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ABSTRACT. People living with mental disorders are at a higher risk of needing income-
support programs but face greater difficulty overcoming barriers to access. This paper
investigates whether social assistance effectively reaches people with poor mental health. I
measure mental health and social assistance take-up using Dutch administrative data and
develop a theoretical framework to show how take-up responses can identify the marginal
value of benefits (need) and the cost of barriers. These are key components for evaluating
targeting effectiveness. I find that a policy increasing barriers disproportionately screens-
out those with poor mental health, indicating a 65% higher cost of these barriers. Despite
their higher cost, people with poor mental health have the same average take-up levels as
those with good mental health, conditional on eligibility, which suggests greater need. To
assess this, I show that individuals with poor mental health are more responsive to plau-
sibly exogenous variation in benefits than those with good mental health, demonstrating
that their need is twice as high. These estimates imply that people with poor mental health
are inefficiently excluded from low-income welfare assistance by barriers. Consequently,

reducing barriers to take-up would be twice as effective as increasing benefits.
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1. INTRODUCTION

Poor mental health is an urgent societal issue. Almost 1 billion people live with a men-
tal disorder (WHO, 2022). In 2010, the economic cost of mental illness due to lost pro-
ductivity and bad health was estimated to be $2.5 trillion, and is expected to more than
double by 2030 (Bloom et al., 2012). Symptoms of mental disorders include worthless-
ness, confused thinking, withdrawal from support networks, fear, fatigue, guilt and, in
the extreme case, suicidality (APA, 2013). Additionally, people with poor mental health
face up to three times the risk of poverty (Ridley et al., 2020). Therefore, people struggling
with mental disorders are especially vulnerable.

Modern welfare states are rooted in the principle that society should protect its most
vulnerable members. Ensuring that safety net programs effectively reach those in need
is essential to upholding the social contract. However, administrative and psychological
costs often make it difficult to access social support, which leads to widespread non-take-
up (Ko and Moffitt, 2024). In theory, application barriers could help filter out people with
lower need (Nichols and Zeckhauser, 1982), but in practice people suffering from mental
illness find it more challenging to overcome take-up barriers than those with good mental
health (Bell et al., 2022).

This paper investigates whether social assistance effectively reaches people with poor
mental health. A key concern is that the very source of vulnerability is also what makes
it difficult to overcome barriers to help. Nevertheless, the inefficiency arising from the
exclusion of individuals with mental disorders from assistance has remained undocu-
mented.

Mental disorders pose important theoretical and empirical challenges in determining
effective targeting. I focus on low-income welfare benefits in this study. Theoretically,
eligibility for these programs is determined by people having few resources. The goal of
barriers is then to target for general unobservable need. Poor mental health affects cost of
barriers as well as, in principle, need for support. The challenge is that both need and cost
affect take-up, however separating need from cost is essential for assessing effectiveness.
This is because barriers target well if the more needy can afford the cost and the less

needy cannot. This theoretical challenge applies to the wide range of social programs
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where eligibility does not directly depend on mental health but the eligible population
contains many people with mental disorders." Empirically, measuring mental health at
scale is challenging with survey data (due to small samples and under-reporting because
of stigma (Bharadwaj et al., 2017)) but also with administrative data (extreme outcomes
are unlikely and people with poor mental health often do not use care (Cronin et al.,
2024)).

I address these challenges in three steps. First, I develop a theoretical framework to dis-
entangle need for benefits from the cost of overcoming barriers using take-up responses
to changes in benefits and barriers. Second, I empirically estimate take-up levels and re-
sponses of low-income benefits, heterogeneously by mental health, using Dutch admin-
istrative data. The data contain rich information on mental health from administrative
sources and a large (/N ~ 400k) linked survey, as well as on social assistance eligibility
and take-up. Finally, I combine theory and empirics to calculate how need and cost vary
with mental health and evaluate welfare effects of the targeting of social assistance.

The key theoretical finding of this paper is that combining differences in average take-
up levels across groups with take-up responses to changes in benefits and barriers is suf-
ticient to evaluate the marginal value of benefits (need) and the cost of barriers. To show
this, I develop a theoretical framework allowing for heterogeneity in both need and cost.”
There are three components to identification. (i) Differences in average take-up levels re-
flect how average value net of cost compares across the population. (ii) If an individual
responds more to a change in barriers, either they have higher cost (sensitivity to barriers)
or they were at the margin of taking-up versus not (i.e. average value net of cost closer to
0. This can be isolated by difference in take-up levels). (iii) Similarly, large responses to
changes in benefits reflect either high need (high marginal value) or average value net of
cost ~ 0, but the latter can be separated-out using difference in take-up levels.

Identifying how the need for benefits and the cost of overcoming barriers depend on

mental health is crucial for policy-making. The former is the social welfare gain from

The exception is disability insurance. Here, Godard et al. (2022); Haller and Staubli (2024) emphasize that
the key policy challenge with mental disorders is that they are hard for case-workers to observe.
?In the framework, need and cost can vary across people with the same income. Thus, need cannot be
controlled for by holding income constant, creating a new identification challenge relative to past work on
targeting (Finkelstein and Notowidigdo, 2019; Rafkin et al., 2023).
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transferring €1 from someone with good mental health to someone with poor mental
health. The latter reflects the welfare costs that overcoming barriers imposes on individ-
uals. Therefore, these key primitives characterise the benefits and costs of targeting social
assistance using barriers. For example, need, cost and take-up responses to benefits and
barriers are sufficient to calculate the welfare effects of a budget-neutral increase in barri-
ers, where the money saved due to lower take-up is used to finance an increase in benefit
level.”

Empirically, I study social assistance take-up and mental health using administrative
data for the population of the Netherlands (17 million people). I examine the flagship
Dutch social assistance program, the algemene bijstand," a cash transfer designed for peo-
ple who don’t have enough money to subsist. I combine detailed information on socio-
economic demographics for the years 2011 - 2020 to construct an accurate measure of el-
igibility with low measurement-error.” Furthermore, the data contain rich mental health
information, coming from three classes of outcomes: care usage, extreme outcomes and
subjective mental health from a large survey which is linked to the administrative data.’
I combine these outcomes to reliably proxy for mental health status: this is not possible
with survey or admin data alone (Kolstad et al., 2024).

Three key findings arise from my empirical analysis. The first is descriptive. I find
that people with poor mental health are substantially more likely to be eligible for social
assistance than those with good mental health, however, conditional on eligibility, they
take-up at the same rate. I find that one quarter of people eligible for social assistance

have been diagnosed with a mental disorder, more than double the rate for the general

3This is an example of a policy experiment which captures the essence of how effective it is to use barriers
to target (Zeckhauser, 2021; Ko and Moffitt, 2024).
4Literal translation: general assistance. Information about the benefit can be found on the Dutch Govern-
ment website. I will refer to this program as social assistance (SA). Social assistance is more prevalent than
unemployment or disability benefits, with around 400,000 recipients every year. Eligibility is primarily de-
termined by income being below 100% of the full-time net minimum monthly wage for couples (70% for
singles).
>Accurately calculating eligibility is a key challenge facing the take-up literature (Ko and Moffitt, 2024).
find that the probability of a Type-II error is small: the estimated P[SA| Ineligible] = 1%.
%The outcomes are: care usage (mental healthcare spending, dispensations of psychotropic drugs), extreme
outcomes (hospitalisations for a mental health condition, deaths by suicide) and subjective mental health
from a large survey (psychological distress, loneliness and perceived control over own life).
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population. However, the average take-up levels (60%) do not meaningfully differ by
mental health status conditional on eligibility, income and other covariates.

Second, increases in barriers to accessing social assistance disproportionately screen
out people with poor mental health. I estimate the effect of the Participation Act (Minis-
terie van SZW, 2015) on the take-up of social assistance, a policy which increased access
barriers by intensifying the obligations that recipients have to satisfy and increasing in-
centives for municipalities to restrict inflow (SCP, 2019). The act increased the compliance
costs from obligations and the psychological costs from unpleasant interactions with the
municipality (Ministerie van SZW, 2022). Using a difference-in-differences design, I show
that the policy reduces receipt of social assistance by people with poor mental health rela-
tive to good. These results are driven exclusively by deterrence of inflow, which decreases
by 10% vs baseline inflow for good mental health.

Third, people with poor mental health respond twice as much to a change in benefits
than those with good mental health. Social assistance in the Netherlands tops-up in-
come to an eligibility threshold, which implies a kinked benefits-schedule as a function
of income (100% marginal tax rate below the threshold, 0% above). I exploit this kinked
schedule using a regression kink design to identify the effect of benefit level on take-up,
heterogeneously by mental health. I estimate elasticities of social assistance receipt with
respect to benefits of 0.76 and 0.29 for poor and good mental health, respectively.

Combining theory and empirical estimates yields the final key finding of the paper:
people with poor mental health need benefits twice as much as those with good mental
health, conditional on income, but also have a 65% higher cost of overcoming barriers.
These primitives suggest that governments have an incentive to redistribute money to
people with poor mental health, but that barriers are not an efficient way to do so. I esti-
mate the marginal value of public funds (Hendren and Sprung-Keyser, 2020), capturing
the direct effect of the policy divided by government cost, of a reduction in barriers as
1.88 and of an increase in benefits as 0.82. This implies reducing barriers is an effective

use of government funds, 2.1 x more so than increasing benefits.

Contribution to the Literature: This paper contributes to the public economics litera-

ture on the targeting of government programs. Nichols and Zeckhauser (1982) argue that
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ordeals, or costly barriers to take-up, can screen for need if the correlation between need
and these costs is weakly negative. Some empirical studies support this, showing barriers
effectively target aid (Alatas et al., 2016; Giannella et al., 2023; Wu and Meyer, 2023). In-
deed, Rafkin et al. (2023) find that self-targeting is valuable from a social welfare perspec-
tive. However, targeting through ordeals can be undermined by take-up frictions among
the needy (Deshpande and Li, 2019; Finkelstein and Notowidigdo, 2019; Homonoff and
Somerville, 2021) or adverse selection (Shepard and Wagner, 2022). Generally in this lit-
erature, need is seen as arising from low-income.

I take a new approach and focus specifically on mental health. To my knowledge, this
is the first paper to assess the welfare consequences of excluding those with poor mental
health from assistance. Although the behavioural public policy literature has examined
the descriptive relationship between mental health and the take-up of social programs
(Arulsamy and Delaney, 2022; Bell et al., 2022; Martin et al., 2023a,b), welfare effects re-
quire an assessment of need. I show that people suffering from mental disorders need
benefits more than those with good mental health, even conditional on having the same
income. This highlights that vulnerability is often multi-dimensional and goes beyond
poverty. My results show that despite their higher need, people with poor mental health
are disproportionately screened-out by barriers, implying inefficient targeting.

The idea that mental disorders both increase need and make it harder to navigate
barriers to assistance mirrors the dual effects highlighted in the scarcity literature (Mul-
lainathan et al., 2012). Financial strain can impair cognition (Mani et al., 2013; Kaur et al.,
2021), yet it can also sharpen focus and lead to better decisions (Shah et al., 2012; Fehr
et al.,, 2022). This paper develops a theoretical framework showing how to discipline
these opposing forces and implements the identification empirically using rich adminis-
trative data and policy variation in benefits and barriers.

Lastly, there is a growing literature in psychology and economics studying mental dis-
orders. Poor mental health not only imposes cognitive burden (Bierman et al., 2008; Ham-
mar and Ardal, 2009) but also impairs emotion regulation (Gross and Mufioz, 1995), both
of which hinder everyday functioning (Kessler et al., 2003; Evans et al., 2014). In econom-

ics, studies demonstrate that mental healthcare interventions, such as psychotherapy and



mindfulness, improve self-confidence, patience, risk-tolerance and reduce decision costs
(Bhat et al., 2022; Shreekumar and Vautrey, 2021; Angelucci and Bennett, 2024a,b). The
literature also explores how mental healthcare affects economic outcomes (Barker et al.,
2021; Baranov et al., 2020; Serena, 2024) and how income impacts mental health (Christian
et al., 2019; Miller et al., 2024; Schmidt et al., 2021; Silver and Zhang, 2022).

I quantify the policy relevance of the cognitive and emotional burdens that mental dis-
orders impose on individuals by empirically estimating the welfare costs of ordeals for
these people. Moreover, I use a revealed-preference approach as in Deshpande and Lock-
wood (2022); Haller and Staubli (2024) to show that people with poor mental health have
a higher perceived need for welfare benefits than those without mental disorders. This
new finding shows that non-take-up of assistance among people with poor mental health
does not stem from under-valuation, but rather the challenges of accessing benefits.

These results support Sen’s “capabilities approach” (Sen, 1999, 2008); those facing greater
daily challenges, such as disabilities, require more resources to satisfy basic needs. My
analysis indicates that the same cognitive bandwidth and emotion regulation constraints
that heighten the costs of overcoming barriers also appear to exacerbate everyday stres-

sors enough to significantly raise the marginal value of additional income.

Outline: Section 2 sets out my theoretical framework to characterize the social welfare
consequences of targeting. In Section 3, I describe the context and data. I quantify social
assistance take-up levels by mental health status in Section 4. I estimate take-up responses
to changes in barriers in Section 5 and benefits in Section 6. Section 7 combines the theory

and empirical estimates to calculate welfare effects. Section 8 concludes.

2. THEORETICAL FRAMEWORK

I adapt the model from Finkelstein and Notowidigdo (2019). I allow for heterogeneous
marginal value of €1 (need), even across individuals with the same income or consump-
tion. This generalisation is motivated by the vulnerability of people with poor mental
health going beyond their risk of poverty. I propose a method for separately isolating

need from the cost of overcoming barriers using take-up responses to changes in benefits



and barriers.” The framework yields empirically-implementable formulas for the welfare

effects of targeting. Proofs and extensions are in Appendix A.
2.1. Model of Social Assistance Take-up.

2.1.1. Setup. Individuals are indexed by 6.° Social assistance is defined by two policy
parameters. B is the (monetary) benefit, A is the barrier that individuals have to overcome

to receive B. Each § makes one key choice: whether to receive social assistance:

SA = 1{overcome barrier A to receive benefit B} (2.1)

Preferences are defined as follows. Individuals derive value vy(B) from benefits B.
There is an take-up cost xg(A), which represents the individual-specific dis-utility from
overcoming barrier A. I also model take-up to depend on an independent additive choice-
shock ¢ ~ F' which can be thought of as decision-relevant unobservables which are unaf-

tected by policy. Therefore, the take-up equation for each 6 is:

SA=1 ’U@(B) > R@(A) +ée (22)

This means that behaviour follows a threshold-rule: if ¢ < £ = vy(B) — kg(A), SA =1

and if € > €, SA = 0. Therefore, rate of receipt is given by:

P[SA]@ = F(UQ(B) - /ﬁ:g(A)) (23)

This model takes a stylised reduced-form revealed-preference approach, where indi-
vidual values and costs are modelled as catch-all quantities that could arise from various
psychological factors and are reflected by behaviour. Given the limited evidence on wel-
fare effects for individuals with poor mental health, simplicity is crucial. As such, I min-
imise structural assumptions and focus on identifying the key statistics that are sufficient

for policymakers to assess targeting effectiveness.

"This distinction relates to Shepard and Wagner (2022), who show that adverse-selection can undermine
ordeal-mechanisms due to the correlation between value and cost. Importantly - in their setting cost refers
to cost of insurance (borne by the government), whereas I focus on the cost of ordeals (borne by the indi-
vidual).
8In my empirical setting, 0 will represent mental health status, but the following model applies to any other
dimension of heterogeneity which could influence the marginal value of €1 as well as the take-up cost.
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Nevertheless, Appendix A presents a micro-foundation of vy(B) for completeness. Value

arises from extra consumption and recovered costs of work. Income depends on take-up

but is fixed otherwise: y;4=! refers earned-income while receiving social assistance and

y54=Y represents earned-income when not. All income (including benefits) is taxed at

marginal tax rate 7.
2.2. Welfare.

2.2.1. Individual Welfare. Denote Uy as §’s utility (which depends on take-up), and Uy ex-
pected utility. Following the setup in Section 2.1.1, I normalise utility to 0 if SA = 0.

Up = E[Uy] = P[SA]y - E[Utility| SA = 1] + (1 — P[SA]) - E[Utility| SA = 0]

Normalised to 0

_ / " 0a(B) — ro(A) — €] dF ()

—0o0

where ¢} = vy(B) — kg(A). Importantly, this formulation assumes rationality.’

2.2.2. Social Welfare. Let 11(0) be the distribution of types, and Ay social welfare weights.

The government’s problem is given by:

st / iS40 - (1~ PISAl) + 7(45*=" + B) - PISAly dyu(9) = / B-P[SAly du(e) >

N J/ N

TV TV
Tax Revenue Program Costs

In this framework, I assume eligibility criteria for benefits are fixed (though not explic-

itly modelled)."

