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Abstract

Many health insurance systems link premiums to income through contribution

floors: enrollees must spend at least a fixed share of their income on health insur-

ance. These income-based mandates are economically distinct from the penalty-based

mandates studied in the U.S. context, because they create a wedge between the pre-

mium paid and the plan’s actuarial price. I develop a framework that decomposes

the welfare effect of a contribution-floor mandate change into a fiscal channel, the me-

chanical transfer arising from the price floor, and an equilibrium channel, the behavioral

response through plan switching and risk pool recomposition coupled with supply-

side responses. I implement the framework using administrative data from Chile’s

private health insurance market (ISAPREs), where enrollees must pay at least 7% of

their income in premiums. Raising the mandate from 7% to 8% of income redistributes

approximately $38.9 million annually from enrollees to insurers while generating es-

sentially no net welfare: about 12 thousand USD, three orders of magnitude smaller

than the gross transfer. The equilibrium channel is negligible. Because the mandate

operates as a near-pure transfer, it is dominated as a redistributive instrument by a

revenue-equivalent direct cash transfer, which delivers roughly three times the distri-

butionally weighted welfare.
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1 Introduction

Mandates are among the most important regulatory instruments in health insurance mar-
kets. The literature has analyzed how requiring individuals to purchase insurance affects
adverse selection, risk pool composition, and welfare. Yet, this literature has focused on
a specific type of mandate: the penalty-based mandate, in which individuals face a fi-
nancial penalty for not purchasing coverage. The individual mandates in Massachusetts
and under the Affordable Care Act are prominent examples, and the framework for an-
alyzing their welfare effects is well established (Hackmann et al., 2015). However, the
mandates used in many health insurance systems outside the United States take a struc-
turally different form. In Chile, Germany, the Netherlands, Switzerland, and Colombia,
among others, health insurance systems feature income-proportional contribution floors,
where enrollees must spend at least a fixed share of their income on health insurance pre-
miums. These contribution-floor mandates are economically distinct from penalty-based
mandates, and their welfare effects have not been analyzed in the literature.

The distinction is fundamental. A penalty-based mandate imposes a cost for being unin-
sured, but does not alter the price of insurance conditional on purchasing it and enrollees
pay the premium of their chosen plan, nothing more. A contribution-floor mandate, in
contrast, can directly alter the price of insurance: the premium for individual i in plan
j is pij = max{ p̃ij, τyi}, where p̃ij is the risk-adjusted premium and τyi is the mandate
floor. Whenever τyi > p̃ij, the enrollee is bound by the mandate, i.e., she pays more than
the baseline premium of her plan, and a wedge arises between the premium paid and
the plan’s price. This wedge is a fiscal transfer that has no counterpart in penalty-based
mandate designs.1

This paper makes two contributions. First, I develop a framework for analyzing the wel-
fare effects of contribution-floor mandates. The framework decomposes the welfare effect
of a mandate change into a fiscal channel and an equilibrium channel. The fiscal channel
captures the mechanical transfer of resources that occurs when the income-based pre-
mium floor changes, holding plan choices fixed. The equilibrium channel captures the

1The ACA individual mandate also included an income-dependent component: the penalty was the
greater of a flat amount or 2.5% of income above the filing threshold. However, this remained a penalty
for non-insurance, since it did not create a price floor on insurance premiums. Conditional on purchasing
a plan, ACA enrollees paid the plan’s premium regardless of their income. The penalty was also capped
at the cost of the cheapest available bronze plan, ensuring that no wedge could arise between the premium
paid and the plan’s actuarial value.
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behavioral response (i.e., consumers may switch plans, potentially shifting risk pools),
and the premium adjustments by insurers. This decomposition reveals that contribution-
floor mandates bundle two analytically separable economic forces, and that the relative
magnitude of each is an empirical question. The framework applies regardless of the spe-
cific institutional channel through which the wedge is mediated, whether it accrues to
the insurer directly (as in Chile and Colombia), flows to a centrally pooled fund (as in
Germany), or is offset by government subsidies (as in the Netherlands and Switzerland).

Second, I implement the framework empirically using detailed administrative data from
Chile’s private health insurance market, where enrollees must pay at least 7% of their
income in premiums. The main finding is that the mandate operates as a near-pure fis-
cal transfer and, when equity considerations are taken into account, a simpler tax-and-
transfer scheme can generate three times as much welfare gains. Raising the mandate
from 7% to 8% of income redistributes approximately 38.9 million U.S. Dollars (USD, in
2012 values) from mandate-bound enrollees to insurers, with a net welfare effect of ap-
proximately 12,000 USD (negligible relative to the gross flows). Essentially none of the
net welfare effect is attributable to selection. Although, in my counterfactual exercises,
this is in part because plan choice probabilities barely move, I also show that the scope
for gains via selection is virtually non-existent: the typical switchers tend to be slightly
more costly than incumbents, so even a larger change would not generate strong selection
gains. Thus, the mandate increase simply raises the price floor for bound enrollees, and
the additional revenue flows to insurers as profit.

To understand why contribution-floor mandates generate this decomposition, consider
what happens when τ increases. Two groups of enrollees are affected. First, those who
were already bound (τyi > p̃ij at the old rate) pay more, but their plan choice is unaffected
as long as the ranking of plans does not change. This is the fiscal channel, a mechanical
increase in the price floor that transfers resources without altering behavior. Second, some
previously unbound enrollees become bound, and the compression of effective premium
differentials across plans may induce plan switching among both old and new bound en-
rollees. Additionally, the increase in the revenue in the form of premiums from the bound
incumbents may generate some competitive pressure, lowering base premiums. This is
the equilibrium channel through which the mandate could, in principle, improve welfare
by correcting adverse selection, the mechanism emphasized in the penalty-based man-
date literature. The empirical question is whether this second channel is quantitatively
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important.

