeting

• Empirical: who is screened out?

• i.e. what is the impact of a given intervention on targeting (de/dT )

• neoclassical theories assume ordeals improve targeting, while behavioral theories

assume they worsen targeting

• e.g. NZ assume (κH > κL) while ”scarcity” hypothesis is opposie (κL > κH )

• Conceptual: how does the targeting impact of the intervention relate to its social
welfare impact?

• See above theory: not obvious that it does!
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”Calibrating” model

• Results consistent with misperceptions

• Impact of reminder postcard

• Given empirical rejection rate of applications and resulting expected benefits from

applying, and estimates of time cost of applying, absent mispeception of acceptance

rate need implausibly high non-time cost of applying to rationalize (e.g. $3,000)
• Alternatively, if assume zero non-time cost, estimate substantial misperceptions for

marginal individual (higher for low income / high benefit individuals by construction)
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Using model to interpret results

• Given our estimates of misperceptions, we can calculate the MVPF of the

interventions

• Estimates suggest MVPF would be worse if targeting were worse

• but this is because the higher need individuals have higher misperceptions (to

rationalize non take up of higher benefits)

• Key point is that whether improved targeting improves social welfare depends not
just on need (marginal utility of consumption) but also on misperception.

• Implicit assumption in prior work that those in greater need had greater failures of

rationality

• Needs empirical examination
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Areas for future work

• Attractive features of this area
• Rich, interesting and inconclusive theory

• Relative paucity of empirical evidence

• Positive and normative questions

• Fertile ground for research
• Impact of reducing barriers to takeup on takeup, screening, and welfare

• Policy question: should we have auto enrollment?

• Stigma - could be substantively important; empirically challenging

• Perhaps a ’general equillibrium’ / ’cultural’ phenomenon (hold that thought)

• Estimating optimal level of hassles

• Recertifications (hold that thought)

• Normative analysis:
• What we really want is the joint distribution of fiscal externalities and behavioral

frictions (hold that thought)

• Now that we know this, we might have designed a different RCT!
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Stigma as a ’cultural norm’ phenomenon

• May be hard to move through interventions

• What about looking at

• cross country differences in perceptions from surveys

• people who move across country? see e.g. Luttmer and Singhal AEJ:Policy (2011)

“Culture, Context, and Tastes for Redistribution” (European Social Survey)
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Distribution of behavioral frictions

• Amazingly little is known (but much is explicilty or implicitly assumed) about how

behavioral frictions / propensities to ’make mistakes’ vary across the SES

distirbution

• Enter: Handel, Kolstad, Minten, Spinnewijn (AER:I, forthcoming): “The

Socio-Economic Distribution of Choice Quality: Evidence from Health Insurance

in the Netherlands”

• More work here would be fantastic!
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Socio-economic distribution of choice quality

• Handel, Kolstad, Minten, Spinnewijn (AER:I, forthcoming): “The Socio-Economic

Distribution of Choice Quality: Evidence from Health Insurance in the

Netherlands”

• Setting: Choice of higher or lower deductible (linked to rich demographic and
claims data) in the Netherlands

• Conclude that about half of population should choose high deductible, but only

about 10 percent do

• Calculation based on premium reduction compared to expected increase in out of

pocket costs

• Robust to allowing for risk aversion, moral hazard, liquidity constraints etc

• Key finding: those with higher income, higher education, and training in

quantitative fields make meaningfully better choices
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Fruitful area for work: Recertification

• Some advantages:
• Solves a key empirical challenge with takeup studies: defining the denominator

• Relatedly: rich data on individual characteristics from enrollment

• Rules out “don’t want to receive government benefits” type explanations

• Small amount of work:
• Pei (AEJ 2017) on optimal lenth of recertification

• Homonoff and Somerville (AEJ 2021) on failures to recertify in SNAP (most cases

quickly re-enroll)

• What about redoing Rafkin, Soltos and Solomon (2024) on automatic

re-enrollment?
• Separately, failure to recertify can be a useful instrument for estimating causal
effects

• Hastings and Shapiro (AER 2018): MP to consume food out of food stamps vs cash

• Finkelstein and Notowidigdo (in “progress”): impacts of food stamps vs cash on
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Methodological Comment

• Feasibility of RCTs in this space

• Letters are cheap (e.g. EITC)

• Partners interested in improving or demonstrating their efficacy (BDT)

• Yet implementing and expositing compelling quasi-experimental design in this
space very valuable

• often have larger samples (important for power to examine heterogeniety of effects)

• Key advantage of RCT: can design / choose your variation
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