7 is also fixed. The government does not observe individuals” private
types (0, ¢), making targeted policy design challenging. Instead, it must rely on blunt
instruments—benefit levels (B) and barriers to access (A)—which do not vary by 6 to

indirectly target those most in need. The policy-maker’s goal is to allocate benefits to

9See Section 2.3.2 for a discussion of all key assumptions.
197 discuss how to explicitly model eligibility in detail in Appendix A.
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individuals with a high, unobservable marginal value of benefits (v,(B), i.e., need). Bar-
riers (A) effectively target when neediest receive assistance, while those with lower need
do not. Section 2.2.3 derives formulas for the welfare effect of an example policy exper-
iment capturing this mechanism."" This is one way of characterising the effectiveness of

targeting using barriers.

2.2.3. Welfare Effects of a Budget-Neutral Increase in Barriers. 1 consider a policy experiment
capturing the essence of using barriers to target social assistance: increase barriers, saving
government funds due to lower take-up, in order to finance an increase in benefit level.

This is a budget neutral increase in A (B adjusts).

Proposition 2.1. The marginal welfare effect of a budget-neutral increase in ordeals financing an

increase in benefits is given by:

dw dB
Alg| vp(B) = — Ky(A 2.
I = [ rerisa] we) 51 - ) | 25)
Need Cost
Budget Neutrality implies:
— [FE,- &5,
b J By =55 (2.6)

dA (1—7)- [PSAlpdu+ [ FE,- 8P[SA‘9du
where:
FEy=7-(yy" =" =y )+ (1-7)-B (2.7)

Equation (2.5) follows from an application of the Envelope Theorem. The expression
shows that the overall welfare effect is large whenever take-up is high (P[SA], large)
among the §’s with the highest need (v; large) and lowest ordeal-costs (x; small). Analo-
gously, 2¥ will be negative when need and cost are strongly positively correlated.

The intuition behind Equation (2.6) is as follows. Budget-neutral policy changes de-
pend on aggregate responses only. The government can increase B more if more people
are screened out by ordeals, if people take-up less in response to changes in benefit level

and if there are fewer beneficiaries at baseline. F'Ej is the fiscal externality of § applying:

llgee, e.g. Ko and Moffitt (2024) who say that the “presence of costs induces the less needy to not apply,
which saves government funds that can then be used to pay higher benefits to those in greater need, who
have a higher probability of ending up as recipients.”
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there is a moral hazard fiscal externality due to labour supply response y*4=0 — y54=1

SA=0 _ ysA=1)

which costs the government 7(y ,and a direct cost (1 — 7) B paid out to 6.

Y
The welfare effects depend on four key sufficient statistics. Increasing barriers imposes

a direct cost on infra-marginal individuals: xj(A). However, the government saves money

OP[SA],

due to lower take-up. This depends on the strength of barrier screening effects, =%

Increasing benefits has redistributive value for infra-marginal individuals: vy(B). How-

ever, it costs the government money. This depends on the strength of benefit take-up effects,

OP[SA]g 12
0B

aw
dA

is my overall metric for the social welfare consequences of targeting using ordeal
mechanisms. However, the units are hard to interpret. In the calibration, I use the frame-
work of Hendren and Sprung-Keyser (2020) to aid intuition by also deriving the marginal
value of public funds (MVPF) of a decrease in barriers vs an increase in benefit level.
The MVPF is defined as willingness-to-pay divided by government cost (both money-
metric). The formulae for the MVPF of dB and dA are derived in Appendix A.1. While
MVPFs have interpretable units, they do not capture 6’s having different marginal values
of income unless social welfare weights are included. Therefore, I also calculate MVPFs

with utilitarian (rather than money-metric) social welfare functions. The comparison of

utilitarian MV PF,;p and MV PFy, is isomorphic to %.

2.3. Identification. How should we empirically characterise the welfare consequences of
targeting using barriers? Proposition 2.1 is an example showing that in order to know
whether barriers target effectively, we must estimate four key “sufficient statistics”: need

a%%]a) and barrier screening effects ( %) 13

(v)), cost (k}), benefit take-up effects (
My goal is to quantify these statistics empirically. Therefore, it is helpful if there are as
few as possible. First, I use theory to reduce the number of sufficient-statistics from 4 to

3. The key idea is that benefit take-up effects (aM;—;]") depend on the marginal value of

benefits, i.e. need (vy). Similarly, barrier screening effects <%> depend on the cost of

barriers (kp).

12The policy experiment differs from Rafkin et al. (2023) in what we compare ordeal-costs g (A) to. They
consider moving to automatic enrolment (comparing ¢ (A) to 0) whereas I consider reducing barriers (com-
paring x¢(A) to kg(A — dA)). Hence, I require variation in barriers as well as benefits.
13Therefore, my model aligns with the sufficient-statistics approach to public economics (Einav and Finkel-
stein, 2011; Baily, 1978; Chetty, 2008).
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Remark 2.1. Barrier screening effects are characterised by Equation (2.8), and benefit take-

up effects by Equation (2.9).

% e (g — hp) (2.8)
8]P’éSBA]9 — - fo(vp — Fg) (2.9)

Intuitively, A is a price of taking up. Therefore, responsiveness to take-up is large when
consumers are price-responsive (x' large) or just at the margin of take-up (f.(-) large).
Similarly, responsiveness to a change in benefit level is governed by need (v') and the
probability of being marginal. This means that there are only three key primitives which
determine welfare effects: need, cost and f.(vy — ), the likelihood of being on the margin
of take-up. The latter is an extrapolation term allowing for the inference of infra-marginal

costs/benefits through marginal take-up responses.

2.3.1. Three-step Identification. In this section, I present a three-step method to identify

the three key statistics sufficient for evaluating welfare effects. The method takes as in-

puts: take-up levels P[SAJy, barrier screening effects W[%

8IP’[SA]9

and benefit take-up effects
and uses these to identify need (vp), cost () and the likelihood of being marginal
( fg(vg — Kg)). The intuition is as follows:

Difference in take-up levels P[S Ay across types cannot distinguish between average
value (vg9) and cost. However, they reflect how average value net of cost compares across
types. This, in turn, influences how f.(vy — k) compares across types. Using this infor-
mation, cost can be inferred from barrier screening effects 2L S A]9 . The idea is that 8JP[SA}
being large reflects either large ' or average value net of cost being close to zero. The
latter can be isolated using difference in take-up levels. Similarly, the contribution of

BP[S Ao can be isolated from need.

f=(vg — Kg) to benefit take-up effects
Step 1 (Average take-up levels): To aid intuition, suppose that we are in a special case of
equalised take-up levels: P[SA]y = P[SA;."" Le. F(vg—ky) = F(vj—rj). Then, f(vo—kg) =

f(vs — k) because the cdf F' is monotonic. More generally if P[SA], # P[SA];, f(ve — ko)
4This is motivated by the empirical application, where I find no meaningful difference in average take-up

levels by mental health.
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is identified in terms of f(v; — k) using a first-order Taylor expansion of difference in
average take-up levels P[SA|, — P[SA];. This requires additional structure, and is set out
in Appendix A.2. At the end of Step 1, we know how f(vy — ky) compares across types.

Step 2 (Benefit take-up effects): If we know how f(vy — k) compares across types, and
estimate benefit take-up effects for each type - then we can quantify how need varies

across types. This done by dividing Equation (2.9) across types to give:

OP[SAl vk fg(vé - %é) '
0B 0 ———

Estimated in Step 1

Then, if we normalise vy, = 1 for some 6, we calculate vy for all other § using Equa-
tion (2.10). This normalization is without loss, and effectively scales all welfare effects in
terms of 0,’s WTP for €1.7°
Step 3 (Barrier screening effects): Finally, divide barrier screening effects from Equa-
tion (2.8) by benefit take-up effects from Equation (2.9) within type to identify «j for all

0 as follows:'°

OP[S Al

1
oA
SESA, — Ky - ) (2.11)
OB 0

Estimated in Step 2

2.3.2. Discussion of Key Assumptions. Before presenting the empirical analysis, it is im-
portant to discuss the key assumptions underlying the identification of need and cost.
In Section 7, I return to these assumptions and characterise how relaxing them impacts
welfare effects.

I assume that ¢ is an additive independent shock to the take-up equation: SA =1 <=
vg > Kg+e€. Independence, as assumed in random utility models (McFadden, 1981; Wood-
ford, 2020), enables Step 1 in the identification. The assumption can be probed by examin-

ing how including additional covariates changes the three-step identification."” Without
15,/ is then understood as 0’s need relative to .
18This within-type identification method is as in Haller and Staubli (2024), but the across-type identification
is new. Here, the key novelty is that I can estimate take-up levels with information on eligibility and use
these to inform differences in likelihood of being on the margin of take-up across types.
Throughout my empirical analysis, including additional covariates does not meaningfully change the
comparison between good and poor mental health, providing support for € L 6.
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independence, the model is not identified and either vy constant across 6 or sy constant
across 0 must be assumed. Seeing as the purpose of the framework was to separate need
and cost when both could depend on mental health, neither of these cases is useful.'®
Additivity allows me to separate need/cost from the extrapolation term f.(vy — xg) in
Equations (2.8) and (2.9).

The framework assumes that the likelihood of being on the margin of take-up, f(vy —
Kg), is the same for benefit and barrier instruments. This comes from 6 and ¢ being one-
dimensional. The assumption is called into question by recent work arguing that the com-
pliers to an instrument depend on the instrument itself (Kline and Walters, 2019; Mogstad
et al., 2024). This assumption allows for minimal structure on the take-up equation. Re-
laxing f(vy — kg) to depend on the instrument is possible under additional parametric
assumptions as long as f(vy — kg) = f(v; — ;) for all 8,0, i.e. as long as the difference in
complier characteristics across instruments is orthogonal to mental health. Appendix F
shows welfare effects in this case.

In the theory, 0 is treated as an immutable type, but in practice mental health evolves
over time and in response to stimuli. This assumption is made in order to set out a
tractable static framework. In Section 6, I show that social assistance does not appear to
have a strong dynamic positive effect on mental health. However, ordeals likely worsen
mental health, a dynamic I cannot quantify in this paper. This effect would imply that the
welfare costs of increasing ordeals are a lower-bound.

Finally, I use a revealed-preference framework. Assuming rationality allows me to re-
veal need and cost from take-up responses, and to use the Envelope Theorem when de-
riving welfare effects. In Section 7, I follow the framework developed by Naik and Reck
(2024) to characterise how confident the government needs to be about bias to reverse the
estimated sign of the welfare effects.

The rest of the paper is devoted to evaluating the key sufficient statistics and discussing
implications for welfare. In Section 4, I estimate average take-up levels and show that
they do not meaningfully differ by mental health. I estimate barrier screening effects in
Section 5 and benefit take-up effects in Section 6.

18[n settings where it seems reasonable that vy L 6 or kg L 6, models from Finkelstein and Notowidigdo

(2019); Rafkin et al. (2023) should be used.
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3. CONTEXT AND DATA

3.1. Institutional Context.

3.1.1. Social Assistance in the Netherlands. In the Netherlands, social assistance, or algemene
bijstand, is a non-contributory social safety net program. It is intended for individuals who
do not have enough income or assets to subsist, and who do not qualify for any other
benefit. Over the period of this study, around 450,000 people claim benefits each year.
This translates to around 4.5% of the general population and is more than the number
of people on disability and unemployment insurance. Figure B.1 shows the evolution of
caseload from 2005 to 2021.

Eligibility: Eligibility rules are determined at the national level. The benefits are means-
tested: income and assets must be below a threshold in order to be entitled. The income
threshold is 100% of the full-time national minimum wage for couples, and 70% for sin-
gles. The threshold depends on household composition. Income includes not just labour
income, but from capital and other benefits.

Additionally, eligibility requires being at least 18 years old and Dutch citizenship or
residing lawfully in the Netherlands, not in prison or a detention center. Mental health
does not directly affect eligibility.

Application: Applicants must submit information to verify eligibility (e.g. residency proof,
income / bank statements etc) as well as potentially go to the municipal office for an in-
terview. The municipality legally must make a decision within 8 weeks of application.
Receipt: If accepted, income is topped-up to the eligibility threshold - i.e. there is a 100%
marginal tax rate.”” The national minimum wage, and couples’ threshold, is around
€16.5k per year during the observation period. Often, people earn some income - on
average, benefits paid equal around €12.7k per year. Conditional on receipt, people stay

on social assistance for around 5 years - there is no time-limit to take-up. Municipalities

YBasic income experiments have been trialled in some municipalities, where some treatment arms re-
duce/remove obligations and other treatment arms reduce the 100% claw-back of benefits (Verlaat and
Zulkarnain, 2022). Strict obligations are rationalised by wanting to incentivise activation and eventual tran-
sitioning out to paid work in the face of the 100% marginal tax rate.
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can grant additional benefits, such as housing, health insurance and children subsidies.
In this paper, I focus on the take-up of the general welfare benefit.”

Obligations: Social assistance is a workfare program: conditional on take-up, recipients
must comply with several obligations. These include keeping all information up-to-date
and work re-integration.”’ Single parents with young children and people with full and
permanent incapacity to work can apply for an exemption from these obligations. In the
event of non-compliance, municipalities can impose sanctions or (temporarily) reduce

benefits. Exclusion from assistance is an uncommon, extreme outcome.

3.1.2. Healthcare in the Netherlands. The Netherlands has a mandated and subsidised pri-
vate health insurance system. GPs are the first port-of-call for mental health issues, and
can prescribe medications or refer to specialized care. In the general population, around
10% of people are dispensed with psychopharmacalogical medications each year. Access
to mental healthcare appears to be roughly equalised by income (Kolstad et al., 2024),
although quality of care may differ (Lopes et al., 2023).

3.1.3. Disability Insurance in the Netherlands. One potential concern about my analysis is
that perhaps it’s not social assistance people with poor mental health should be receiv-
ing, but disability insurance. However, disability benefits count towards eligibility for
social assistance. Insofar as people receive full disability benefits (e.g. people with severe
mental disorders), they have income above the social minimum, are ineligible for social
assistance and do not appear in my main analysis. Moreover, disability insurance is a
contributory program replacing past earnings after work-limiting health shocks. Many
people receiving social assistance do not have prior work history, so are ineligible for
disability benefits. In sum, those with moderately poor mental health are in the target

population.

20This is a reasonable simplification because the take-up of these additional benefits is uncorrelated with
receipt of social assistance, after controlling for income and wealth (Berkhout et al., 2019). Furthermore,
these subsidies are phased-out according to different schedules to social assistance.

2IFull list of obligations can be found in Ministerie van SZW (2015). They include acceptance of work
or voluntary activities (i.e. “participate”), wearing the correct clothing doing so, being prepared to travel
a distance with a total travel time of 3 hours per day to find work, keeping all eligibility and benefit-
level information up-to-date, complying with information requests and even home-visits, being willing
to relocate municipality, achieving a good command of the Dutch language and acquiring and retaining
knowledge and skills necessary for acquiring wealth.
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3.2. Data. In order to quantify the nature of selection of SA recipients with respect to
mental health, I use administrative data from the population of the Netherlands (~ 17
million people) accessed via CBS, the Statistics Agency of the Netherlands. The data
contain information on socio-economic demographics determining eligibility for social
assistance, rich characteristics on social assistance receipt and comprehensive information

about mental health.

3.2.1. Socio-economic information: I create a new dataset containing eligibility for social as-
sistance in the years 2011-2020 for all working-age individuals in the Netherlands. To do
so, I extend the work of Inspectie SZW (2021) to calculate eligibility by merging detailed
information on socio-economic information, including income, wealth, household com-
position and size, work status, education and other demographics, following the rules
set out by law (Ministerie van SZW, 2015). These data are yearly, and so the measure
reflects eligibility on average each year.”” The main analysis sample is from 2011 to 2020
because I observe all eligibility determinants in this period. I focus on working-age indi-
viduals throughout the study - age 27-65.” Among this population, around 10% of people
are eligible for social assistance each year. Table B.1 shows summary statistics about the
socio-economic demographic variables, for the general population and for the eligible.
The administrative data show receipt of social assistance (among other benefits) for
each person in each month, as well as benefits received, which household-composition-
dependent threshold has been applied, any income earned, exemptions and sanctions.
I use these data to calculate the take-up rate of social assistance - defined as P[Take-up
SA|Eligible]. Over the study period, the take-up-rate is around 60%, in line with Inspectie
SZW (2021). I find P[Take-up SA|Ineligible] = 1%, suggesting low measurement-error.

3.2.2. Mental health information: Finally, the data contain three classes of mental health
measures: take-up of mental healthcare (mental healthcare expenditures and dispensa-
tions of psychotropic medications by ATC4-code), extreme outcomes (hospitalizations

with ICD-10 codes corresponding to mental health disorders, and deaths by intentional

221 also calculate eligibility monthly for people who work - as the data contain monthly income information
for employees. I use this for the regression kink design in Section 6.
2 As in Inspectie SZW (2021), eligibility for students and people above pension-age is noisier and so these
groups are excluded.
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self-harm—suicides), and surveyed psychological distress (Kessler’s 10), loneliness and
perceived control over own life (in a linked survey for 400k people in 2012 and 2016).
Table B.2 shows summary statistics about (mental) health.