The theoretical framework formalizes this intuition. I set up a two-stage model in which
agents choose a health insurance plan in the first stage and make health spending deci-
sions in the second stage, after a health shock is realized. The model embeds the contri-
bution floor via the price floor, and I show analytically that the welfare effect of a change
in the mandate decomposes into a fiscal and an equilbrium components. A key feature of
the model is that the utility of consumption is strictly concave, departing from the quasi-
linear specification commonly used in the literature (Einav et al., 2013; Marone and Sabety,
2022). This departure is not incidental: with quasi-linear utility, the willingness to pay for
insurance is independent of income, and the mandate floor has limited interaction with
the demand side. With concave utility, the marginal value of consumption varies with
income, and this interacts with the willingness to pay for insurance: at low incomes, the
marginal utility of consumption is too high to justify expensive coverage; at high incomes,
risk aversion becomes less important and willingness to pay declines. In my setting, this
further interacts with the mandate floor, which generates a potentially complex relation-
ship between income and willingness to pay for insurance that a non-linear utility is better
suited to capture. This non-linearity also lets the relationship between healthcare spend-
ing and income emerge more naturally from the model, a correlation that plays a critical
role in my analysis.

For the empirical implementation, I estimate a structural model of plan choice and health
care utilization using administrative data on enrollees in Chile’s private health insurance
market (ISAPREs) in 2012. The Chilean setting is particularly well-suited for this analy-
sis. The mandate floor is transparent and directly observed. Risk-adjusted premiums are
computed from observed base premiums and regulatory risk factor tables. The market
offers meaningful plan differentiation in terms of coverage and prices, and the adminis-
trative records include individual-level health spending, income, demographics, and plan
choices. I estimate the model via Markov Chain Monte Carlo, treating the moral hazard
parameter as a latent variable recovered through data augmentation, and inverting the
first-order condition to pin down the health shocks from individual observed spending.

The counterfactual exercises raise the mandate from 7% to 8% of income and compute the
new equilibrium under a constant-wedge assumption for insurer pricing. The decompo-
sition proceeds in two steps. The fiscal counterfactual applies the 8% floor but holds plan
choices at their baseline (7%) probabilities, so that the welfare change comes exclusively
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from the mechanical increase in premiums for bound enrollees. The full counterfactual
allows consumers to re-optimize their plan choices and insurers to adjust premiums in re-
sponse to the new composition of the risk pool. The equilibrium channel is the difference
between the full and fiscal counterfactuals. I find that the equilibrium channel is econom-
ically negligible: the compensating variation under the fiscal counterfactual is virtually
identical to that under the full counterfactual, both in aggregate and across the income
distribution.

I then compare the mandate increase to a direct transfer policy that raises the same rev-
enue through an extra 1% income tax on people who would be bound in the 8% mandate
counterfactual, but distributes it as a lump-sum cash to unbound enrollees. Since the
mandate operates as a near-pure transfer, routing the redistribution through the insur-
ance market rather than through direct transfers is costly: the insurer captures the wedge,
and the incidence falls disproportionately on middle-income enrollees who are bound but
receive little additional coverage value. At moderate levels of inequality aversion, the di-
rect transfer generates greater welfare gains because it avoids insurer intermediation and
can be targeted more efficiently.

These empirical findings are specific to the Chilean setting, but the framework is general.
In the Chilean market, where premiums are risk-rated and the mandate operates on the
intensive margin of plan choice (all ISAPRE enrollees are already insured), the equilib-
rium channel is small because the mass of switchers is low and the de facto risk-rating
that insurers are able to implement already internalizes much of the cost variation with
income. In pure community-rated markets, or in settings where the contribution floor
operates on the extensive margin of insurance take-up, the equilibrium channel could be
larger. The decomposition framework is designed to quantify this in any specific setting,
and the magnitudes of the fiscal and equilibrium channels are empirical questions that
depend on market structure, the degree of risk-rating, and the price sensitivity of plan
choices.

This paper contributes to several strands of the literature. First, it contributes to the lit-
erature on mandates and welfare in insurance markets. The conceptual foundations for
welfare analysis in insurance markets with adverse selection are provided by Einav et al.
(2010) and Einav and Finkelstein (2011), who develop the cost-curve and willingness-to-
pay framework that has become the standard tool for evaluating regulatory interventions.
Hackmann et al. (2015) apply this framework directly, using pre- and post-mandate equi-
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libria in Massachusetts to trace out demand and average cost curves and decompose the
welfare effect into an adverse selection correction and a markup reduction, finding large
welfare gains from bringing healthier individuals into the risk pool. Despite being mainly
methodological, Azevedo and Gottlieb (2017) apply their method to analyze mandates
within a competitive equilibrium framework, characterizing how mandates shift equi-
librium allocations under adverse selection and the potential unintended consequences
of them. Bundorf et al. (2012) study welfare in employer-sponsored plan choice using a
revealed-preference approach, quantifying the efficiency costs of adverse selection in a
setting with multiple plans. All of these papers, and the broader literature on welfare in
insurance markets, analyze settings in which the regulatory instrument operates through
channels that do not directly alter the price of insurance conditional on purchase. I study
a fundamentally different instrument. Contribution-floor mandates create a wedge be-
tween the premium paid and the plan’s actuarial value, generating a fiscal transfer chan-
nel that is absent under penalty-based mandates. The decomposition into fiscal and equi-
librium channels is new, and the empirical finding that the equilibrium channel is neg-
ligible in Chile’s risk-rated market contrasts with the penalty-based mandate literature,
where the selection correction is the primary source of welfare gains. This contrast is not
a theoretical prediction, however: it is an empirical result that depends on the degree of
risk-rating and the structure of the market.