Figure 1 shows the prevalence of poor mental health in the Netherlands, and how this
varies when focusing on the general population, those eligible for social assistance and
recipients. The figure shows that the eligible are at least 2.5x more likely to suffer with
poor mental health than the general population. Whereas, social assistance recipients
seem to have similar mental health to the eligible population.

This suggests limited self-targeting; if self-targeting were effective, the more vulnerable
group would be over-represented among recipients. This implies that people with mental
disorders either do not value benefits more than those with good mental health or that
they do but find barriers costlier to overcome. Section 2 says the first step to distinguish-

ing between these explanations is the difference in average take-up levels.

3.3. Key Analysis Variables. In the rest of the paper, I empirically analyse the take-up
of social assistance heterogeneously by mental health. Throughout, I define take-up as
SA;; = 1{i receives SA in period t}. For almost all results, this will refer to a stock.
How should we measure poor mental health? I define Poor MH;; = 1{i dispensed psy-
chotropic medications in year ¢}.

In a related paper, we show that this is an accurate proxy for poor mental health status
(Kolstad et al., 2024). In the Netherlands, usage of mental healthcare is strongly posi-
tively correlated with subjective psychological distress, and the relationship between the
two does not depend on income (Kolstad et al., 2024). Prescriptions are done by GPs,
who are the first access point to healthcare. In general, access to healthcare in the Nether-
lands is excellent, and people often still receive care even if they default on their premia
(Roos et al., 2021). Indeed, 0.4% of poor households report unmet medical needs in the
Netherlands, relative to 8.5% of all households in the US (Danesh et al., 2024).

Of course, even in the Netherlands there will be some non-take-up of mental healthcare
by people with truly poor mental health. Therefore, throughout the empirical analysis I
verify that all findings about mental health measured by dispensations of psychotropic

drugs are consistent when mental health is measured in the survey.
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FIGURE 1. Prevalence of poor mental health in the Netherlands. This graph
shows raw means of the seven mental health measures, across three differ-
ent populations. All measures are in terms of percentages and are proba-
bilities of the following: dispensed psychotropic medications, > 0 mental
healthcare spending, surveyed severe psychological distress, surveyed se-
vere loneliness, surveyed severe perceived lack of control over own life,
hospitalisation due to a mental health condition, suicide. For the last two
(extreme) outcomes, the probabilities are artificially inflated by 100x. The
three populations are: everyone in the data, those eligible for social assis-
taance, and the social assistance recipients, from 2011-2020 in each case.

4. AVERAGE TAKE-UP LEVELS

Average levels of the take-up of social assistance by mental health are useful descrip-
tives to examine targeting and important inputs to identification of need and cost.

First, in terms of raw levels, figure Figure 2 shows the baseline probability of being eli-
gible for social assistance by mental health, measured by psychotropic drug dispensation,
as well as the take-up levels conditional on eligibility. People with poor mental health are
three times more likely to be eligible, but conditional on eligibility seem to take-up around

the same rate as those with good mental health.
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FIGURE 2. P[Eligible|] and P[SA|Eligible|, compared for people with poor
mental health (dispensed psychopharma in year previously) vs good men-
tal health (not). Underlying population: 2011-2020 in each case.

4.1. Design. Do people with poor mental health take-up social assistance more or less
than people with good mental health, conditional on eligibility and income (and other
observables)? This is Step 1 in the three-step identification from Section 2.3.1.

For each individual 7 and year ¢, define SA;; = 1{i receives SA in year ¢}. Poor MH,;; =
1{i dispensed psychopharma. in year t}. Equation (4.1) represents a correlation test mea-

suring the overall extent of selection.”*

SA; = -Poor MHy; 1 + X[, 0 + & (4.1)

X, are flexible controls of income,” wealth, education, hh composition, work status,
work sector and year, age, gender and municipality fixed effects. ¢;; is an idiosyncratic
error term. 3 measures the selection of social assistance recipients with respect to mental

health and is the coefficient of interest.

24Throughout, I use a linear-probability model, but the results are not substantially different using logit or
probit.
2T include household standardised income percentile (moving average t — 4 — ¢ — 2) fixed effects.
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Importantly, I estimate the correlation test on the eligible population. Higher overall
take-up rates by a group could come from higher probability of being eligible, or more
frequent receipt conditional on eligibility. I focus on the latter in this paper because non-
take-up by ineligible individuals is not attributable to the main forces of interest - need

and ordeal costs.”

4.2. Results. Table 1 shows the main results using Poor MH;, = 1{i dispensed psy-
chopharma. in year t}. Aligned with Figures 1 and 2, I find that people with poor mental
health take-up social assistance only slightly more than those with good mental health.
The table shows estimates of 3, for seven specifications of increasing saturation.

Throughout, people with poor mental health have similar take-up rates to those with
good mental health. Controlling for year, age, and gender fixed effects, the difference in
take-up between groups ranges from -1 to +1p.p, depending on the controls. Estimates
are statistically significant but economically small. In the full specification (Column 5),
people with poor mental health have social assistance receipt rates less than 1% higher
than those with good mental health, holding all else constant.

Two controls explain a large portion of the variation. Adding lagged income controls
increases R? from 0.05 to 0.16, as people with poor mental health have different income
levels, which determine benefits-level entitlement. Adding lagged work status (including
past social assistance receipt) further increases R? from 0.16 to 0.64, with és Ap_o—1 = 42.35,
showing strong autocorrelation in social assistance take-up. The positive 3 with individ-
ual fixed effects supports this.

The increase in the point estimate when controlling for lagged work status suggests
social assistance may improve mental health, as it indicates that part of the initial neg-
ative association between assistance receipt and mental health stems from people who
have consistently not used social assistance having poorer mental health. Once past work
status is controlled, the analysis shows that among those with similar social assistance
histories, individuals with poorer mental health are more likely to use assistance now,

suggesting social assistance could help mitigate some mental health challenges.

26Indeed, Muilwijk-Vriend et al. (2019) show that j is positive for the overall population, but of course, this
could be due to people with poor mental health being more likely to be eligible.
20



1¢

(1) (2) (3) (4) (5) (6) (7)

3.072%** 0.491 -0.819*  1.429**  0.540%%  1.984***  0.911***

f3: Receipt of SA

poor vs good MH (p.p.)
(0.810)  (0.699)  (0.362)  (0.095)  (0.071)  (0.065)  (0.0498)

Year, age and gender FEs v v v v v
Lagged income controls v v v v
Lagged work-status FEs v v v
Individual FEs v v
All other controls v v
Observations (people-years) 5,671,855 5,671,855 5,187,572 5,187,572 5,187,572 5,361,899 5,014,850
R? 0.001 0.045 0.161 0.640 0.650 0.001 0.059
Baseline mean 59.97 59.97 62.45 62.45 62.45 60.07 62.00

Standard errors in parentheses
*p < 0.05, **p < 0.01, **p < 0.001

TABLE 1. Results of a regression of receipt of social assistance on mental health status (measured by dis-
pensation of psychotropic meds). First column shows the results with no controls. Second column shows
results adding year, age and gender fixed effects. Third column shows results adding lagged income con-
trols. Fourth column shows results adding lagged hh composition, education, municipality, wealth and
work-status controls. Fifth column shows results adding sector, physical health and benefits schedule con-
trols. Sixth column shows results with individual fixed effects only (no controls). Seventh column shows
results with individual fixed effects and all controls. The sample contains the calculated eligible for SA in
2011-2020. Standard-errors are clustered at the municipality-level.



How does /3 compare to the coefficients on other covariates, §? The income percentile
tixed effects range from 20 to -20, age fixed effects from 0 to 10 and municipality fixed
effects from -15 to 5. This reinforces the idea that £ is economically small.

Figure 3 presents the results of the correlation test varying the measure of poor men-
tal health.  are plotted for each mental health status variable: 1{dispensed of psy-
chotropic meds}, 1{positive mental healthcare costs}, 1{Hospitalized for a mental health
condition}, and surveyed 1{Severe psychological distress}, 1{Severe lack of control over
own life}, and 1{Severe loneliness}, relative to average take-up amongst those with good
mental health. Qualitatively, these estimates are broadly consistent with each other and
show a small positive difference in rate of receipt by people with poor mental health vs

people with good mental health. Table C.2 shows the full results.
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FIGURE 3. Coefficients of social assistance take-up regressed on mental
health status—indicators of: psychotropic drugs, mental healthcare, severe
surveyed psychological distress/loneliness/lack of control over own life,
or mental health hospitalisation. Point estimates added to the control mean,
with 95% confidence intervals. Lagged controls include income, wealth, ed-
ucation, work status, household composition, municipality, year, age, sec-
tor fixed effects, physical health, and benefits schedule. Eligible population
from 2011 to 2020. Standard errors clustered at the municipality level.
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Of course, there is a broad spectrum of different mental disorders. Using psychotropic
drug dispensations to measure poor mental health provides a practical approach to dis-
tinguish these differences. Figure 4 shows coefficients from a regression of SA receipt on
dummies for type of psychotropic drug dispensed, and all controls. People using ADHD
medication, hypnotics / sedatives and anxiolytics are no more likely to receive social
assistance than those not using any psychotropic medications. Anti-depressant dispen-
sation is associated with a higher rate-of-receipt, whereas anti-psychotic dispensation is

associated with a lower rate-of-receipt. Table C.1 shows the full results.
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FIGURE 4. Coefficients of social assistance take-up regressed on psy-
chopharmacology dispensation fixed effects (by type: ADHD medications,
anti-depressants, hypnotics/sedatives, anti-anxiety medications and anti-
psychotics). Point estimates added to the control mean, with 95% contfi-
dence intervals. Lagged controls include income, wealth, education, work
status, household composition, municipality, year, age, sector fixed effects,
physical health, and benefits schedule. Eligible population from 2011 to
2020. Standard errors clustered at the municipality level.
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5. BARRIER SCREENING EFFECTS

Moving past average take-up levels, recall from Section 2 that we need to identify take-
up responses to changes in barriers to assistance to reveal how costly people with poor
mental health find overcoming these barriers and thus start to examine targeting effec-
tiveness.

I examine the effects of the Participation Act, a large reform to social assistance design
in the Netherlands, which increase barriers to access. The policy was announced in 2014
(with significant public discourse - see Figure D.1) and implemented in January 2015.
The reform was a response to rising caseloads following the Great Financial Crisis, and it
cut municipal social assistance budgets from €1.4 billion in 2010 to around €500 million
by 2018 (Heekelaar, 2021). The Participation Act intensified obligations for recipients
and incentivized municipalities to restrict inflow through (threat of) sanctions (SCP, 2019;

van der Veen, 2019).%

5.1. Identification. I exploit the Participation Act to estimate the heterogeneous take-up
response to a change in barriers by baseline mental health. Practically, the specification,
Equation (5.1), is a standard Difference-in-Difference design with people poor mental

health as the treatment group. The interpretation of the treatment effects is the hetero-

OP[SAlL  OP[SAlu
oA A

geneous effect . The identification assumption is that people with poor

mental health’s receipt would have evolved in parallel to those with good mental health.*®

SAy = a+n; + v+ 6 x Poor MH; + X,0 + & (5.1)

n; and ; are individual and year fixed-effects respectively. X is a vector of time-varying
controls including income, education and muncipality, hh composition and sector fixed
effects. 9, for ¢ > 2013 are the coefficients of interest and represent the heterogeneous
treatment effect of the policy by baseline mental health. Poor MH; = 1{i dispensed psy-
chotropic drugs at some point in the pre-period (2011 - 2014)}. Throughout, I cluster

standard-errors at the level of municipality of residence in 2013.

27For more details, see Appendix D.1.

28The formal parallel trends assumption is that the receipt of social assistance by those affected by the policy

would have evolved in the same way as a (purely hypothetical) control group who did not experience the

policy, for every level of baseline mental health (de Chaisemartin and D’Haultfeeuille, 2023; Shahn, 2023).
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I estimate Equation (5.1) for eligible middle-aged couples (ages 45-65), for whom the
policy represents a clean exogenous increase in barriers only. I focus on couples because
the eligibility threshold for single parents was cut in 2015, incentivising reclassification as
single households. The take-up of social assistance pre/post 2015 by younger individuals
is contaminated by inflow from a youth disability program (Wajong), where people with
poor mental health are likely over-represented.” I focus on the eligible because the take-
up responses for this group can be attributed to the change in barriers, not underlying
changes in eligibility.”’ Sensitivity analyses confirm that the findings remain robust across

various specifications and assumptions, as detailed in Section 5.5.

5.2. Main Results. Figure 5 shows the estimates o according to Equation (5.1). The
groups are on parallel trends before the policy announcement, giving confidence to the
identification assumption. 7'

The Participation Act disproportionately screens out people with poor mental health.
The effect starts when the Act is announced, and then is especially pronounced in 2015.

f ap[gfh - ng]H ~ —1p.p. This is com-

The overall difference-in-difference estimate o
parable in magnitude (but opposite sign) to Finkelstein and Notowidigdo (2019) who
estimate that barriers to SNAP in the US screen-out low-earnings potential types 2 per-
centage points less than high-types.

What do we learn from this through the lens of the theory? Section 4 suggests that take-
up levels are roughly equalised on average. Therefore people with poor mental health
have similar average value of benefits net of average cost of ordeals to people with good
mental health. The barrier screening effects estimated show ordeals are more costly for

those with poor mental health.”

PFigure D.5 shows the results when including adults aged 35-45. Although this group is more contami-
nated by Wajong entrants, the results are similar, suggesting the main estimates are not driven by Wajong
entrants.
3The effect holds also for those who are “always-eligible’ (eligible throughout 2011-2020), providing confi-
dence that the main results are not driven by eligibility churn.
3INote: as the policy happens in the aftermath of the GFC, I expect M < 1 in the framework of Rambachan
and Roth (2023). In this case, statistically insignificant pre-trends are meaningful.
32The idea is that Step 1 shows the likelihood of being marginal is similar across types. Therefore, large
heterogeneous barrier screening effects are informative of differences in cost.
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FIGURE 5. Estimates 0; from Equation (5.1) showing the heterogeneous
treatment effects of an increase in ordeals on rate-of-receipt by baseline
mental health. The analysis population is eligible middle-age couples and
poor mental health is defined by prescription of psychopharma in pre-
period. Controls include individual fixed effects, income, education and

muncipality, hh composition and sector fixed effects. The TWFE estimate &
in the regression SA;; = a+n; +v + - 1{t > 2013} x Poor MH, + X/,0 + <
is also shown. Standard-errors are clustered at the level of municipality of
residence in 2013.

5.3. Mechanism. Figure 6 shows the effects on inflow and outflow. Outflow is not me-
chanically zero, the estimates are just tiny and have tight confidence intervals. This shows
that the main results comes exclusively from a deterrence of inflow, aligning with Cook
and East (2024) who suggest work requirements can screen-out individuals at the exten-
sive margin. The disproportionate reduction in inflow for people with poor mental health
(1p.p.) is around 10% of the baseline control mean (see Figure D.2).

The reduction of inflow suggests people with poor mental health are deterred by in-
creased obligations and also from more unpleasant interactions with the municipality,
given incentives to reduce caseload. Qualitative evidence from (Ministerie van SZW,

2022) supports the latter mechanism. The authors state that beneficiaries experience a
26



¢ O y ® @ @ @ @ @ @

0
]

1
l

SA Receipt (%) | Eligible

-2
|

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Year

® Drop Out New Take-Up

FIGURE 6. Estimates 0, from Equation (5.1) showing the heterogeneous
treatment effects of an increase in ordeals on rate-of-receipt by baseline
mental health. Here, I split by inflow (receipt conditional on being ineli-
gible last period), and drop-out (non-receipt conditional on receipt last pe-
riod). The analysis population is eligible middle-age couples and poor men-
tal health is defined by prescription of psychopharma in pre-period. Con-
trols include individual fixed effects, income, education and muncipality,
hh composition and sector fixed effects. The TWFE estimate d in the regres-
sion SA; = a+n; + v + 06 - 1{t > 2013} x Poor MH; + X/,0 + ¢ is also
shown. Standard-errors are clustered at the level of municipality of resi-
dence in 2013.

“feeling of shame” and highlight a “negative tone” from the municipality where “small
event[s] can have major consequences”. This creates “mutual distrust” and “fear” which
creates a “barrier to applying for assistance, even when the need is great”.”> Lack of out-
flow corroborates SCP (2019) who find no effect of the Participation Act on transition into

paid work.