Second, it contributes to the growing literature on market design in regulated health in-
surance. A range of regulatory instruments and their effects on market outcomes was
previously studied in the literature: subsidies (Finkelstein et al., 2019; Tebaldi, 2025), risk
adjustment (Glazer and McGuire, 2000; Brown et al., 2014; Einav et al., 2025), and market
structure and pricing regulation (Curto et al., 2021; Marone and Sabety, 2022). Einav et al.
(2025) represents a recent push toward studying these instruments jointly, showing that
subsidies and risk adjustment interact through their effects on equilibrium pricing and
markups. This paper adds contribution floors to this toolkit, a distinct and internationally
prevalent instrument. The finding that Chile’s contribution floor functions primarily as
a fiscal transfer, with negligible selection effects, has direct implications for how policy-
makers in countries with income-based mandates should evaluate changes in contribution
rates. It suggests that, at least in risk-rated markets, the mandated contribution is better
understood as a tax-and-transfer scheme than as a tool for improving market efficiency.

Third, it contributes to the literature on structural estimation of insurance demand and
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moral hazard. I build on the framework of Einav et al. (2013), departing from their quasi-
linear consumption utility by assuming strict concavity. This departure is motivated by
the empirical setting: with a contribution-floor mandate, the interaction between income
and the willingness to pay for insurance is central to the analysis, which is naturally gen-
erated by a concave utility of consumption. The use of concave utility is not without
precedent (Cardon and Hendel (2001), for instance, use CARA preferences) but it is un-
common in recent work on moral hazard and plan choice, which has largely followed the
quasi-linear tradition. The model also relates to Marone and Sabety (2022), who estimate
a model of vertical plan choice with moral hazard in the ACA marketplace, and to Han-
del (2013), who combines adverse selection with inertia in a structural framework used
for counterfactual market design. My setting differs in that the contribution floor cre-
ates a price floor that varies continuously with income, generating a source of premium
variation that is absent in community-rated markets and that is the object of the welfare
analysis.

2 Institutional Setting

2.1 The Chilean Health Insurance System

Chile’s health system is characterized by the coexistence of a public and a private system.2

Workers in the formal sector and retirees are required to acquire health insurance, choos-
ing between the public option, administered by an institution called FONASA (Fondo Na-
cional de Salud), and the private plans offered by insurers known as ISAPREs (Instituciones
de Salud Previsional). In 2012, 76.5% of the Chilean population was enrolled in FONASA,
whereas 17.5% had acquired a private health plan.3 These shares were relatively stable
throughout the decade.

A central feature of the system is the mandatory contribution: irrespective of specific
choices, each person must pay at least 7% of her income as a health insurance premium.4

This income-based mandate is the policy instrument at the center of this paper. It dif-

2For more detailed descriptions of the Chilean health system, see Atal (2019), Duarte (2012), Palmucci
and Dague (2014), and Cuesta et al. (2025).

3The rest of the population was either in a separate system, such as the armed forces’ health system, or
was uninsured (Palmucci and Dague, 2014).

4There is a cap on contribution income (tope imponible) of approximately 2,500 US dollars per month (in
2012 values), which is binding for a non-negligible fraction of higher-income enrollees. I discuss how this
cap is handled in the empirical model in section 3.

6



fers fundamentally from the binary mandates studied in the U.S. context — such as the
Massachusetts individual mandate analyzed by Hackmann et al. (2015) — because the
contribution is proportional to income rather than a fixed penalty. As I show in the the-
oretical framework, this distinction has important implications for the welfare effects of
mandate changes.

2.2 The Public Option: FONASA

Enrollees in the public option are classified into one of four income-based groups that
determine their coinsurance rates for public healthcare services. Groups A and B (the
poorest enrollees) face zero coinsurance, while groups C and D face coinsurance rates of
10% and 20%, respectively. People in the public plan have access to public providers, and
those in groups B through D can also choose to visit private providers in the FONASA
network, albeit at substantially higher out-of-pocket costs. In practice, most public option
enrollees rely on public healthcare services (Cuesta et al., 2025).

Movement between the FONASA and ISAPRE systems is limited. The two systems serve
substantially different populations: private plan enrollees are richer, younger, healthier,
and more likely to be male than public option enrollees, as illustrated in Appendix Fig-
ures A.1–A.3. While there is meaningful overlap in the income distributions of the two
systems (Appendix Figure A.1), the differences in age composition (Appendix Figure A.2)
and health status (Appendix Figure A.3) are stark. This segmentation, combined with the
very different nature of the products offered — public providers with low copays versus
private providers with risk-rated premiums — means that the two markets are largely
separate.5

2.3 The Private Market: ISAPREs

The private market is the focus of this paper. In 2012, there were seven open ISAPREs
(whose plans are available to anyone) and a small number of closed ISAPREs (which offer
plans only to the employees of specific affiliated firms). The five largest open ISAPREs
cover approximately 95% of the private market.6

5This is consistent with the treatment of the two systems in the Chilean health economics literature
(Duarte, 2012; Pardo, 2019; Cuesta et al., 2025). Sapelli (2004) documents the risk segmentation between
systems and show that adverse selection operates primarily at the FONASA-ISAPRE boundary rather than
within either system.

6The closed insurers had only 3.7% of total private market enrollees in 2012.
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Premiums and the mandate. Each private plan has a base premium, which is then ad-
justed by a demographic-specific risk factor. ISAPREs are allowed to maintain up to two
risk-pricing tables per insurer, establishing the multipliers applied to the base premium
according to the enrollee’s age and gender.7 The risk-adjusted premium determines the
plan’s actuarial price for a given individual. However, the mandate imposes a floor: the
premium an enrollee pays is the maximum of the risk-adjusted premium and 7% of her
income. That is, the premium for individual i in plan j is

pij = max{ p̃ij, 0.07 × yi}

where p̃ij is the risk-adjusted premium and yi is the enrollee’s income. When 0.07 × yi >

p̃ij, the enrollee is bound by the mandate: the insurer receives the full mandatory contribu-
tion, which exceeds the actuarially determined premium.