3B Translated from page 8 of Ministerie van SZW (2022). See Appendix D.1 for full quote.
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5.4. Different Mental Health Measures. How do the results compare when mental health
is measured differently or across different disorders? Figure 7 shows that the Partici-
pation Act screens-out those using anti-psychotics twice as much as those using anti-
depressants. Figure 8 shows that the barrier screening effects are more pronounced when
poor mental health is measured by surveyed severe psychological distress. This likely
reflects the fact that the main estimates are a lower-bound since some mental disorders
are not diagnosed. Taking these results together suggests that severity of mental disor-

ders—rather than simply their presence—exacerbates the dis-utility from ordeals.
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FIGURE 7. Estimates ; from Equation (5.1) showing the heterogeneous
treatment effects of an increase in ordeals on rate-of-receipt by baseline
mental health. Here, Poor MH; can now take 3 values: 0 (control), 1
(anti-depressants) or 2 (anti-psychotics). The analysis population is eligible
middle-age couples and poor mental health is defined by prescription of
psychopharma in pre-period. Controls include individual fixed effects, in-
come, education and muncipality, hh composition and sector fixed effects. I
plot the estimate &, " and 4; ¥"*. The TWEE estimate 4°% and " and
in the regression SA;; = o+ n; + ¢ + 0 - 1{t > 2013} x Poor MH, + X/,0 + ¢,
is also shown. Standard-errors are clustered at the level of municipality of
residence in 2013.
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FIGURE 8. Estimates 0, from Equation (5.1) showing the heterogeneous
treatment effects of an increase in ordeals on rate-of-receipt by baseline
mental health. Here, Poor MH,; is defined in 3 ways: dispensations of psy-
chotropic drugs in pre-period, > 0 mental healthcare costs in pre-period,
surveyed severe psychological distress in 2012. The analysis population is
eligible middle-age couples. Controls include individual fixed effects, in-
come, education and muncipality, hh composition and sector fixed effects. I
plot the estimate d; " and 4, ¥, The TWFE estimate °% and 4P/ and
in the regression SA;; = o+ n; +7: + 0 - 1{t > 2013} x Poor MH, + X/,0 +¢;;
is also shown. Standard-errors are clustered at the level of municipality of
residence in 2013.

5.5. Robustness. The main results of Section 5.2 are robust to several threats to identi-
fication. First, the sample consists of couples eligible for social assistance each year, a
population that changes over time due to eligibility churn from income fluctuations and
the inflow of individuals with youth disabilities. This raises concerns that the main result
might be driven by differential take-up rates among new entrants and exiters to eligibility.
However, Figure D.3 shows that the results are consistent for the always-eligible popula-

tion—couples who remain eligible throughg)gut the sampling period, suggesting that the



main results are not driven by differential selection of the newly eligible.”* The point es-
timates being smaller for the always-eligible is unsurprising: these people are less likely
to be on the margin of take-up.

Appendix D presents a formal presentation of the sample-selection issue. Consequently
Figure D.4, which shows that the estimates are virtually unchanged when removing all
time-varying covariates, is further evidence that eligibility flows do not drive the results.

Secondly, there could be contemporaneous policy changes which affect the take-up of
social assistance heterogeneously by mental health. One threat is a reform to the struc-
turing of long-term care (WMO) (Kromhout et al., 2018). The remit of home support for
people with mental health issues was changed to be under the remit of municipalities
starting in 2015. Figure D.6 shows the WMO reform does not drive the results.

The main results are not driven by inflow from Wajong (an income-support program for
those experiencing disability shocks before age 18), which merged into the Participation
Act in 2015. My sample restricts to individuals above age 45 to conservatively exclude
those who might have transitioned from Wajong to social assistance. The only way this
group could contaminate the sample is if they experienced a disability shock at 18, did
not take up Wajong, survived without income support until age 45, and then opted for
social assistance. Figure D.5 shows that the estimates are unchanged when including
adults aged 35-45, confirming that the age restriction effectively controls for the potential
contamination.

Thirdly, the Participation Act could have affected people with poor and good mental
health differently due to its differential implementation, particularly the change in how
eligibility was calculated based on household composition. To control for this, I include
flexible controls for household size, and Figure D.4 shows that this does not drive the
results.

Fourth, a concern is that the observed heterogeneous treatment effects could be due
to pre-existing differences in take-up rates, rather than baseline mental health. However,
when splitting the poor mental health group into subgroups—moderate (anti-depressants

and anti-anxiety) and severe (anti-psychotics)—we find that both groups’ take-up rates

3While this may seem like a stark restriction, 25% of the eligible are always-eligible.
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diverge from the good mental health group after 2015. Prior to 2015, the severely poor
mental health group had lower receipt levels to the good mental health group, support-
ing the hypothesis that mental health differentially affects responses to barriers, and not
simply pre-policy take-up levels.

The groups are defined based on pre-period dispensations, so we might worry that
the §’s are capturing the effect of mental health treatment on social assistance receipt.
However, Figure 8 shows that results when defining poor mental health based on self-
reported symptoms, not prescriptions, are even stronger. Additionally, Figure D.7 shows
that people dispensed drugs exhibit significantly worse mental health both before and
after dispensation, with scores consistently above the threshold for moderate mental ill-
ness.

A related concern might be that the results could reflect long-term positive effects on
social assistance take-up following a mental health shock. However, Figure D.8 shows
that even when mental health is defined after the policy, there is a noticeable drop in /3
in 2014 that persists over time. Additionally, Figure D.9 presents similar findings when
poor mental health is defined as continuous psychopharma dispensations in all years
from 2011 to 2020 (compared to none in any year). This group likely suffers from chronic
mental illness, reinforcing confidence that the main results are not merely capturing the

effects of a one-time mental health shock.?

6. BENEFIT TAKE-UP EFFECTS

In the final empirical part of the paper, I estimate the take-up response to exogenous
variation in benefits. This quantity is informative of need for social assistance by revealed-
preference. I leverage quasi-experimental variation in the benefit-level coming from the
kinked benefits schedule as a function of income, using a fuzzy regression kink design
(RKD) as in Card et al. (2015). The statutory benefits schedule is displayed in Figure 9.

Before diving into the details of identification, Figure 10 shows non-parametric evi-
dence of the behavioural response to a change in benefit level by poor vs good mental
SOverall, these findings suggest that being prescribed psychopharma at any point is a consistent indicator
of mental health status, which remains significantly worse than the good mental health group throughout

the study period.
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0 Threshold = y
Income =Y

FIGURE 9. Benefits schedule as a function of income

health. The figure indicates that people suffering from mental disorders take-up more in
response to increasing benefit-levels than those with good mental health. I plot take-up
within monthly income slice, which diverges starkly at the threshold for poor vs good
mental health.”

People with income above the threshold take-up primarily due to measurement error:
some sources of income do not count towards the eligibility threshold. Therefore, I need
to calculate the income concept used to determine eligibility. This Y, differs from Yirue
because (a) some income information (e.g. from other benefits) is only recorded yearly, yet
eligibility determined monthly. Unemployment spells are imputed. (b) Y is aggregated to
the family level. Recall that familes are 1 or 2 adults (+ kids) who live together and share
costs. Cost-sharing is unobservable / subject to case-worker discretion. Y, is observed

for the selected sample: social assistance recipients.

%Granular analysis is critical - hence the switch to monthly data. We can reconcile the findings in Figure 10
with the small difference in average take-up levels estimated in Section 4 by recognizing that the overall
results are largely driven by the 75% of eligible individuals who do not work. The RKD, however, is a LATE
capture effects locally around the eligibility threshold.
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FIGURE 10. Average rate of receipt within income slice in a large window of
income either side of the eligibility threshold. Income in this plot is monthly.
Poor mental health is defined as receiving psychopharma in the year pre-
viously. The sample contains single employees, years 2011-2014. See Sec-
tion 6.1.2 for details on sample restrictions.

To minimise attenuation from measurement error, I focus on single employees.”” The
data contain monthly income information for employees—so minimises error due to (a)
and singles are immune from issues in (b). The result of these restrictions is minimal
measurement error: Figure E.1 shows a histogram of Yiue — Y for the analysis pop-
ulation of the RKD. Y} is of course negatively selected for recipients, so we expect the
distribution to be left-skewed. Measurement error has significant mass around 0 and both

mean and median are small (-29EUR, 7EUR respectively).

6.1. Identification.

3Details of the estimation are in Appendix E. Around the threshold, couples are significantly mismeasured
because I cannot observe which adults live together as part of a family and which don’t. This does not
drive the barrier screening effects. Figure D.10 shows that the results remain the same when focusing on
individuals away from the threshold. Unfortunately, this does mean that internal validity concerns restrict
the samples differently for barrier screening and benefit take-up effects. This does not affect results about
relative need and cost by mental health, as discussed in Section 7.
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dP[SA]

6.1.1. Theory. Figure 10 measures == for income y. In order to retrieve the take-up

response de[gA} , we need to re-scale by 1/ %. The statutory benefits schedule would imply
4B — _1 below threshold, and 0 above.

dy
There is a challenge: municipalities can deviate from the policy formula through in-

come exemptions - some or all of y is ignored when calculating B. Appendix E.1 sets
out my theoretical approach to impute the ex-ante benefits schedule (i.e. the expected
benefits a potential applicant is eligible for conditional on their income) accounting for
exemptions. Figure E.3 shows the results.

The imputation process is not perfect: it measures the ex-ante benefits schedule with
error. Let B* be the imputed (mis-measured) version of B: B* £ B + Ug. As discussed
above, Y is also measured with error: Y* £ Y + Uy. Therefore, I use a fuzzy RKD speci-
fication (Card et al., 2015). Proposition E.1 shows that a fuzzy RKD estimates a weighted

average of marginal effects of B on P[SA].

6.1.2. Estimation. 1 estimate a standard fuzzy RKD specification, using local linear re-
gression. I use a Calonico et al. (2014) robust bandwidth of €80, estimated separately for
people who are (/not) dispensed psychotropic drugs in the year previously (poor/good
mental health, respectively). The IV estimate ’?—11 measures %. Standard-errors are

clustered at the municipality level.”®

SAit =+ ﬁo . (yz*t — 3]1) + 51 . min{y;‘t — gj,», 0} + Eit (Reduced Form)

Bj, =+ 6o - (y5; — %) + 01 - min{yj; — 7s,0} + 0 (First Stage)

Support for Identification Assumptions: The key identification assumption is that there
is no manipulation of income around the threshold. Figure 11 and Figure E.6 shows
no evidence for strategic income targeting around the eligibility threshold: McCrary
(2008) tests with seventh-order polynomials show no statistically significant bunching.
Although the threshold equals the full-time monthly minimum wage, the sample works

much less than full-time (around 100 hours per month) and income used for eligibility

38500 Appendix E.2 for more details.
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does not only come from labour. Adjustment frictions are likely a key reason for lack-of-
bunching (Kleven, 2016).
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FIGURE 11. Density of income around the eligibility threshold. McCrary
(2008) tests for discontinuity in levels and slopes around the threshold are
shown. Income is monthly. Poor mental health is defined as receiving psy-
chopharma in the year previously. The sample contains singles employees,
years 2011-2014. See Section 6.1.2 for details on sample restrictions.

6.2. Main Results. First, I pool people with good and poor mental health together. Fig-
ure E.12 shows that employees react significantly to the quasi-experimental variation in
benefit-level. I estimate 3; = —0.0338 which translates to take-up increasing by ~ 3.4p.p.
for a €100 increase in the benefit level.

People with mental disorders have a significantly larger take-up response to a change
in benefits than those with good mental health. The results are shown in Figure 12. I esti-
mate (Bl i, B ) = (0.0263,0.0819). Measurement error is uncorrelated with mental health
status - there is no statistically distinguishable difference in the slope above the threshold
between good and poor mental health. Using the first stage in Figure E.3 to re-scale the
& —0.824and |2 — 0.280.

o1 i| Poor MH 91 i| Good MH
As shown in Figure E.8, such a stark difference between poor and good mental health is

above reduced-form, we obtain IV estimates[

potentially due to selection on other observables. Including a rich set of controls does not

meaningfully change the findings. With controls, people with poor mental health to react
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FIGURE 12. Average rate of receipt within income slice in a small win-
dow of income either side of the eligibility threshold. Income in this plot
is monthly. Poor mental health is defined as receiving psychopharma in
the year previously. The sample contains singles employees, years 2011-
2014. See Section 6.1.2 for details on sample restrictions. Regression lines
are shown following Section 6.1.2, as well as estimated change in slopes
from the regression kink design. Standard-errors are clustered at the mu-
nicipality level.

twice as much to a change in benefits than those with good mental health. The full set of

reduced-form and IV estimates (with and without controls) are contained in Table E.1.

OP[SAlY =] _ {(Jg%(.)(?(%u p-p- for Good MH 61)
0B .

0.065 ]p.p. for Poor MH

[0.037,0.093

with an implied elasticity of 0.29, 0.76 respectively. These elasticities lie at the lower
(/upper) end of range of previously estimated take-up elasticities of social insurance for
good (/poor) mental health respectively (Krueger and Meyer, 2002; McGarry, 1996). The

elasticity for poor mental health is more than double that of good mental health.
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6.2.1. Robustness. 1 assess the credibility of the design with standard robustness analyses
whose results are described in Appendix E.6. Figure E.7 shows no strong evidence of
selection along observable characteristics around the kink. While there is statistically dis-
tinguishable selection for poor mental health, Table E.1 shows that the addition of a rich
set of covariates does not meaningfully affect the results. Figure E.10 displays a permuta-
tion test (Ganong and Jager, 2018), and shows no evidence for worrying non-linearities.
Figure E.10 and Figure E.11 explore sensitivity of the results to different bandwidths. Es-
timates are quite robust to lower bandwidths overall, and point estimates do not vary

much in the heterogeneous case despite the confidence intervals overlapping with lower

bandwidths.

6.3. Mechanisms. Why do people with poor mental health react more to a change in ben-
efits, conditional on having the same income? Similarly to Section 5, this larger sensitivity
despite similar average take-up levels reflects higher need, i.e. a larger marginal value of
income from social assistance. There are two main reasons why this might be the case.

First, cash transfers improve mental health (Haushofer et al., 2020). If people with poor
mental health anticipate the protective effect of social assistance income on their mental
health, it could cause them to value €1 more than people with good mental health and
thus have a higher behavioural response.

However, I find no strong support for this mechanism in my setting. The reduced-
form RKD induces exogenous variation in social assistance receipt, which I then regress
future psychotropic drug dispensations on to estimate 2. Figure F.1 shows null results.
I cannot rule out social assistance improving mental health,” but it does not seem to
be the main driver. This is perhaps not surprising - (Solmi et al., 2022) find that many
mental illnesses start early in life - before people might enter my analysis sample. Miller
and Bairoliya (2023); Silver and Zhang (2022) also do not find strong evidence that cash
improves mental health.

Instead, I interpret these results through the psychology literature studying mental dis-

orders. This literature often refers to the impairment of everyday functioning as a key

mechanism in the difficulties this population face. Of course, the cognitive burden of

FThe descriptive results of Section 4 where the point estimate on the correlation test increases when con-

trolling for lagged social assistance receipt.
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mental illness, including effects on information processing, attention, memory and execu-
tive function can clearly hinder psycho-social functioning (Kessler et al., 2003; Evans et al.,
2014). Mental disorders can also affect everyday functioning through impaired emotion
regulation - this can affect work, relationships and self-image (Gross and Mufoz, 1995).
The cognitive burden and emotion resilience tax imposed by mental disorders seem-
ingly increases the difficulty handling common everyday stressors amongst the low-income
population, thus increasing the value of support.”’ This idea aligns closely with Amartya

s

Sen’s “capabilities approach” (Sen, 1999, 2008); people with poor mental health need more
income to get by.

Perhaps most interestingly, this higher need is estimated through revealed-preference.
Not only do people with poor mental health need benefits more, they think that they need
benefits more. This suggests that impaired functioning seems to dominate anhedonia and
other psychological mechanisms lowering the perceived value of help. If anything, this

is likely an under-estimate of true need given pessimism characterises depression, one of

the most common mental disorders.*'

7. CALIBRATION OF WELFARE EFFECTS

In this section, I use the empirical results of Section 4, Section 5 and Section 6 to quan-
tify need for benefits and cost of overcoming barriers, heterogeneously by mental health.
These key primitives are important determinants to the effectiveness social assistance
targeting using barriers. For example, I calculate the welfare effects derived in Proposi-
tion 2.1. To be clear, this is not the only way of measuring effectiveness. However any
measure will need to trade-off the differential need for benefits by people with poor men-
tal health against differential cost of overcoming barriers.

The sufficient statistics for these welfare effects are need (vj), cost (x}), benefit take-up

effects <%> and barrier screening effects (%).

“ndeed, people with poor mental health work less than those without, and limits on earnings capacity
are indicative of higher marginal utility of benefits (Deshpande and Lockwood, 2022). An economic model
of scarcity would resonate closely with this interpretation (Mullainathan and Shafir, 2013). Given limited
mental resources, people with poor mental health will have a higher value of releasing resources through
additional money compared to people with good mental health with the same initial income.
11 return to bias in Section 7.

38



7.1. Quantifying Sufficient Statistics. For the calibration, I assume 6 € {L, H}: mental
health is either poor or good. Throughout the empirical sections, I examine take-up con-
ditional on eligibility. However, welfare-estimates should reflect the general population
- for example because the government budget constraint should reflect the fact that the
ineligible fund benefits for the recipients, and not the eligible non-takers. Appendix F.1
shows how to rescale take-up levels and responses estimated on the eligible to reflect the

overall population.

7.1.1. Identifying Need and Cost. 1 employ the three-step identification method set out in
Section 2.3.1. Appendix F.2 shows the full set of results of this calibration. First, Section 4
shows no meaningful difference in average take-up levels conditional on eligibility be-
tween poor and good mental health. Therefore, I apply the special case of Step 1, where

equalized take-up levels implies equalized likelihood of being at the margin of take-up.

fa('UL - HL) = fa(UH - HH)

This result reflects the fact that average value net of cost seems to be roughly the same
across mental health states. However, this does not necessarily pin down marginal value
(need) - nor does it separate between need and cost.