This is the mechanism that distinguishes income-based mandates from binary mandates.
Under a binary mandate, the penalty for not purchasing insurance is a fixed amount —
the effective price of insurance is reduced uniformly by π for everyone. Under an income-
based mandate, the effective price of insurance is max{ p̃ij, τyi}, which depends on the
enrollee’s income. For enrollees whose risk-adjusted premium exceeds the mandate floor,
the mandate has no effect on the price they pay. For bound enrollees, the mandate acts
as an income-proportional tax whose revenue accrues to the insurer. This creates a fiscal
transfer channel that is absent in binary mandate designs.

Excedentes. When the mandatory contribution exceeds the plan price, the difference,
known as the excedente, is deposited into an individual account managed by the ISAPRE.
These funds can be used for copayments, uncovered health services, and other health-
related expenses.8 However, ISAPREs routinely adjust plan prices to absorb the contri-
bution through the annual adecuación process. Specifically, when excedentes exceed 10%
of the legal contribution in successive annual adjustments, ISAPREs are required to offer

7Recently, and not directly relevant to this paper, gender-based pricing was abolished. See also Cuesta
et al. (2025), who document that insurers effectively achieve finer demographic price discrimination by
creating multiple plan codes with identical coverage but different base premiums targeted at different de-
mographic segments. In section 4, I describe how I handle this in the data.

8See Superintendencia de Salud (2013) for details. Since 2009, excedentes are irrenunciable: enrollees
cannot waive them in exchange for plan upgrades (Ley N◦ 20.317).
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an alternative plan whose price better matches the contribution.9 Given their negligible
prevalence, I abstract from excedentes in the model.

Coverage and plan characteristics. Private plans in Chile do not have deductibles. They
do, however, impose limits on insurer liability: an annual cap on total covered expenses
(generally high and rarely binding) and a per-procedure cap on the amount the insurer
covers each time a procedure is performed. These per-procedure caps mean that the effec-
tive coverage of a plan can differ from the coinsurance rates used to market it. Regarding
provider networks, unlike the U.S., plan networks in Chile are usually open. They are
either fully open or have tiered networks with preferred providers (as in a PPO), with a
negligible fraction of enrollees in plans with closed networks.

Preexisting conditions. Private plans can partially or completely deny coverage to newly
enrolled individuals based on a declaration of preexisting conditions.10 Enrollees who
switch insurers may lose guaranteed renewability protections, which creates a degree of
lock-in within the private system. This institutional feature reinforces the segmentation
between FONASA and ISAPREs, as switching from a private plan to the public option (or
vice versa) involves re-entering a system with very different rules.11

2.4 Relevance to Other Income-Based Mandate Systems

Many health insurance systems worldwide link the price of insurance to income. The
specific institutional mechanisms vary. In some systems, such as Chile and Colombia,
the mandatory contribution is proportional to income and flows directly to the insurer
(Guerrero et al., 2011). In Germany’s statutory health insurance, income-dependent con-
tributions account for the bulk of system financing and are pooled centrally before be-

9As of December 2012, while 48.2% of ISAPRE affiliates had an active excedente account from past
accumulation, the average per-capita balance was approximately 84,000 CLP ($160 USD) (Superintendencia
de Salud, 2013). In the full cotizantes data for 2012, only 1.3% of enrollees have a total premium below their
7% contribution. This confirms that the adecuación mechanism effectively eliminates most excedentes.

10Atal (2019) studies this issue in more detail, finding that about 20% of people with a preexisting condi-
tion in the private market are affected by this feature.

11This is an additional reason to treat the two systems as largely separate markets beyond the differ-
ences in populations and product characteristics. Moreover, the preexisting condition mechanism primarily
affects switching between insurers, not plan choices within an insurer. Since my counterfactual exercises in-
volve a 1 percentage point change in the mandate rate, a perturbation too small to plausibly induce insurer
switching, I abstract from this feature in the model. If anything, the resulting lock-in further limits the scope
for plan resorting, reinforcing the finding of a small equilibrium channel.
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ing redistributed to sickness funds via risk adjustment (Blumel and Busse, 2020). In the
Netherlands, roughly half of total system funding comes from income-related contribu-
tions, alongside community-rated premiums (Kroneman et al., 2016). In Switzerland, pre-
miums are community-rated per plan and region, and the income-linked component of
insurance pricing enters through cantonal and federal subsidies that reduce the effec-
tive price for lower-income households (De Pietro et al., 2015). Kauer et al. (2026) pro-
vide a recent comparative analysis of regulated competition in health insurance markets
across Germany, the Netherlands, Switzerland, and the U.S. Marketplaces, documenting
how income-based financing interacts with risk adjustment and competition in these sys-
tems. Despite these institutional differences, all of these systems share a common feature:
the effective price of insurance depends on income, whether through the premium itself,
through centrally pooled contributions, or through subsidies.

This common feature is what makes the welfare decomposition developed in this paper
broadly relevant. In any system where the income-linked component of insurance pricing
changes, whether by raising a contribution rate, adjusting a subsidy schedule, or mod-
ifying a tax, two forces are at play. The first is a mechanical fiscal transfer: resources
move between consumers, insurers, or the government as a direct consequence of the
price change. The second is a potential behavioral response: consumers may alter their
plan choices, changing risk pool composition and potentially affecting market efficiency.
The framework I develop separates these two forces and quantifies the relative impor-
tance of each.

While the Chilean ISAPRE market is the setting for my empirical analysis, the concep-
tual contribution, i.e., that income-based mandates operate through a fiscal channel that
is absent in binary mandates, and that this channel can dominate the equilibrium channel,
applies whenever the price of insurance is tied to income. The relative magnitudes of the
fiscal and equilibrium channels in any specific country, however, are empirical questions
that depend on the degree of risk-rating, the structure of the plan menu, and the price sen-
sitivity of plan choices. The Chilean market provides a particularly clean setting for this
analysis because the mandate floor is transparent, risk-adjusted premiums are observed
in administrative data, and the within-system plan choice allows for a detailed structural
estimation of the demand for insurance coverage.
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3 Model

Here, I present a two-stage model of health plan and utilization to guide the analysis. The
empirical specification used in the estimation is based on this model, but with a richer
environment that more closely matches the empirical setting.