First, I normalize vj; = 1. As discussed in Step 2, this effectively scales need by the
willingness-to-pay for €1 amongst people with good mental health. Moreover, it means
that the benefit take-up response for people with good mental health measures f.(vy —

kg ). In Section 6, | estimate W[SA]H = fe(vg — kg) = 0.00028.

Need: Therefore, I apply Step 2 and divide the benefit take-up response for people with

felvL—rr) _

poor mental health by the response for good mental health. The above implies £==—=15 =

1. This, combined with v}, = 1 shows that need for benefits for people with poor men-
tal health is revealed as the relative benefit take-up response for this group. I estimate
amg_;]L = 0.00065, which therefore implies v} = 2.3.

These estimates suggest that people with poor mental health have more than twice as
high a marginal value of additional income (need) versus those with good mental health.

The differences are not explained by differences in income, as the regression kink design

IP[S Ay

estimates 5B

conditional on income being equal to the eligibility threshold for both
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groups. This implies a strong redistributive motive towards people with poor mental
health. Moreover, need is revealed from behaviour, suggesting that policy instruments to
transfer income to those with poor mental health can be effective in practice.

The fact that people with poor mental health need money more, but take-up at the same

rate as those with good mental health suggests they are inefficiently excluded from social
assistance by barriers.
Cost: Finally, I use the difference-in-differences results of Section 5 to calibrate x;(A). I use
the raw descriptive drop in inflow for people with good mental health (see Figure D.2)
to calibrate ap[g_f],{ = —0.014. The main results of Section 5 thus imply ‘w[g—AA]L = —0.023.
I then apply Step 3 of the identification method. Effectively, this combines these results
with f.(vp, — k1) = f-(vg — k) = 0.00028, and implies that that %, = 79 and 7 = 130.

These quantities imply ordeals impose a 65% higher cost on those suffering from men-
tal disorders relative to people with good mental health. This suggests that although

governments have an incentive to redistribute money towards people with poor mental

health, barriers to access are a costly way target.

7.1.2. The Role of Bias. What if individuals are biased? In this case, take-up responses
reflect perceived need and cost, rather than true need or cost. On the cost side, the base-
line model suggests substantial out-screening by barriers reveals large costs for the infra-
marginals, but in reality «j calibrated above can be thought of “as-if” costs of barriers
(Goldin and Reck, 2022) which could differ from the truth. The costs are revealed by
a policy which intensified obligations and increased unpleasant and stigmatising inter-
actions with the municipality, who had a larger remit to impose sanctions. The policy
disproportionately deters people with poor mental health from flowing-in to the benefit.
Outflow does not change differentially.

These findings imply that perceived costs may overestimate actual costs. While the
psychological impact of fear and shame, as discussed by Ministerie van SZW (2022), is
likely non-negligible, the absence of differential outflow suggests that compliance costs
from obligations may be over-stated. Thus, while barriers could actually target well, wel-

fare outcomes hinge critically on the extent to which perceived costs diverge from true
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costs. I formalize this argument in the following section for the specific policy experi-
ment studied, following Naik and Reck (2024).

On the need-side, pessimism is a common symptom of depression (Alloy and Ahrens,
1987), a common mental disorder. This suggests that the disproportionate perceived need
for people with poor mental health is likely an under-estimate. Bias likely only increases

the welfare effects of redistributing income to people with poor mental health.

7.2. Quantifying Welfare Effects. In this section, I calibrate the welfare effects of mar-
ginal changes in benefits and barriers as a function of the sufficient statistics. In the
data, the prevalence of poor mental health conditional on eligibility is (L) = 0.25. I
set P[SA|, = P[SA]y = 0.6. I start from the baseline case of no social welfare preference
for poor mental health. The tax rate 7 ~ 37%. This means that the heterogeneous monthly

SA=0 _

net fiscal externalities F'Ey = 7(y y54=1) + (1 — 7) B are, on average:

FE, = 0.37 x (€512.22 — €331.27) 4 (1 — 0.63) x €972.22 = €679.45 (7.1)

FEp = 0.37 x (€574.29 — €390.95) + (1 — 0.63) x €916.29 = €645.09 (7.2)

The fiscal externality of inducing someone with poor mental health to apply is larger
than for good mental health. This is driven by people with poor mental health also re-
ceive more benefits than those with good mental health - mostly driven by the fact that

PA4=0 ~ y94=0 comes from

they earn less when on social assistance. Here, the fact that y
restricting to the eligible population. Intuitively, the change in policy induces the eligi-
ble to change their take-up rather than the ineligible. If we were to focus on the general

population, FEy > FEy, as y7470 < yi*=0.

7.2.1. MVPFs of Ordeals and Benefits. For the calibration, I recast welfare effects in terms
of the Marginal Value of Public Funds (MVPF) (Hendren and Sprung-Keyser, 2020). This
is defined as the willingness-to-pay for a policy change divided by the cost to the govern-

ment’s budget constraint. I estimate MV PF's for barrier and benefit changes.
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In the baseline case, I follow Hendren and Sprung-Keyser (2020) and write the direct
effects of policy changes in terms of each type’s own willingness-to-pay. This money-
metric social welfare function has the advantage of having interpretable units (€’s) for
inter-personal utility comparisons. However, it does not capture any heterogeneity in
marginal value of income across types - a factor which is crucial in this context. Proposi-

tion A.1 derives the formula for the MVPF of a change in barriers as:

Direct Effect <0
7\

—/P[SA]G : vZ(B) dp
OP[SA]
| P S

N J/

Behavioral Revenue Effect <0

MV PF4\ =

In the numerator, the direct costs of ordeals are rescaled by need so that they are mea-
sured in €’s. I estimate these quantities on the eligible population but aim to extrapolate
to the general population, as shown in Proposition F.1. For the numerator, this requires
integrating against the conditional density of mental health for the eligible. For the de-
nominator, we rescale the eligible take-up response by a constant for each 6, representing
“effective eligibility.” The intuition is that we must adjust for baseline incomplete take-up
and the fact that some ineligible individuals may be on the margin of take-up, as they
could be just indifferent between earning slightly above the threshold or below it to qual-

ify for social assistance.

—0.6 x £ x 0.25 — 0.6 x 22 x 0.75

MV PF\ =

i T
679.45 x 0.25 x (—0.023 645.00 x 0.75 x (~0.014
X 025 (Z0.023) X 756 hgo7 X075 (001 X T homa
Effective TETigibility L Effective Eﬁgibility "
—~1.88

An MV PFy, of 1.88 means that ordeals impose a direct cost of €1.88 on infra-marginals
for every €1 saved by the government through lower take-up. MV PF;, >> 1 suggests that
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dA is a costly way to raise government revenue. Notice the money-metric barrier costs of
people with poor mental health are €56.4, whereas €79 for good mental health. However,
€1 is more than twice as valuable to the person struggling with a mental disorder - which
means that the monetary cost does not reflect the much greater dis-utility imposed by
ordeals on individuals with mental illness.

Proposition A.1 derives the formula for the MVPF of a change in benefits as follows,
again extrapolating from the eligible population. An MV PF;p < 1is to be expected since
social assistance is a re-distributive program. It means means that beneficiaries gain 81
cents for every €1 spent raising the benefit level. The estimated value lies in the range

surveyed by Hendren and Sprung-Keyser (2020).

Direct Effect >0

/'P[SA]G dp

MV PFEFyp =

OP[SA
(I—7)- /IP’[SA]g du+ /FE(; : Mdu
0B
Mechanical Revtnue Effect >0 Behavioral Re;gnue Effect >0
0.6 x0.254+0.6x1x0.75
MV PEFp = 0.00065 0.00028
0.63 x (0.6 x 0.25 + 0.6 x 0.73) + 679.45 x 0.25 x —C00065_"1 (45 (09 x (.75 x 0000 _
~ (0.82

Comparing MV PFy;, to MV PFyp suggests that reducing ordeals is a 2.1x more ef-
fective policy than increasing benefits.”> The comparison characterises the welfare effects
derived in proposition 2.1 and suggests that the government would actually reduce ben-
efit levels to finance a reduction in take-up barriers.

I find that people with poor mental health have twice the need than those with good
mental health, but a 65% higher cost. Why, then, does reducing barriers dominate in-
creasing benefits? The reason is that poor targeting through barriers actually reduces the
effectiveness of increasing benefits. Social assistance is poorly targeted on average, since

take-up is similar across mental health states. This makes d 5 costly as it redistributes to all

#2Note that the social marginal utility of the beneficiaries of the two policies should be taken into account
when comparing the MV PF’s (Hendren, 2016). In Appendix F, I show that the social marginal utility of
beneficiaries of dB is 1.36 and of dA = 1.27
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infra-marginal individuals. If people with good mental health had a much lower take-up

rate, MV PF,;5 would be higher.43

7.2.2. The Role of Bias. Consider the case that individuals are biased, and perceive barrier
costs to be larger than their true value. Namely, let a share v of the as-if cost revealed
through take-up responses be a true cost, and 1 — ¢ pure hassle costs (which affect be-
haviour and not welfare). In this model, take-up is too low relative to the private opti-
mum. Therefore, the MV PF,, scales down the direct cost of barriers by a factor ¢, but
also includes a negative behavioural welfare effect x(1 — ) since individuals are not
privately-optimizing so the Envelope Theorem does not hold. MV PF;5 now contains a
new term in the numerator - namely an internality correction x (1 — ) as increasing ben-
efits helps individuals take-up closer to their private optimum. Appendix F shows the
formulae.

When we calibrate these using the sufficient statistics estimated above, we find that the
government must be confident that less than 44% of the perceived costs are true welfare
costs in order to reverse the MV PFyy > MV PF,p. Here, I take the approach of Naik and
Reck (2024): if revealed preference does not hold, the government does not know how
much behaviour reflects true welfare. However, policies still need to be set. In this case, it
is optimal for the government to choose policies which are robust to normative ambiguity.
The result states that reducing barriers being more effective than increasing benefits is
robust as long as more than 44% of the as-if costs are normatively relevant. Similarly,
as long as pessimism is weak enough such that perceived need is not below 44% of true

need, barriers are more effective than benefits.

7.2.3. Relaxing other Assumptions. 1 conclude with a discussion of two key identification
assumptions, how to relax them through the use of additional structure and the effect

this has on welfare consequences. The two key modelling assumptions are (i) Take-up

#These MV PFs do not directly capture redistribution as social welfare is money-metric. If I calculate
MYV PF’s where the numerator is written using utilitarian social welfare functions, I set social welfare-
weights to correspond to the marginal value of income A\g = vj(B). This effectively writes the numera-
tors in constant units of people with good mental health’s WTP for €1. Then, MV PFiilitarian — 2 36 and
MV PFyfilitarian — 1 09, The latter being above 1 highlights the redistributive motive.
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depends on an additive independent choice shock, (ii) P[Marginal to Barrier Change], =
P[Marginal to Benefits Change|,. For full details, see Appendix F.3.

(i) Relaxing independence involves adopting models from Rafkin et al. (2023) or Finkel-
stein and Notowidigdo (2019) where vy(B) is independent of # conditional on income.
These models do not fit my context appropriately because they would imply that people
with poor mental health have an easier time overcoming barriers, and are substantially
less pessimistic about the benefit level. Both of these results contradict psychological evi-
dence (Martin et al., 2023b; Evans et al., 2014; Alloy and Ahrens, 1987).

(ii) For internal validity, I focus on subsamples in Section 5 and Section 6 which are
different and call into question the extent to which marginal take-up responses can be
compared. However, Step 2 of the 3-step identification Section 2.3.1 can be applied sep-
arately to the two policy designs. Therefore, people with poor mental health having a
relatively 2x higher need and a relatively 65% higher cost does not rely on assumption
(ii). (ii) is relevant for the comparison between need and cost within-individuals. 1 show
in Appendix E3 that relaxing (ii) through additional structure on the take-up equation
suggests that P[Marginal to Barrier Change], < P[Marginal to Benefits Changely. This
suggests that ordeal costs are a lower-bound and pushes further in favour of reducing bar-

riers over increasing benefits.

8. CONCLUSION

This paper shows that people with poor mental health are high-need, yet inefficiently
excluded from low-income welfare assistance due to high cost of overcoming barriers. I
use a theoretical framework to show how to disentangle need for benefits and cost of bar-
riers using take-up levels and how take-up responds to changes in benefits and barriers.
Empirically, I use Dutch administrative data containing detailed information on social
assistance take-up and mental health.

Descriptively, while people with poor mental health are three times more likely to be el-
igible for low-income benefits, conditional on eligibility, they take-up at around the same
rate as those with good mental health. A policy which increases barriers disproportion-

ately screens out those with poor mental health, while they also take-up more in response
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to a change in benefits. This is identified with a regression kink design on the kinked
benefits schedule. Combining theory and empirics shows that reducing barriers is twice

as effective as increasing benefits.

Future work: As mentioned in Section 7, the policy recommendations depend on whether
costs of overcoming barriers are true welfare costs, or just hassle costs which affect be-
haviour and not welfare. Therefore, in future work I plan to elicit behavioural biases for
people with poor mental health and use this quantification to determine optimal policy.

Moreover, throughout I have assumed a static model where mental health is not di-
rectly affected by ordeals. This simplification could mean that my estimates of the wel-
fare effect of a change in ordeals is underestimated because barriers likely worsen mental
health directly (Brewer et al., 2022). In this context, mental health is unique, for example
in comparison to income or education, because of its potential to respond to aspects of
the take-up environment.

Due to these issues, work in progress calibrates a dynamic structural model of evolving
mental health type affecting and responding to receipt of social assistance. Through this
exercise, I aim to quantify the discrepancies between welfare effects under a static model
with those under a dynamic setup. For example, people with poor mental health are
more likely to be screened out. If this directly worsens their mental health, there would
be evidence of a psychological poverty trap (Haushofer, 2019; Ridley et al., 2020) which
could decrease welfare effects.

Finally, the theoretical framework described above is designed for analysing the tar-
geting of social assistance, however can easily be applied to study the welfare conse-
quences of people with poor mental health being screened out of other programs. One
program of particular relevance is mental healthcare itself. There is evidence of forgoing
mental health treatment by people with serious mental disorders. For example, Cronin
et al. (2024) develop a discrete choice model which suggests that people with poor mental
health could have increased psychological cost of talk therapy, despite needing it more,
which could cause them to forgo. My framework can be applied to evaluate the wel-
fare consequences of this, and determine whether those suffering from mental disorders

take-up mental healthcare at the optimum rate. Work is underway along these lines.
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APPENDIX A. THEORY APPENDIX

Let 0 have a type-specific indirect utility functions: uy(c, y) is increasing in consumption
c and decreasing in earned income y. Income depends on take-up but is fixed otherwise:**
let y; =" refer to income earned if on social assistance and ;4= if not. All income (in-

cluding benefits) is taxed at marginal tax rate 7. Thus, vy(B) is given by:

vo(B) Zug (1 —7) [ + Bl ,ys™™") —ue (1 —7) - 45", 5"7°)  (AD)

Thus, value is the net-utility gain from social assistance and comes from two main
sources. First, if y54=° < y74=1 + B, 0 derives utility from the top-up in consumption
(1 —7)y"4=0 = (1 — 1) - [y5*=" + B]. Second, if y¥4=! < y*4=0, § also derives value from
a lowered cost of working when supported by social assistance. Importantly, heteroge-
neous value across types does not only come from different y,, the utility functions u4 also
differ.

Note that eligibility then is defined as y < i where y = SA - y¥4=1 4 (1 — SA) - y54=0.

Proof of Proposition 2.1. Social welfare is defined as follows.

W = /)\QZ/[Qdu

9 + 9% . 98 and using the Leibniz rule to differentiate un-

Using the chain rule: 4% =
der the integral gives Equation (2.5). Here, the Envelope Theorem implies the behavioural

welfare effect is 0. For example,

dUy _ d /60 [vg(B) — kg(A) — €] dF(e)

AN dA )
de} o
= 2n [wo(B) —red) — <]+ /_ _[ra(M]dF(e)

=0by defn of ¢},

#The assumption of no labour supply responses follows Finkelstein and Notowidigdo (2019) and simpli-
fies the theoretical analysis. In the Netherlands, social assistance tops income up to a social minimum.
Therefore, conditional on receipt, income ~ 0 for many people. This means that the decision in practice
can be reasonably approximated to take-up SA (and earn low/no income) vs do not take-up SA (and earn
income).
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The above step is the Envelope Theorem at work.
= —ry(A) - F'(ep)
Similarly, 2% = v)(B) - F(c}). Therefore:
B

I ko(A) | dp

%;:Ammmww»

Let G be the government’s budget. Budget neutrality implies ¢ = 0. Using the chain

and Leibniz rule again, and dropping 6 subscripts:

aG SA=0 _  SA=1 _ OP[SA] SA=0 _  SA=1 _ OP[SA] aB
= [ =y s 1B EEE L [ -y - ) ) SR
dB
+(1-71) -IP’[SA]-d—Adu:O
Rearranging gives Equation (2.6). O

A.1. MVPF Formulae. The MVPF measures the ratio of the direct welfare effect to ben-
eficiaries of a policy, divided by the cost to the government. Direct welfare effects are
written in the units of each types” willingness-to-pay. Hendren and Sprung-Keyser (2020)
show that the composite policy increasing A (5 adjusts) is social-welfare improving, if the
gains from increasing spending on dB exceed the losses from reducing spending through
an increase dA.

Let 79 denote each individual’s social marginal utility of income. Therefore, 79 = g - vj:
social marginal utility is equal to social marginal welfare weight x individual marginal
utility of income. Let WT'P} = e . % be 0’s willingness-to-pay for a policy P: the direct

welfare effect divided by the marginal utility of income.

Proposition A.1. (Hendren and Sprung-Keyser, 2020) Let np be the average social marginal
utility of the beneficiaries a policy P:

_ WTPFP

p— _— A.2
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The composite policy experiment of a budget-neutral increase in A financing an increase in B is

good for welfare W' iff:

Nag - MV PFqp > flan - MV PFyp (A.3)
where:
Nig = / nodp (A.4)
_ Ky /v,
— 90 g A5
TldA /nafﬁ'e/védﬂ 1% ( )

and the MVPF of an increase in ordeals is given by Equation (A.6).

Direct Effect <0

~ ™~

!
A
- [ra-Bisaly - 220
MV PFEy, = 0 (A.6)
/ g OPISAl
0" TN H
Behavioral Re;ernue Effect <0
and the MV PF of an increase in benefit level is given by Equation (A.7).
Direct Effect >0
/)\9 . ]P[SA]@ du
MV PFy; = (A7)
PSA
(1—7)-/P[SA]9 d,u—l—/FEg' mdu
0B
Mechanical R;z;znue Effect >0 Behavioral Re;;nue Effect >0

The direct effect of an increase in ordeals dA is that it imposes dis-utility on infra-
marginal individuals x;. Written in terms of € cost, this is % Increasing barriers saves
the government money through lower take-up, corresponding to the denominator. The
direct effect of an increase in benefit level dB is that it transfers €1 of benefits to all infra-
marginal individuals. The government has to pay for the mechanical extra program cost,
as well as the new-entrants. See Appendix F.1 for how to calculate these formulas when

sufficient statistics are estimated on the eligible population.
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Proof of Proposition A.1. From the proof of Proposition 2.1,

%_VX _ / NP[S Alprldy (A.8)
e;_vg = [ NP[SAJpupdp (A.9)
g_i — | FE,. 81@[;;(”96[“ (A.10)
g_g =(1—r71) /IP’[SA]e dp + /FE Wgﬂ"du (A.11)

The first two equations follow by the Envelope theorem, as in the proof of Proposition 2.1.

Dividing yields the MVPF formulas.
O

Proof of 22. P[SA], = P[SA]y ande L 0 implies F, (v, (B)—kL(A)) = F.(va(B)—ru(A)) =
’UL(B) — HL<A) = UH(B) — HH(A) — fE(UL(B> — KJL(A)) = fg('UH(B) — K,H(A))
Therefore, w <0 = kKL(A) > K'(A). Under linearity xg(A) = kg - A, this

then implies v, (B) > vy (B). O

A.2. Identification. In this section, I set out how to identify the relationship between
f-(vg — Kg) across types using take-up levels and a first-order Taylor approximation. The
key case is when P[S Ay # P[SA|;. For argument’s sake - suppose that we are considering
two types 0 = L, H.

This proposition requires some additional structure:

Let indirect utility uy(c,y) = vp - ¢ — 797 - (%) 1+1/6: quasi-linear utility with scaling
factor v—denoting the marginal value of income-and isoelastic disutility of labour, as in
e.g. Kleven (2016). Individuals then differ based on their value of money, and their ability
ng. For simplicity, Frisch elasticities are the same across types. In this case, y°4=0 =

argmaxu ((1 —7)y,y) =n-v- (1 —7)°% Suppose also that k(A) = k; - A + ko. Therefore,

SA=1 = u((l=7)- (B+y™"7),y™"7") = r- At mo—e = u ((1 =)y~ y™)
(A12)

Then:
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Proposition A.2. Identification of f, = f.(v, — k1) in terms of fu = f.(vy — ky) is given by:

(- OP[SAl,  OP[SAL\ [ fu
IP[SA]L—IP’[SA}HN(\II Sm AT )-<f—H—1) (A.13)

SA=0 (ySA=1)1+1/e

1+e (ySA:O)l/e(l-i-e)'

where ¥ = B + ¢y%4=1 — ¥

SA|L

Note that if the LHS = 0, the RHS will imply that f;, = fy aslongas ¥ apfg 2 #* Aa]P)[a <

Proof.
v(B) = u (1= 7) - (B + 35471 y54=1) — g (1 — 7)y54=0, y54=0)
First, by Taylor’s theorem:

]P)[SA]L — ]P)[SA]H = F(UL — HL) — F(UH — KH) ~ [UL — Vg — (/{L — KH)] . f(UH — I{H)
fu

Goal: approximate v, — vy and x;, — kg using take-up responses to changes in B and A.

Given the structural assumptions, v(B) = v - (1 — 7){B + y°4=1 — y54=0} — e
_ 1+1/e _ 1+1/6
(ysi 1> e (ysz 0) . But since y*4=" = n - v - (1 — 7)¢, this means:
SA—0 SA=1\1+1/e
v(B)=v-(1—-7)-¢B+y54=" — L - £ 13 (A.14)
l+e (ySA=0)l/e1 4

-

2y

Note that: v'(B) = v - (1 — 7) in this setting. Finally, I assume x(A) = k; - A + ko where

k1 = k'(A). To match the empirical application, assume income is fixed across types.

F(vp = k) = Fvg — k) = [(Vi(B) = vy(B)) - ¥ — (KL(A) — k() - A = Ako] - fu
_ <8IP’[SA]L fu 8IP[SA]H) -

0B fi OB
+<8P[SA]L fu (9IP>[SA]H).

oN 1y I

by Equations (2.8) and (2.9) and where o = f5-Ak. Note that when the LHS = 0, we know
that f;, = fy. Therefore, a = (aMS Al 9Pl ) W+ <8P[SA}L — 9Bl5AIn > - A. Rearranging

OB OB ON ON
gives Equation (A.13).

U
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APPENDIX B. CONTEXT AND DATA

This section contains summary statistics about the data - comparing the general popu-
lation to those eligible for social assistance. Pseudocode for my calculation of eligibility is

presented in Appendix B.1

550k
|
90k
|
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|
80k
|

70k
|

Working-age SA Recipients (#)
450k
60k
!

400k
!
NEW Working-age SA Recipients (#)
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|

350k

2005 2010 2015 2020 2005 2010 2015 2020
Year Year

(A) Caseload (B) Inflow

FIGURE B.1. Take-up of SA (%) is plotted over time for 2005 - 2021. Both ab-
solute caseload and inflow are shown. Two time periods are defined by an

important policies: before/after the Participation Act of 2015 as discussed
above.

B.1. Eligibility Pseudocode.
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Socio-economic Demographics General Population Eligible

Gender (%)
Woman 499 53.8
Man 50.1 46.2
Education (%)
Primary School 54 26.7
High School 31.8 46.8
Bachelor’s 14.3 6.0
Masters-PhD 8.5 2.6
Unknown 40.1 17.9
Main source of Income (%)
Employment or Civil Service Job 63.2 8.9
Director-shareholder 2.2 0.1
Self-employment 9.9 4.6
Other Job 0.2 0.0
Unemployment Insurance 2.0 2.5
Disability Insurance 55 6.5
Social Assistance 4.3 55.3
Other Benefits 1.9 12.9
Pension 3.8 1.3
Student Aid 0.6 3.3
Other (not active or without income) 6.1 4.7
Household Composition (%)
Single person household 17.8 45.6
Couple without children 26.8 11.1
Couple with children 45.1 20.1
Single parent 6.4 19.6
Couples and parents with flatmates 2.1 1.9
Other shared households 1.0 1.6
Other Information
Age 46.4 (11.0) 45.0 (11.3)
Foreign-born (%) 16.4 (37.0) 42.5 (49.4)
Household Std. Disposable Income (EUR)  66,949.4 (73,978.0) 13,125.2 (2,795.6)
Household Net Worth (EUR) 169,760.0 (4,227,453.1) -5,497.5 (85,933.0)
Contracted Hours (per year) 1,509.7 (602.6) 471.1 (451.0)
Eligible (%) 6.6 (24.8) 100.0 (0.0)
Receipt of Social Assistance (%) 5.1(21.9) 60.0 (49.0)

TABLE B.1. Summary Statistics for General and Eligible Populations
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(Mental) Health Information General Population (Mean, SD) Eligible (Mean, SD)
General

All Care Spending (EUR) 2,037.4 (7,181.0) 3,711.6 (11,015.0)
Physical Chronic Conditions (count) 0.67 (1.13) 1.03 (1.44)
Mental Health

Mental Healthcare Spending (EUR) 274.3 (3,237.2) 1,055.9 (6,892.6)

Psychotropic Medication (%) 10.3 (30.3) 24.7 (43.1)
Anti-psychotics (%) 2.1 (14.4) 8.4 (27.7)
Anxiolytics (%) 2.2(14.7) 8.0 (27.1)
Anti-depressants (%) 7.6 (26.6) 16.1 (36.7)
Hypnotics and Sedatives (%) 1.2 (11.1) 4.5 (20.7)
ADHD Medication (%) 0.7 (8.5) 1.7 (12.8)

Mental Health Hospitalizations (%) 0.05 (2.1) 0.12 (3.5)

Deaths by Suicide (%) 0.01 (1.2) 0.05 (2.3)

TABLE B.2. Summary Statistics for General and Eligible Populations
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Algorithm 1 Eligibility Calculation

1:
2:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:

25:

Procedure CalculateIncome(calculation_type)
if (calculation_type == "Yearly”)
Income = income from work, assets & benefits.
Deduct taxes & national insurance contributions
else if (calculation_type == "Monthly”)
Gross Income = monthly employment income (spolis).
Gross Income — Add yearly income from business, assets, sickness/disability
benefits /12
Gross Income — Add unemployment benefits over periods with no employment
income
Deductions = payroll taxes + national insurance contributions + employee insur-
ance contributions
Deductions — Add other taxes (not on bijstand income)

Procedure DefineFamilies()
Households = as in household income data (rinpersoonkern).
Co-residents = people living at same address
Families = < 2 adult Co-Residents in same Household, plus children.

Procedure CostSharing()
Cost-sharers = adults
Remove students (age 21-30) not receiving student grants
Threshold = threshold ( # Cost-sharers in Family)
Add norm-adjustment for all singles pre-2015.

Procedure CheckEligibility()

Set Eligible = "Yes” if Income < Threshold, wealth < wealth limit, and house value <
house limit.

Set Eligible = "No” if age < 21 or striking or living outside NL or in institutional
hh or {age 21-27 student not receiving student grants}
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APPENDIX C. AVERAGE TAKE-UP LEVELS: ADDITIONAL MATERIAL

A~

[3: SA receipt regressed on 1{Dispensed psychotropic drug},

coefficients relative to good mental health (no dispensation) (p.p.) @
0.0459

ADHD (0.170)
Anti-Depressant 2045 52 06)
Hypnotic/Sedative (88;113)
Anxiolytic _((())(())8656?
Anti-Psychotic _(10'3097901)
Year, age and gender FEs v
Lagged income controls v
Lagged work-status FEs v
Individual FEs
All other controls v
Observations (people-years) 5,187,572
Baseline mean 62.45

Standard errors in parentheses
*p < 0.05, *p < 0.01, **p < 0.001

TABLE C.1. Coefficients of social assistance take-up regressed on psy-
chopharmacology dispensation fixed effects (by type: ADHD medications,
anti-depressants, hypnotics/sedatives, anti-anxiety medications and anti-
psychotics). Point estimates added to the control mean, with 95% confi-
dence intervals. Lagged controls include income, wealth, education, work
status, household composition, municipality, year, age, sector fixed effects,
physical health, and benefits schedule. Eligible population from 2011 to

2020. Standard errors clustered at the municipality level.
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99

(1) (2) (3) (4) (5) (6)

0.540**  1.695** 1.767** 0533 2.513**  0.191
(0.071)  (0.086)  (0.527) (0.575) (0.673)  (0.450)

3: Receipt of SA
poor vs good MH (p.p.)

Year, age and gender FEs v v v v v v
Lagged income controls v v v v v v
Lagged work-status FEs v v v v v v
Individual FEs

All other controls v v v v v v
Observations (people-years) 5,187,572 5,162,351 14,402 12,718 6,514 3,690,830
R? 0.650 0.650 0.690 0.695 0.746 0.639
Baseline mean 62.45 62.66 6434 6389 6471 62.78

Standard errors in parentheses
*p < 0.05, **p < 0.01, **p < 0.001

TABLE C.2. Coefficients of social assistance take-up regressed on mental health status—indicators of: psy-
chotropic drugs (1), mental healthcare (2), severe surveyed psychological distress (3)/loneliness (4)/lack of
control over own life (5), or mental health hospitalisation (6). Point estimates and standard errors shown.
Lagged controls include income, wealth, education, work status, household composition, municipality, year,
age, sector fixed effects, physical health, and benefits schedule. Eligible population from 2011 to 2020 (2011-
2017 for hospitalisations). Around 2% of the general population are surveyed. Standard errors clustered at
the municipality level.



APPENDIX D. BARRIER SCREENING EFFECTS: ADDITIONAL MATERIAL

80

[22]
o

Interest (/100)
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2005 2010 2015 2020 2025
Year

FIGURE D.1. Google Trends for Participatiewet, the Dutch translation of the
“Participation Act” over time in the Netherlands.

D.1. Detail on the Participation Act. I argue that the Participation Act increased barri-
ers to accessing social assistance. The policy intensified the obligations associated with
receiving social assistance and incentivised municipalities to reduce caseload which they
did via (threat of) sanctions.

SCP (2019), a report evaluating the Participation act, contains the results from a survey
of 80 municipalities which asked representatives how often they impose obligations, and
for each type of obligation how many impose these more after the introduction of the
Participation Act. An overview of the results are shown in Table D.1.

Table D.1 shows that many municipalities say they intensified the various obligations.
No surveyed municipality said that they imposed obligations less often. Indeed, van der
Veen (2019) state that “the PA introduced a much stricter regime of entitlement conditions,
involving mandatory participation in ‘re-integration” activities [... and] introduced an

important element of workfare, the so-called ‘quid-pro-quo’”.
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Obligation Percent of Impose Percent More Since PA15

Language 76.5 69.4
Work 93.8 26.3
Accept Jobs 95.1 19.5
Register 48.1 20.5
Move 13.6 54.5
Commute 3 hours 29.6 50.0
Acquire skills 75.3 24.6
Clothes 63.0 49.3
Quid-pro-quo 87.7 56.8

TABLE D.1. Percentage of municipalities surveyed who impose the full list
of obligations (Column 2) and who impose obligations more often since the
Participation Act (Column 3). The different obligations in-full are: achiev-
ing a good command of the Dutch language, work re-integration, register as
a job seeker, being willing to relocate municipality, being prepared to travel
a distance with a total travel time of 3 hours per day to find work, acquiring
and retaining knowledge and skills necessary for acquiring wealth, wearing
the correct clothing in work/volunteering, and quid-pro-quo unpaid volun-
tary work.

There are plans in the Netherlands to repeal the Participation Act. Ministerie van SZW
(2022) makes the case for a “Participation Act in Balance”. The authors work with (for-
mer) social assistance recipients, municipalities and other experts to suggest that the obli-

gations associated with the 2015 are too strict. They state:

“Applying for social assistance is experienced by various experts as com-
plex, tedious and too long. A negative tone [by the municipality] is also
mentioned, threatening action from the outset and a creating a sense of
mutual distrust. At the same time, citizens experience a high degree of
dependence on the government. A feeling of shame prevails that they have
to make use of social assistance, even though in situations they simply can-
not (temporarily) do otherwise. People definitely understand the need for
monitoring and enforcement, but the way in which this is done now is dras-
tic. A small event can have major consequences. People do not always feel
heard or treated as an equal person. Fear also arises. This can create a

barrier to applying for assistance, even when the need is great.”*

OTranslated from page 8 of Ministerie van SZW (2022)
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FIGURE D.2. Evolution of inflow of social assistance over time, split by peo-
ple with poor mental health in the pre-period vs those with good mental
health in this period. Raw means and respective 95% confidence intervals
are shown. The introduction of the Participation Act in 2015 is shown by the
red vertical line. Standard-errors are clustered at the level of municipality
of residence in 2013.