Assume agents are in a market where two health plans exist: plan H, with coverage cH = 1
(i.e., full coverage), and plan L, with coverage cL ∈ (0, 1). Agent i is characterized by
(yi, ωi, Fi), where yi is her income, ωi a parameter that will control her ex-post moral hazard
conditional on income, and Fi is the cdf of the distribution of her health shock λi, where
λi ≥ 0 and higher values denote worse health shocks.

In the first stage, agents must choose their health plan without knowing the realization of
λ. Each agent i chooses her plan j according to

j = argmax
j′

Vij′

where
Vij′ = Eλi [Uij′ ]

In the equation above, Uij′ denotes the second stage utility of plan j′ for agent i and the
expectation is taken with respect to the distribution of the health shock λi.

In the second stage, the health shock is realized and the agent chooses consumption zij

and health spending hij conditional on the realization λi and the plan choice j. The second
stage utility is given by

Uij = u(zij) + f (hij, λi, ωi)

s.t. zij = yi − pij − (1 − cj)hij

zij > 0 , hij ≥ 0

where the utility of consumption and the utility derived from health spending are as-
sumed to be additively separable and pij is the premium of plan j to agent i. Assuming
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the mandate is such that enrollees must pay in premiums at least τyi,

pij = max{ p̃j, τyi}

where p̃j is the premium floor set by the insurer. Moreover, we make the following as-
sumptions on the functions u and f :

u′ > 0 , u′′ < 0 , u(0) = −∞ , lim
z→∞

u(z) = ∞

∂ f
∂h

> 0 ,
∂ f
∂λ

< 0 ,
∂2 f
∂h2 < 0 ,

∂2 f
∂h∂λ

> 0

Assume also that, under the healthiest possible state λ = 0, there is no value of spending
anything in health:12

∂ f
∂h

(h, 0, ωi) = 0 ∀h ≥ 0

We can then substitute the budget constraint into the second stage utility function; the
agent’s problem in the second stage then becomes

max
0≤h<yi−pij

u(yi − pij − (1 − cj)h) + f (h, λi, ωi)

Second-stage solution. Taking first-order conditions,

−(1 − cj)u′(yi − pij − (1 − cj)h
λi
ij ) +

∂ f
∂h

(hλi
ij , λi, ωi) = 0

Where hλi
ij denotes the optimal value of medical spending. Given the assumptions made

on u and f , the solution hλi
ij (yi − pij, cj, λi, ωi) exists, is unique, and

hλi
ij ∈ [0, yi − pij)

One point is worth noticing. As previously mentioned, ωi controls the degree of moral
hazard conditional on income, which differs from models that are linear in consump-
tion, typically used in the literature. The distinction becomes clearer when we look at the

12I define the partial derivative of f with respect to h at zero as the right derivative.
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first-order condition: here, income itself impacts how much agents respond to changes
in coinsurance rates (or the price of acquiring health care) due to the concavity (or, more
generally, the non-linearity) of the consumption utility function. Given that low-income
individuals have higher marginal utility of consumption, this direct income effect makes
lower-income agents more sensitive to the price of healthcare (Acquatella, 2024). The pa-
rameter ωi controls the degree of the price response conditional on the income level.13

We can also use the first-order condition to characterize how changes in λi, yi, and cj affect
the solution through the implicit function theorem. Applying that, we get that

dhλi
ij

dλi
= −

∂2 f
∂h∂λ (h

λi
ij , λi, ωi)

(1 − cj)2u′′(yi − pij − (1 − cj)h
λi
ij ) +

∂2 f
∂h2 (h

λi
ij , λi, ωi)

> 0

dhλi
ij

dyi
=

(1 − cj)u′′(yi − pij − (1 − cj)h
λi
ij )

(1 − cj)2u′′(yi − pij − (1 − cj)h
λi
ij ) +

∂2 f
∂h2 (h

λi
ij , λi, ωi)

> 0

dhλi
ij

dcj
= −

u′(yi − pij − (1 − cj)h
λi
ij )− (1 − cj)u′′(yi − pij − (1 − cj)h

λi
ij )

(1 − cj)2u′′(yi − pij − (1 − cj)h∗ij) +
∂2 f
∂h2 (h

λi
ij , λi, ωi)

> 0

First-stage solution. For simplicity, let us assume the following:

• There are two health states: λi ∈ {0, λ}, with λ > 0.

• For agent i, the bad health state (λ) happens with probability πi.

Then, agent i chooses plan L if

(1 − πi)[u(yi − piL) + f (0, 0, ωi)] + πi[u(yi − piL − (1 − cL)hλ
iL) + f (hλ

iL, λ, ωi)] >

(1 − πi)[u(yi − piH) + f (0, 0, ωi)] + πi[u(yi − piH) + f (hλ
iH, λ, ωi)]

13Because of this nuance, I refrain from assuming that changes in spending associated with changes in
healthcare coverage are socially wasteful when talking about welfare. However, I still refer to it as moral
hazard, due to the fact that the term is already well-established in the literature.
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Rearranging[
(1 − πi)u(yi − piL − (1 − cL)h0

iL) + πiu(yi − piL − (1 − cL)hλ
iL)
]
− u(yi − piH) >

πi

[
f (hλ

iH, λ, ωi)− f (hλ
iL, λ, ωi)

]
Given the assumptions, the right-hand side is strictly positive, since

dhλi
ij

dcj
> 0 =⇒ hλ

iH > hλ
iL

This means that, for plan L to be chosen, it must be true that

piL < piH

This means that, for L to be chosen,

p̃L < p̃H & τyi < p̃H

In other words, for L to be chosen by agent i, the mandate cannot be binding for both
plans, and can only be binding at most for plan L.

Effect of health on plan choice. Notice that, since hλ
iL > 0 and given the assumptions, we have

that
u(yi − piL) > u(yi − piL − (1 − cL)hλ

iL)

Hence, if the consumer becomes healthier — i.e., if πi decreases —, the condition holds
for more agents, since the left-hand side of the inequality grows and the right-hand side
decreases with everything else held constant. Therefore, plan L tends to have healthier
people.

Effect of income on plan choice. For small changes in income, there is ambiguity on how plan
choice changes:

• If the mandate binds for plan L, the premium difference decreases for an increase in
income, which makes plan H more attractive.

• However, given the concavity assumptions, an increase in income also means that
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the value of insurance decreases.

For large increases, the mandate also starts to bind for H, which pushes agents above a
certain income threshold to the plan with better coverage, H, since both plans cost them
the same.

Welfare when mandate changes. Let us consider what happens with welfare, including
both consumer welfare and profits, when the income mandate changes from τ0 to τ1 > τ0.

First, let us define some objects:

• Let p̃ be a vector of base premiums for all plans. In equilibrium, these prices depend
on the mandate level, so we have that p̃ = p̃(τ). For simplicity, we denote

p̃N := p̃(τN)

• Let D = {j∗(i)}i denote the assignment of enrollees to plans. D depends on the
mandate and the base premiums, so D = D(τ, p̃). In equilibrium, we have that

D = D(τ, p̃(τ))

For simplicity, denote
DN := D(τN, p̃(τN))

Denote by W(τ, p, D) the total welfare when the mandate is given by τ, the vector of base
premiums is p, and the plan choices are given by D. Then, when the mandate changes
from τ0 to τ1, we have

∆W(τ1, p̃1, D1; τ0, p̃0, D0) = W(τ1, p̃1, D1)− W(τ0, p̃0, D0)

This can be rewritten as

∆W(τ1, p̃1, D1; τ0, p̃0, D0) = W(τ1, p̃0, D0)− W(τ0, p̃0, D0)︸ ︷︷ ︸
Fiscal channel - ∆WFiscal(τ1,τ0)

+W(τ1, p̃1, D1)− W(τ1, p̃0, D0)︸ ︷︷ ︸
Equilibrium channel - ∆WEquil(τ1,τ0)
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The first term on the right-hand side above is the change in welfare due to the change in
the mandate only, while holding base premiums and choices fixed: the fiscal channel. The
second term is the change in welfare from holding fixed the mandate at the new level, but
letting base premiums and choices adjust to the new equilibrium level, which I call the
equilibrium channel.

Changes in consumer surplus will be measured using the compensating variation. In
other words, for consumer i, assuming the mandate is changing from τA to τB, ∆CSi =

CVi, where CVi is defined by the value that satisfies

Vij(yi − CVi | τB, p̃B, DB) = Vij(yi | τA, p̃A, DA)

This means that, in general, CVi = CVi(τB, p̃B, DB; τA, p̃A, DA) Denote by πij(τ, p̃) the
profit generated by consumer i choosing plan j under mandate τ and base premiums p. I
measure changes in welfare by the sum of all the individual compensating variations and
the sum of the differences in total profits. In other words,

∆W(τ1, p̃1, D1; τ0, p̃0, D0) = ∑
i

CVi(τ1, p̃1, D1; τ0, p̃0, D0) + ∑
i

[
πiDi

1
(τ1, p̃1)− πiDi

0
(τ0, p̃0)

]

where Di
N is the i-th component of DN — thus, the choice of the i-th agent according to

DN. We can then write the fiscal and equilibrium channels in terms of these objects:

∆WFiscal(τ1, τ0) = ∑
i

[
CVi(τ1, p̃0, D0; τ0, p̃0, D0) + πiDi

0
(τ1, p̃0)− πiDi

0
(τ0, p̃0)

]
∆WEquil(τ1, τ0) = ∑

i

[
CVi(τ1, p̃1, D1; τ1, p̃0, D0) + πiDi

1
(τ1, p̃1)− πiDi

0
(τ1, p̃0)

]

Focusing on the fiscal channel, remember that pij(τ) = max( p̃j, τyi). Then, when the
mandate changes from τ0 to τ1, there are three cases to consider from an individual point
of view:

• τ1yi ≤ p̃j — In this case, the agent is never bound by the mandate. Since we fix
premiums and choices in the fiscal channel, nothing changes for these consumers,
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so
CVi = πiDi

0
(τ1, p̃0)− πiDi

0
(τ0, p̃0) = 0

• τ0yi ≥ p̃j — When this is true, the agent is already bound by the mandate to begin
with. Then, the extra premium she pays is given by ∆pij = (τ1 − τ0)yi. Hence, the
compensating variation satisfies

Vij(yi − τ1yi − CVi) = Vij(yi − τ0yi)

Hence,
CVi = −(τ1 − τ0)yi

For the insurer, the gain in profits is given by

πiDi
0
(τ1, p̃0)− πiDi

0
(τ0, p̃0) = (τ1 − τ0)yi

This means that the fiscal channel is essentially a transfer from consumers to insurers
that is net neutral.

• τ0yi < p̃j < τ1yi — These are the people who were not bound initially but, keeping
base premiums fixed, would become bound under the new mandate. In this case,
∆pij = τ1yi − p̃j and the same logic from the previous case applies.