D.2. Results. Formally, the sample-selection issue can be framed as follows. Let e; =
(i1, ...e;7) where e;; € {0,1} denotes eligibility. Let X;; be all explanatory variables (and
X; similarly). Essentially, we only “observe” (X;;, SA;) for i,t such that e; = 1 - 1i.e.
only these observations are included in the regression. Wooldridge (2019) shows that the

necessary identification assumption in this setting is given by Equation (D.1).
E[git}xi,m, e] =0 (D.1)

However, note that eligibility is a (non-linear) function of observables: e;; £ ¢ (v, Ji, --.)-
Therefore, controlling for y;;, y; etc implies that selection is fully determined by observ-
ables. Le. the standard assumption E[e; !Xi, n;] = 0 is sufficient. In this case, it is particu-

larly important to check that the time-varying controls are not driving the results.
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DiD Estimate = -0.432
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FIGURE D.3. Estimates d, from Equation (5.1) showing the heterogeneous
treatment effects of an increase in ordeals on rate-of-receipt by baseline
mental health. The analysis population is always-eligible middle-age cou-
ples and poor mental health is defined by prescription of psychopharma in
2012, 2013 or 2014. Controls include individual fixed effects, income, edu-
cation and muncipality, hh composition and sector fixed effects. The TWFE
estimate ¢ in the regression SA; = a+n;+v+0-1{t > 2013} x Poor MH, +
X0 + €+ is also shown. Standard-errors are clustered at the level of munic-
ipality of residence in 2013.
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FIGURE D.4. Estimates d, from Equation (5.1) showing the heterogeneous
treatment effects of an increase in ordeals on rate-of-receipt by baseline
mental health. The analysis population is eligible middle-age couples and
poor mental health is defined by prescription of psychopharma in pre-
period. ¢, are shown for two specifications - one with no time-varying con-
trols (only individual FEs), and one with all time-varying controls - individ-
ual fixed effects, income, education and muncipality, hh composition and
sector fixed effects. Standard-errors are clustered at the level of municipal-
ity of residence in 2013.
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FIGURE D.5. TWFE Event Study estimates for different age ranges.
Standard-errors are clustered at the level of municipality of residence in
2013.
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FIGURE D.6. TWFE Event Study estimates, adding controls for receiving
long-term-care adjustments from the municipality, receipt of Wajong, and
exemptions to obligations. Standard-errors are clustered at the level of mu-
nicipality of residence in 2013.
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FIGURE D.7. This plot shows the mean subjective mental health (measured
by Kessler’s 10 Psychological Distress) for two groups: one group is pre-
scribed psychopharma for the first time in Event Time 0, the other group
has no prescriptions for all event times ¢ < 0. Standard-errors are clustered
at the level of municipality of residence in 2013.
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FIGURE D.8. § for the main specification, changing the definition of
Poor MH,. The different definitions are Poor MH; = 1{Prescribed Psy-
chopharma in year y}, showing estimates for y € {2012, ...,2017}. Standard-
errors are clustered at the level of municipality of residence in 2013.
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FIGURE D.9. 4 for the main specification, where Poor MH;: dispensed psy-
chopharma in every year 2011-2020, vs good mental health throughout.
Standard-errors are clustered at the level of municipality of residence in

2013.
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FIGURE D.10. § for the main specification for individuals with income
below 90% of the eligibility threshold. Poor MH; = 1{Prescribed Psy-
chopharma in pre-period. Standard-errors are clustered at the level of mu-
nicipality of residence in 2013.
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APPENDIX E. BENEFIT TAKE-UP EFFECTS: ADDITIONAL MATERIAL

This section contains additional material relating to the RKD estimation of the effect of

changes in benefit level on SA receipt (heterogeneously by mental health).

.004
1

Mean (s.d.) = -28.93 (427.46)
Median = 6.31

Density
002 .003
1 1

.001
1

o
-2000 -1000 0 1000 2000
Y_obs - Y_calc | SA

FIGURE E.1. Histogram of Yiue — Y for the analysis population of the
RKD.

E.1. Theory. Income is exempted “insofar as, in the judgment of the [municipality], it
contributes to [their] employment opportunities” (Ministerie van SZW, 2015). Appen-
dix E.3 contains some descriptive facts about income-exemptions. This complicates mat-
ters because now, B is no longer deterministic (it depends on case-worker leniency) and
Cfl—]j # 1 necessarily. Let the true benefits schedule be denoted B = b(Y,, v) where v captures
noncompliance with policy formula due to exemptions.

To properly re-scale the reduced-form estimates, we need to know how B depends on
Y ex-ante. However, there is selection into social assistance with respect to exemptions.
This makes sense because applicants receive more money with an exemption vs without,
holding income fixed. Figure E.2 shows that observed benefits conditional on receipt

departs from the benefits schedule, particularly at and above the threshold. In this region,
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applicants really only take-up social assistance if they receive an exemption. Selection on
exemptions implies ex-post benefits received E[B|SA,Y = y| is not a good proxy for the
ex-ante schedule E[B|Y = y].

I impute the benefits schedule using a theoretical approach.”® I recover the ex-ante
schedule from the ex-post schedule using Bayes-rule and average receipt. This re-scaling
exercise explained in-depth in Appendix E.3. While we may be worried about the en-
dogeneity of using receipt in this calculation, I obtain similar results when I assume a
less-flexible form for the probability of exemption - i.e. that it is constant w.r.t. y. In this
case, the imputation does not depend on the full take-up function by income.

Figure E.3 shows the results of the process to impute the ex-ante benefits schedule,
heterogeneously by baseline mental health (measured by lagged psychopharma dispen-
sations). People with poor mental health receive more exemptions that those without -
presumably because they have larger costs of working and this incentivises the munici-
pality promote re-integration more.

I use the generalized non-separable model of Card et al. (2015): receipt of SA is a func-
tion of benefit level B, income Y and error term ¢: P[SA] = p(B,Y,¢). Let Ix be the
support of random variable X which is potentially multi-dimensional, in which case rep-

resents a product space.

Proposition E.1. (Card et al. (2015)) Under regqularity, smooth effect of income, y, first stage and
non-negligible population at the kink, smooth density, smooth probability of no measurement error

and monotonicity:

(@) Ple <e,v <v|Y = y| continuously differentiable in y* at y* = y V(e,v) € I.,.
(b)

dP[SA|Y*=y*]
dy*

dP[SA|Y*=y*]
dy*

— limg_@f

hm§_>g+
y*=¢

y*=£

dE[B*|Y*=y*]
dy*

dE[B*|Y *=y*]

limg 5+ — limg_,5- 0

y*=¢
_/aP[SA | B=b(g.v),Y = g.e=¢

(E.1)

y*=¢

55 (e, v) dF; (e, v)

46Gelber et al. (2020) also use imputation for the first-stage of their RKD. The key idea, as in their paper, is
that this imputation generates measurement error in the first-stage as well. The Card et al. (2015) framework
can account for this measurement error.

79



where weighting function

BUy = 0Y = ,= = e,v = v] (b7 (v) — by (1)) Blspesece® )

[P[Uy =0Y =5, = e,v = w] (b5 (v) — by (v)) =22, ()

p(e,v)

The fuzzy RKD estimates a weighted average of marginal effects of B on P[SA] with

fY|e:e,u:v(g)
Ty (@)

is the weight in a sharp RKD and reflects the relative likelihood an individual is located

weights ¢(e, v). The intuition is as follows. ¢(e, v) has three main components.

at the kink. b7 (v) — by (v) reflects size of the kink: the fuzzy RKD upweights people with
larger kinks. P[Uy = 0|Y = y,e = e,v = v] reflects the probability that the assignment
variable is correctly measured at threshold.

The Card et al. (2015) identification assumptions are stated in full in Appendix E.4. Two
are key to my setting. (a) the density of Y* is continuously differentiable at the threshold
g, (b) the benefits-schedule is continuous = P[Exemption|Y = y| continuous at .

Figure E.6 and Figure 11 show no evidence for non-smoothness of the distribution of
income. Discontinuous P[Exemption|Y = y] would imply discontinuous E[B|SA,Y = y]
at the threshold. However, Figure E.2 exhibits no such discontinuity. Moreover, there
are no conditions in the law which state income below /above the threshold should be

exempted differently.

E.2. Estimation. I use monthly data for the regression kink design because eligibility is
based on the previous month’s income, making granular analysis crucial. While the data
provide detailed monthly information on labor income and contracted hours, income
from other benefits is only available yearly, which motivates my sample restrictions:

Sample Restrictions: I restrict the sample to individuals working more than zero hours
and whose primary income is from work, to avoid notches in the benefit schedule (e.g.,
disability benefits) tied to the social assistance (SA) eligibility threshold. This threshold
corresponds to the social minimum, which links to other government programs. There-
fore, individuals who derive all their income from other benefits are ineligible for SA
and are excluded. The typical person at the threshold earns most of their income from
work/self-employment, with potential supplementary benefits, making them likely to

move above or below the threshold at any point.
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I further restrict the sample to singles before 2015, as misclassification near the thresh-
old is more common for couples, and limit the period after the Participation Act to ensure
the analysis is unaffected by changes in ordeal requirements.

Specification: I estimate a standard fuzzy RKD specification, using local linear regression.
I use a Calonico et al. (2014) (hereafter, CCT) robust bandwidth of approximately €80. For
the CCT bandwidth selection algorithm, I do not use regularization. This is because the
CCT framework is not designed to efficiently identify heterogeneous RKDs nor account
for measurement error. Both would suggest the use of a larger bandwidth.”” The non-
regularized CCT bandwidth delivers a larger bandwidth and has the same asymptotic
properties as with regularization. The specification is as follows, where the IV estimate

% measures %. I cluster standard-errors at the municipality level.
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FIGURE E.2. Plot of benefits received conditional on receipt, averaged
within income slice (IOEUR bins). A window of 1000EUR either side of
the threshold is shown.

E.3. Income Exemptions. I model the unobserved benefits schedule as Equation (E.3).

#7Indeed, the CCT robust bandwidth without regularization performs poorly in simulations (see Appen-
dix E.5).
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] if exemption, v = 1
B =b(y,v) = £3)

max{y —y,0} if exemption, v = 0

where v = 1 with probability p(y). This approach is motivated by the fact that E[B|SA,Y =

y| = y for y > y. People with income above the threshold are not eligible for any benefits
unless they receive an exemption, therefore E[B|SA,Y = y| is a good measure of benefits
received conditional on exemption when y > 3. I allow for the possibility that exemptions

can vary in reduced-form likelihood throughout the income distribution.

Proposition E.2 (Benefits-Schedule Imputation). Suppose that the benefits-formula is given
by Equation (E.3). Then, E[B|Y =y] =p(y) - 5+ (1 — p(y)) - max{y — y, 0} where:

(E(BISAY =4]—(5-v)) PISA]Y =] iy
D _ y-P[SA|Y =y,v=1] (E4:)

E[B|SAY=y|-P[SA]Y=y]
g P[SAlY =y,v=1]

I
Y|

=

(V3
<

Y

The proof is a simple application of Bayes-rule. I proxy P[SA|Y =y, v = 1] ® P[SA|Y =
0]: the take-up rate conditional on exemption is equal to the take-up rate for people who

have no income (= 100%).

Proof of Proposition E.2. Let E, £ E[|Y = y] and P, £ P(-|Y = y)

E[B|SA,Y = y] = E,[B|SA]

— Ey[B - 1{S5A}]
T P[54

E,[B-1{SA}| = E,[B-1{SA} - 1{v = 1}] + E,[B - 1{SA} - 1{v = 0}]

=y -P[SANv=1]+max{y —y,0} - P, [SANv =0

=y -P,[SANv =1] + max{y — y,0} - [P [SA] — P,[SANv =1]]
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Note that P,[v = 1] = p(y).

— 5 ply) - B,[SAl = 1] + max{g — y,0} - [B,[SA] - p(y) - B, [S Al = 1]]

/

v BISA Ty py) BSAV=1] ify<y
|- py) - Py[SAly =1] ify >y
(
[yl Py [SAIyp(y) Py[SAV=1]  sf ) -
y>y
Therefore, E,[B|SA] = PulSA4]
- -P,[SAlv= _
\ yp(y)Pyy[[Si]\ 1] ify >y
Rearranging for p(y) gives the expression in Equation (E.4).
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FIGURE E.3. Results of Imputation from Proposition E.2

E.4. Card et al. (2015) assumptions for validity of fuzzy RKD.

(1) Regularity: (¢, ) has bounded support. p(-, -, -) is continuous and partially differ-
entiable w.r.t. first and second arguments. p; (b, y, ¢) continuous.

(2) Smooth effect of Y: py(b, y, e) is continuous.
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(3) First Stage and Nonnegligible Population at Kink: b(y, v) continuous and b (y, v)
continuous apart from at y = . Positive mass at kink.
(4) Smooth Density: Density of Y is continuously differentiable
(5) Smooth Probability of No Measurement Error: P[Uy = 0,Up = 0]Y =y, ¢, v] and
partial derivative w.r.t. y is continuous.
(6) Monotonicity: Either b (v) > by (v) for all v or b (v) < by (v) for all v.
There are two conditions for identification specific to my context worth highlighting:

Assumption 1 and Assumption 2

Assumption 1 (No 0-censoring).

(a) Take-up is not censored to 0 below threshold:
VP[SA|B=0b,Y <] >0 (E.5)
(b) Take-up is not censored to 0 above threshold:
JA > 0s.t. P[SA]Y =y] > 0Vy € [5,9 + A] (E.6)
Assumption 2 (Continuous probability of exemption).
P[Exemption|Y" = y| continuous at y (E.7)

Without both parts of Assumption 1, the numerator of the estimand in Equation (E.1)
will be 0, while without one part only, regularity is violated. In my sample, around 8% of
people receiving social assistance have Y, > . 2? provides support that limp_,o P[SA|B] >

0. Assumption 2 is a corollary of b(y, v) being continuous.

E.5. Estimation Choices. To assess the performance of the CCT robust bandwidth in my
context, I perform simulation analyses on a simplified version of the model set out in
Section 2. The motivation for these analyses is that the frameworks are not designed for

(i) measurement error and (ii) efficiently detecting heterogeneous RKD effects.

E.5.1. Setup. I simulate a million individuals which are characterised by ability ¥ ~

U500, 1500]. This corresponds to their income. I set a fixed cost to be x = 150 for ev-
U [—200,200]. Le. e follows a symmetric
84

eryone. Choice error ¢ = A% where U



triangular distribution centered around 0. The threshold y = 1000 for everyone. Benefits
schedule B(y) is programmed as B(y) = max{y — v -y, 0} where exemption v € {0, 1} and
Plv = 1Y = y| = 0.1. Individual y takes up iff:

B(y) > (E.8)

In the case of measurement error, [ let Y* = Y +Uy where Uy ~ N(0, 100). I then run the
CCT robust bandwidth and RKD analyses exactly as in the main analysis. Specifically, I
impute the benefits schedule as in Proposition E.2. The results of this imputation are

shown in ??.

E.5.2. Results.

Polynomial order: applying rules-of-thumb from Pei et al. (2022) suggests a linear esti-
mator. Furthermore, simulations show that with measurement-error - linear estimators
out-perform higher order polynomials at the CCT robust optimal bandwidth. This re-
sult echoes Card et al. (2015) who suggests that the CCT bandwidths can be too small for
RKDs.

Bandwidth: for linear estimation, CCT bandwidths seem to perform well, but estimates
become noisy for lower values with measurement error. For the identification of hetero-
geneous effects under measurement error, CCT performs poorly: I now assume that half

of my simulated individuals have value o = 1, and half o = 2. Individuals take-up iff:

a-B(y) >k (E.9)

and rate of receipt P[SA]Y = y] = F.(a - B(y) — k). I estimate the RKDs separately
for o = 1,2 and test for a difference in the RKD estimates at different bandwidths. The
estimates are shown in Figure E.5. The plot shows that the CCT bandwidth performs
poorly (noisy and biased estimate of the heterogeneous RKD), whereas the estimators
converge to the true effect for larger bandwidths.

Other: use standard triangular kernel.
E.6. Validity of RKD.

E.7. Results.
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FIGURE E.4. Results of simulations showing estimates from RKDs using
different bandwidths and different local polynomial orders. In each, the
CCT robust bandwidth is shown.
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Robust Bandwidth

Bandwidth

FIGURE E.5. Results of simulations showing estimates from heterogeneous
RKD (o = 1 vs 2) using different bandwidths. CCT robust bandwidth is
shown.
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FIGURE E.6. Density of income around the eligibility threshold. McCrary
(2008) tests for discontinuity in levels and slopes around the threshold are
shown. Income in this plot is monthly. The sample contains singles employ-
ees, years 2011-2014. See Section 6.1.2 for details on sample restrictions.
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FIGURE E.7. Covariate Test: plot shows fitted values of a regression of
social assistance take-up on all pre-determined controls used throughout
this paper including income, education, hh composition, municipality FEs.
These fitted values form a “Covariate Index” which is binned. An RKD es-
timate with income as the running variable is also shown. Income in this
plot is monthly. The sample contains singles employees, years 2011-2014.