This means that only people who, under the new mandate but the initial prices and
choices, contribute to the fiscal channel. Hence, we can write

∆WFiscal(τ1, τ0) = ∑
i∈τ1-bound

[
CV0

i (∆pi) + ∆pi

]
where ∆pi is the difference in premium for agent i fixing base premiums and choices at
the initial state and CV0

i (∆pi) is the compensating variation for the same consumer when
premiums change by ∆pi and the other variables are held at their initial values. Then,
CV0

i (∆pi) = −∆pi and

∆WFiscal(τ1, τ0) = 0

In the empirical exercise later, I also consider the changes with different distributional
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weights ε > 0. In this case, I weight the compensating variation by wi = (yi/ȳ)−ε, fol-
lowing the inequality-aversion framework of Atkinson (1970) and Saez and Stantcheva
(2016):14

∆WFiscal(τ1, τ0) = ∑
i∈τ1-bound

[
wiCV0

i (∆pi) + ∆pi

]
where ȳ is the average income. In this case, we may have |CV0

i (∆pi)| ̸= ∆pi, with
|CV0

i (∆pi)| > ∆pi for poorer individuals and |CV0
i (∆pi)| < ∆pi for richer ones.

The equilibrium channel is significantly more complex since it involves equilibrium re-
sponses. But before we turn to a qualitative analysis of the equilibrium channel, we need
some extra assumptions. Denote by kij the expected cost generated by consumer i for plan
j, while K̄j denotes the average expected cost per enrollee for plan j. Similarly, let rij be the
mandate wedge for agent i who acquires plan j (i.e., the difference between the premium
effectively paid and the base premium, positive if the mandate binds for agent i) with
R̄j denoting the average mandate wedge per enrollee in plan j. Then, I assume that the
equilibrium base premium for plan j, p̃j, is such that

dp̃j

dK̄j
> 0 ,

dp̃j

dR̄j
≤ 0 ∀j

In other words, with the first assumption, the equilibrium base premiums increase (de-
crease) when average costs increase (decrease). The second assumption reflects the fact
that, everything else constant, an above-normal revenue from mandate wedges generated
by enrollees puts downward pressure in base premiums due to competitive pressure.

The equilibrium channel. We can understand the equilibrium channel as working through
two different mechanisms when the mandate goes from τ0 to τ1 > τ0. The first is the fact
that people in a particular plan who are bound by the mandate have now to pay a higher
price for the plan. This increases how much the insurer gets in mandate wedges which,
per the assumptions above, may generate competitive pressure and decrease base premi-
ums for the plan. The second channel is related to the change in the enrollee composition
caused by changes in choices. Some people who were not bound by the mandate will be-
come bound, together with people who were bound for plan L but not for plan H, will see
the difference in the effective prices they pay for each plan shrink. This will increase the
incentives of those of this groups of people who were acquiring plan L to switch to plan

14I discuss the empirical implementation and the choice of ε values reported in subsection 6.2.
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H. This changes the enrollee composition of each plan, which can push base premiums
up or down depending on whether the switchers are more or less costly than the average
of each plan.

To fix ideas, especially in what concerns the effect of switchers, it is useful to consider a
slightly simpler scenario that can be graphed. Consider that we only have plan H, while
plan L is the same as uninsurance, so we just have one plan to think about. Assume the
mandate is rising, again, from τ0 to τ1. Let us first consider the case where income and
spending are negatively correlated, so that richer people are less costly to insure. Figure 1a
shows the initial equilibrium.

Figure 1: Selection channel when income-spending correlation is negative
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(b) Mandate increase: τ0 → τ1

Notes: The figure represents the situation of a market when the income-spending correlation is negative, i.e.,
medical spending falls with income and richer people are less costly to insure than poorer people (because,
for instance, income and health are positively related). Plan H enrollment under income-based mandate.
WTP for plan H is decreasing in income due to declining risk aversion and decreasing cost curve; the cost
curve k(y) is decreasing under positive income-health correlation. Panel (a): under τ0, voluntary buyers
(low-income, high-WTP, high-cost) and mandate buyers (high-income, bound, low-cost) enroll, while a
middle group does not. Panel (b): when τ1 > τ0, some non-buyers in (y′2, y2) enter (green); already-bound
enrollees pay a higher wedge (orange). Whether the new buyers’ costs are above or below the pool average
determines the sign of the cost composition effect. The base premium p̃H may also shift downward in
equilibrium due to competitive pressure from extra mandate revenue (not shown).

The graph shows the WTP curve as a function of income, as well as the mandate. The
solid black line shows the final premium each enrollee will pay based on income: if the
base premium is higher than the mandate curve, people pay the base premium; otherwise,
people pay what is prescribed by the mandate, generating the non-linear price in the fig-
ure. For people unbound by the mandate, who I call voluntary buyers, they acquire plan
H as long as the WTP curve is above the base premium. When the mandate starts to bind
people, since there is no price differential for them anymore and they value insurance,
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they acquire plan H; I call these mandate buyers. The people with incomes between y1

and y2 are unbound by the mandate, but their WTP is less than the base premium: these
are the non-buyers. Notice that we have two groups of buyers then: one that is sicker and
buys insurance because they significant value insurance (the voluntary buyers) and richer,
healthier people, who only buy plan H because they have to pay the mandate regardless
of their choice and they value insurance to some extent.

Figure 1b shows what happens when we move the mandate to τ1. First, notice that, for
mandate buyers, insurers gain an extra wedge indicated in orange, which can generate
a downward pressure on base premiums. For clarity, I do not present the base premium
movements in the figure, but notice that this might induce poorer (and more costly, in this
case) people to choose plan H, dampening this effect.15

Regarding switchers, now the mandate starts to bind people with income above y′2 < y2,
which was the income at which the mandated started to bind under τ0. Now, people with
incomes between y′2 and y2, despite having WTP lower than the base premium, have
to pay according to the mandate regardless of their choice. Since they value insurance,
they switch to plan H, changing the plan composition. This will, in turn, affect the base
premium p̃H, but the direction in which this effect will push is ambiguous: it depends
on whether these switchers are more or less costly than the average enrollee of plan H.
Notice that this is unclear, since there are two groups of buyers with different sizes and
cost profile.