See Section 6.1.2 for details on sample restrictions. Standard-errors are clus-
tered at the municipality level.
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FIGURE E.8. Covariate Test: plot shows fitted values of a regression of
social assistance take-up on all pre-determined controls used throughout
this paper including income, education, hh composition, municipality FEs.
These fitted values form a “Covariate Index” which is binned. An RKD es-
timate with income as the running variable is also shown. Separated by
mental health. Income in this plot is monthly. Poor mental health is defined
as receiving psychopharma in the year previously. The sample contains sin-
gles employees, years 2011-2014. See Section 6.1.2 for details on sample re-
strictions. Regression lines are shown following Section 6.1.2, as well as the

estimated change in slopes following the regression kink design. Standard-
errors are clustered at the municipality level.
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FIGURE E.9. Results of permutation test a la Ganong and Jager (2018). 1
estimate RKDs on 100 placebo kinks in the range [y — 600, § + 600] and plot
a histogram of the estimates. A binomial test is used to check whether the
true estimate is an outlier. The sample contains singles employees, years
2011-2014. See Section 6.1.2 for details on sample restrictions. Standard-

errors are clustered at the municipality level.
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Bandwidth

FIGURE E.10. Results of test of sensitivity to changes in bandwidth. I esti-
mate RKDs changing the bandwidth, with the CCT robust bandwidth dis-
played. The lower purple dashed line indicates the CCT robust bandwidth
with regularization, and the upper pink dashed line indicates the CCT ro-
bust bandwidth without regularization. This plot shows the estimates and
confidence intervals. The sample contains singles employees, years 2011-
2014. See Section 6.1.2 for details on sample restrictions. Standard-errors
are clustered at the municipality level.
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FIGURE E.11. Results of test of sensitivity to changes in bandwidth. I es-
timate heterogeneous RKDs changing the bandwidth, with the CCT robust
bandwidth displayed. The lower purple dashed line indicates the CCT ro-
bust bandwidth with regularization, and the upper pink dashed line indi-
cates the CCT robust bandwidth without regularization. This plot shows
the estimates and confidence intervals. Poor mental health is defined as re-
ceiving psychopharma in the year previously. The sample contains singles
employees, years 2011-2014. See Section 6.1.2 for details on sample restric-
tions. Standard-errors are clustered at the municipality level.
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. o Estimated Change in Slope
] B, = -0.0338 (0.0053)
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FIGURE E.12. Average rate of receipt within income slice in a small win-
dow of income either side of the eligibility threshold. Income in this plot
is monthly. The sample contains singles employees, years 2011-2014. See
Section 6.1.2 for details on sample restrictions. Regression lines are shown
following Section 6.1.2, as well as the estimated change in slopes following
the regression kink design. Standard-errors are clustered at the municipal-
ity level.
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Effects on P[S A] Reduced Form v
Heterogeneous by MH Overall Heterogeneous by MH
+ Controls Raw + Controls Raw + Controls Raw + Controls
Income - ThreShO]'d k%% 4% %3424 %24 3434 L %2424 2%
Overall: everyone, Het: good MH -0.0253 -0.0189 -0.0263 -0.0192 -0.0199 -0.0135 -0.0221 -0.0146
(0.00221)  (0.00268)  (0.00240)  (0.00328) (0.00288)  (0.00348)  (0.00313)
Income - Threshold (het)
Het: poor vs good MH 0.00795 0.00276 0.0173 0.00928
(0.00688)  (0.00678) (0.0095) (0.0091)
min{Income - Threshold, 0} - . ok
Overall: everyone, Het: good MH -0.0318 -0.0263 -0.0263
(0.00465)  (0.00559)  (0.00501)
min{Income - Threshold, 0} (het) ot «
Het: poor vs good MH -0-0556 -0.0398
(0.0161) (0.0155)
a Benefits k%% L Bk L
Overall: everyone, Het: good MH 0.0356 0.0333 0.0280 0.0278
(0.0057)  (0.0049)  (0.0060) (0.0053)
Benefits (het) - ok
Het: poor vs good MH 0.0814 0.0653
(0.0156) (0.0143)
Observations (people-months) 501,736 537,625 501,736 537,625 501,736 537,625 501,736
R? 0.203 0.003 0.203
Regressors 354 5 339 2 548 5 474

Standard errors in parentheses
*p < 0.05, **p < 0.01, ***p < 0.001

TABLE E.1. Estimates from the regression kink design using a bandwidth of €80. Columns 2 - 5 show the
reduced-form and 6 - 9 IV. Columns 2 and 3 show estimates of the slope of receipt of SA w.r.t income -
both below and above the threshold. Column 2 reflects estimates without any covariates. In Column 3,
I add controls for month, year, age, gender, wealth, education, municipality, hh composition and sector
tixed effects. Columns 4 and 5 show heterogeneous estimates by mental health (without / with controls
respectively). “Income - Threshold” reflects the results for people with good mental health, and “Income
- Threshold (het)” that of poor mental health (relative to good). Analogously columns 6 - 9 are the IV
estimates using the imputed benefits schedule as a first-stage. Throughout, standard-errors are clustered at
the municipality level. Underlying population = singles 2011-2014 who get most income from work. See

toxt for detaile



APPENDIX F. CALIBRATION OF WELFARE EFFECTS: ADDITIONAL

MATERIAL

F.1. Eligibility. Throughout the empirical analysis, I focus on take-up levels and re-
sponses among the eligible population. This is because I am interested in take-up behaviour
across types, and not underlying eligibility. However, the theoretical framework above
does not model eligibility directly. Indeed, the government budget constraint as defined
in Equation (2.4) makes much more sense if it holds for # in the general population, and
not the eligible. In reality, the ineligible fund benefits for the recipients, and not the eligi-
ble non-takers.

Proposition F.1 shows that identifying take-up levels and responses for the eligible pop-

ulation is sufficient for the general population as long as P[S A|Ineligible] = 0.

Proposition E1. Assume P[S A|Ineligible] = 0. Then:
P[SA]y = P[SA | Eligible], - P[Eligible]y (F1)

and take-up responses to policy X are given by:

OP[SAJe _ OP[SA | Eligible]y P[Eligible], (F2)
ox 0X 1 — P[SA | Eligible], - P[Ineligible | No S Al '
EEy: Eﬁfectg;:z Eligibility,

J/

Proposition F.1 follows from Bayes Rule, the fact that eligibility is determined by y < 3
where y = SA -y~ 4+ (1 — SA) - y¥4=Y and from the fact we have assumed no labor
supply responses to dB or dA. The intuition is as follows: we need to adjust for baseline
incomplete take-up and the fact that ineligible people can still be on the margin of take-up
(if they were just indifferent between earning income above the threshold and switching
to earning income below the threshold and receiving social assistance) when mapping
conditional take-up responses to the general population.

How should we implement Proposition F.1 when calculating welfare effects? When

integrating against average take-up levels, Bayes Rule — [ P[SA], - Hydp = P[Eligible] -
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[ P[SA | Eligible]y

Hpdpigrgible-

OP[S A|Eligible]y

- Hydpiggigible. Where pigjigible is the conditional density of types 6. Simi-
larly, Bayes Rule — [ %P6, f1,d;, = P[Eligible]- [

0X

1
"1—P[SA | Eligible]y-P[Ineligible | No SAJg -

Sufficient Statistics Method Estimated Value
oP[S A OP[SA
< 54 [BB]L> RKD (0.00028, 0.00065)
Normalization
flvg — kn) RKDy; + 0.00028
P[SAl; = P[SA
flor — k) (S AL = PLS AL 0.00028

+shortcut: f(-), = f(- )y
RKDy, + f(vr — k1)
(Ditf, Ditf-in-Diff)

(Diff-in-)Diff + f(-)

OP[SAly OP[SA
[8A}H’ [aA I (—0.014, —0.023)

( )
(K> 17) = f()n (79, 130)

TABLE F.1. Table summarising the calibration of the key sufficient statistics
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FIGURE F.1. Comparison of RKD Overview and RKD Psych

F.2. Identification.

E3. Relaxing Modelling Assumptions. Relaxing additivity involves assuming SA =

1 <= y(B,e) > kg(A,e). Given monotonicity in ¢, behaviour will still follow a

threshold-rule. Marginal entrants have ¢, which satisfies the implicit equation vy(B, ¢}) =
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ko(A, £5). Without additivity, a bounding argument can be made about 4¥ following
Haller and Staubli (2024).

Relaxing independence of ¢ leads to the following. Suppose we used the model of
Rafkin et al. (2023) where vj(B) is independent of # conditional on income, but ¢y ~ Fj.
Then, same average take-up levels combined with the difference-in-differences results
would suggest f., (v, — k1) = 1.65 X f.,(vg — ku), inconsistent with the regression kink
design results. Using Finkelstein and Notowidigdo (2019)’s model, x; are assumed to
be opportunity costs of time, the only reason why need would vary across individuals
with the same income is due to misperceptions of the benefit level and ¢y ~ Fj,. My
results would then suggest x}, = w;, = €11.7 and x}; = wy = €13.7, where wy is §’s wage.
Then, the regression kink design estimates would suggest v; = 1.8 x vy;. This would
imply that people with poor mental health have an easier time overcoming barriers, and
are substantially less pessimistic about the benefit level. Both of these results contradict
psychological evidence (Martin et al., 2023b; Evans et al., 2014; Alloy and Ahrens, 1987).
Details: Assume linearity: vy(B) = vy - B and kg(A) = k¢ - A. Note that one or other of
these assumptions is assumed throughout in Anders and Rafkin (2022), Finkelstein and
Notowidigdo (2019) and Rafkin et al. (2023). In this case: P[SA], ~ P[SA]y — v, - B —

kN =vg-B—kg-A. Thismeans that k;, —xky = M. Recall that alﬂg_;]}, = (0.00028

2.3x874.54—865.27

and a@[as_;]L = 2.3 x 0.00028. These estimates imply x;, — kg = 0

Let & = o - f28 - i.e. assume that the ratio of the probability of being marginal to a
benefits-level instrument over probability of being marginal to an ordeal change is con-
stant across mental health types. In this case, OPISAL—PISAlw _ —(kp — Kg) - a-0.00055, as

BN
OP[SAlm _ 4dB :
55— = fo°. Rearranging for

A OP[SA)L—P[SA]g

A oA E3
= 0.00028 x 945.03 (E3)

Therefore as long as we can estimate the heterogeneous semi-elasticity —Aw,

we are done.

I use Table D.1 to calibrate the percent change in ordeals 2* = 22.1% - which comes
from treating the final column as percent changes in each of the scores (second column)
where the score cannot exceed 100%. Therefore,
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OP[SA], —P[SAly  0.09

—A = =0.04
OA 0.221 0.040

0.040
v =——=0.077

0.52

In particular, f% < f45 - which only pushes in the direction of MV PF;y > MV PFyp.

Assumption (ii) follows in the case that types are one-dimensional (Landais et al., 2021).
However, note that to maximise internal validity of the quasi-experimental design, sam-
ple restrictions are made both in Section 5 and Section 6. In Section 5, I focus on couples, as
for them, the Participation Act was a change in ordeals only, and not also a change in ben-
efit level. Note that the majority of individuals in this sample have income much below
the threshold. In Section 6, I focus on singles, as I mis-classify couples more than singles,
and in the RKD analysis, measurement error is much more consequential, because I zoom
into a small window around the threshold. Moreover, I restrict to people who earn most
of their money from work - as there are notches in the schedules of other benefits at the
social minimum = social assistance eligibility threshold. The samples for the two instru-
ments are quite different, and the within-sample compliers may be even more different
across instruments (as in Landais et al. (2021)). This is an important caveat.

However, my framework is flexible enough to relax this assumption under structural
assumptions. Recall that the partial-identification result described in ?? does not rely
on the benefit-level response estimated in Section 6. If people with poor mental health
receive SA at the same rate as those with good mental health, but are more likely to be
screened out by ordeals, they must value the benefit more. In Appendix F, I employ
some additional structure in order to use the correlation test to identify net value — cost,
which then allows for the quantification of all sufficient statistics without maintaining
Assumption (ii). I find that in the structural model, the probability of being marginal to
a barrier instrument is about 1/4 to that of a benefits instrument - this only pushes the
welfare comparison that I explore in the next section more to the side of reducing barriers.

Such a stark difference in MV PF's generates confidence that the modelling assump-
tions are not what drives MV PFyy > MV PFyp. Note that MV PF,, is roughly propor-
tional to " and 1/f%(-) holding all else fixed. This means that P[Marginal to Ordeal
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Change]y > 2.1 x P[Marginal to Benefits Change], in order to reverse the welfare compar-

ison.*®

F4. Welfare Effects. Calculating social marginal utilities of beneficiaries of benefit and

barrier change instruments:

Nap = 0.25 x 2.07 4 0.73 x 1

~ 1.29

2/2. 20.2
30.2/2.07 +0.73 x1x Y

Taa = 0.25 x 2.07
A X 025 % 36.2/2.07 + 0.73 x 20.2 0.25 x 36.2/2.07 4 0.73 x 20.2

~ 1.26

E5. Robustness to Bias. Suppose a share ¢ of ry(A) is a true cost, and (1 — ¢) is a hassle
cost, which affects behaviour but not welfare. Then: P[SA|y = F_ [vg(B) — re(A)] still, but:

*

Uy — / " [0a(B) — ro(A) + My — £] dF(e) (F4)

—0o0

where ¢ = vy(B) — kg(A) and M1y = (1 — v)) - ke(A) is the marginal internality (Mul-
lainathan et al., 2012). Note that since the true cost ¢ - k < k, behaviour over-states the
ordeal-cost, so take-up is too low relative to the private optimum. This means that a mar-
ginal increase in A has an extra negative behavioural welfare cost coming from people
moving further away from the private optimum. A marginal increase in B has an extra
positive behavioural welfare gain coming from the internality correction. This is shown

in Proposition F.2.

Proposition E.2. First order welfare effects when perceived cost differs from true cost.

du. OP|SA

d_AG =~ kp(A) -P[SA)y + MI, - % (E5)
dU, OP[SA

d_Be = vp(B) - P[SA]g+ M1, - % (E.6)

In fact, as shown in Appendix F, P[Marginal to Ordeal Change], = P[Marginal to Benefits Change] is
actually a conservative assumption. Under linearity of vy and xg, the correlation test leads me to estimate
the probability of being marginal being lower (~ 15%) for the ordeal instrument than for the benefits-level
change.
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Proof.

Uy = /89 [UQ(B) — Hg(A) — 8] dF(E) + /_59 MI, dF(€)

which means that, by the Leibniz integral rule:

% — k(M) - F(g}) + 0 + (1 — ¢)ro(A)

OF (g})
oA\

where the 0 comes from ¢ = vy(B) — kg(A) - this is the Envelope Theorem at play. Rear-

+ (1= ¢)ry(A) - Flep)

ranging gives Equation (F.5). Similarly,

duQ o * 3F(5Z)
B vy(B) - F(ep) + 04 (1 — ¥)rg(A) 55
and there is no final term because M I, is independent of B. O

These first order effects imply new MVPF formulas for the welfare effect of changing
benefits and barriers. The fiscal externalities are unchanged - since they depend on be-

haviour only. However, the direct welfare effects reflect Equations (F.5) and (F.6).

Corollary F.1. With bias:

—y - [ X EEPSAldp — (1— ) - [ A5y,

MVPFdA = fFE ] BIP’B[A/S;A] d,u (F7)
RIS A+ (1) - X533 55
B S (ES8)
JFE - Z55=dp

E5.1. Calibration. How does bias affect the quantification of welfare effects? This requires
us to evaluate the size of M Iy, the marginal internality for each type. According to the

theory,

MIp = (1 =) - re(A) (E9)

Note that the marginal internality depends on average ordeal-costs, rather than mar-
ginal ordeal-costs. In order to evaluate this term, I make the linearization xy(A) = kg - A.

Therefore, evaluating the new MV PF formulas requires taking a stance on what A is.
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As discussed in Appendix F.3, qualitative evidence from municipalities suggests the per-
cent change in A due to to the Participation Act is an increase of 22.1%. Further, I as-
sume that the Participation Act represented an absolute change in A of 1 unit. Therefore,
A =1/0.221 = 4.52. For example, A could represent number of hours spent on obliga-
tions, and kg is the welfare cost per hour spent. When rg(A) = kg - A, kg = Kp(A).

Therefore, given the estimates from Section 7:

MI, = (1—1)-4.52-130 = (1 — ) - 590

MIy=(1—1)-4.52-79 = (1 —1) - 359

These estimates mean that we can quantify how large the MV PF formulas are for
different values of ¢). For ) = 1 - the MV PF are as Section 7. What if ordeal-costs were a

pure bias which affects behaviour only but not welfare? Then:

MVPES" =0.30

MVPE" =0.96

MVPF.=" < MV PEY" as there is no direct welfare effect of the increase in barriers.
MV PF!=° #+ 0, however, because of the negative behavioural welfare effect. MV PF;° >
MV PFEY" because of the internality correction that an increase in benefits provides.
Finally, we can quantify the level of bias ¢* required to reverse the welfare ordering
MV PFy, > MV PF;p. This turns out to be ¢* = 44%. That is to say, the government
needs to be confident that at least 56% of the as-if ordeal-costs are purely a bias in order
to reverse the welfare conclusions. Finally, note that dA is unsurprisingly more sensitive

to bias than dB.
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