The case of positive correlation between income and health spending, where richer people
are more costly to insure than poorer people, is shown in Figure 2. Notice that, despite the
costs being increasing in income, I still assume the WTP curve is decreasing in income.
This happens because WTP depends not only on health, but also on how the insurance
value for individuals varies with income. If we consider, for instance, a utility of con-
sumption with a log form, the same risk (in absolute terms) will be less valued by rich
people than by poor people. Hence, the WTP increases with income only if this effect is
dominated by the increase in health risk, which is more likely at higher incomes, where
the mandate is more likely to bind. In any case, in Appendix C, I show the analysis for the
case where WTP is increasing in income.

When income and spending are positively correlated, the analysis is qualitatively unam-

15In the graph, this effect would amount to an unambiguous downward shift of the base premium, with
the rest of the analysis, particularly concerning switchers, remaining the same.
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Figure 2: Mandate increase under positive income-spending correlation
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Notes: The figure shows what happens when the mandate increases under positive income-spending cor-
relation (richer people are more costly to insure). WTP is still decreasing (risk aversion dominates), but
the cost curve k(y) is now increasing. Voluntary buyers on the left are low-cost (poor but healthy), while
mandate buyers on the right are high-cost (rich but sick). New buyers in (y′2, y2) have intermediate-to-high
costs, making it more likely that they worsen the risk pool relative to the incumbent average.

biguous. Now, the voluntary buyers are the inexpensive ones, whereas the mandate buy-
ers are the costly ones to insure. The same effect of the increase in the mandate wedge
exists, which will tend to push the base premium downwards in equilibrium. However,
now the effect of switchers goes in the same direction: people with lower income, who
in this case are definitely cheaper to insure, join plan H, decreasing the average cost per
enrollee and, in equilibrium, pushing base premiums down.

Another interesting point concerns the strength of the correlation between income and
medical spending and its relationship to the effect generated by the switchers via enrollee
composition. This is shown in Figure 3.

In Figure 3, we again look at the situation where health and spending are negatively cor-
related, but now we include two potential cost curves: one where the income-spending
correlation is weak, with an essentially flat curve, and another with a stronger correlation.
The figure also indicates the average cost per enrollee, which is assumed to be the same for
both cases. With a weak correlation, notice that people who may switch plans when the
mandate varies are all very similar in terms of costs, and also very similar to the initial en-
rollees (and the average cost). Hence, they have a limited scope to affect base premiums.
When the correlation is stronger, the switchers may exhibit larger differences with respect
to the average cost per enrollee, which generates larger effects on equilibrium premiums.
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Figure 3: Cost composition effect of new buyers and magnitude of income-spending cor-
relation
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Notes: The graph shows the cost composition effect of new buyers under different strengths of the income-
spending correlation. Under a strong negative income-spending correlation (solid red), new buyers in
(y′2, y2) have costs below K̄H , improving the pool. Under a weak correlation (dashed red), new buyers
have costs near K̄H , with a muted effect regardless of direction.

In light of this analysis, note that, for the equilibrium channel to be potentially relevant,
two conditions must typically be met. First, there must be a non-negligible pool of un-
bound enrollees whose plan choices could change under the mandate increase. Second,
the residual correlation between income and costs (i.e., after accounting for any risk-rating)
must be sufficiently strong. Risk-rating absorbs cost variation driven by observable demo-
graphics, flattening the residual cost curve. In markets where risk-rating is pervasive (as
in the Chilean ISAPRE system), even a strong unconditional correlation between income
and costs does not guarantee a strong equilibrium channel.

4 Data

In this section, I describe my main data sources. Moreover, I make explicit the assump-
tions I make to be able to combine all the data I have, as well as those I make to allow the
data to be fully compatible with the empirical model described in the next section.

Overview of the Main Datasets. The main dataset comes from Chile’s private insur-
ance regulatory agency, Superintendencia de Salud (Superintendencia de Salud, 2012). This
administrative dataset contains claims data for all privately insured people in Chile. De-
spite being anonymized, these data can be complemented with other data from the same

22



agency on the basic characteristics of each enrollee — age, gender, district of residence,
number of dependents, and income16 — and with data on plan characteristics — base
premium, age-gender risk adjustment factors, general outpatient and inpatient coinsur-
ance rates — for plans that are held by at least one person.17

I have access to the data for 2011 and 2012. Unlike in markets with a limited enrollment
period (as in the U.S.), ISAPRE contracts are signed throughout the year, with each con-
tract running for one year from the month of signing. To capture a consistent measure
of annual healthcare utilization, I aggregate each enrollee’s medical claims over the 12
months following her contract start month, regardless of whether that window begins in
2011 or January 2012. Each enrollee thus contributes exactly one year of data, with the cal-
endar window varying across enrollees according to their contract start date. I attribute to
each enrollee the plan she held as of January 2012; if she changes plans during her contract
year, her aggregated claims still include all observed expenditures under both the prior
and subsequent plans.18

Additionally, for some auxiliary graphs regarding the general characteristics of the Chilean
market discussed in section 2, for both the public option and the private market, and
considering the full population, I use data from the 2013 Chile National Socioeconomic
Characterization Survey (CASEN) (Instituto Nacional de Estadísticas, 2013).

Adjustments to Plans Data. The Chilean private health insurance market has a signifi-
cant number of formally distinct plans. However, many of these plans are essentially the

16Technically, what is reported is the income relevant for the calculation of the mandate, which is capped
at a statutory ceiling (tope imponible). The unit of observation throughout the analysis is the cotizante (policy-
holder, i.e., the contracting party who pays the premium), not total covered lives. Each cotizante represents
one contract and one decision unit; a household with dependents (cargas) covered under a single contract
appears linked to one cotizante in the data. Although a non-negligible share of policyholders in my sample
seem to have their incomes censored due to this restriction, this is unlikely to affect my results since the cap
is relatively large compared to the typical income and because the vast majority if not all of these enrollees
are inframarginal in the counterfactual exercises.

17These data were obtained through a request for public information submitted to the Superintendencia
de Salud under Chile’s access-to-information law (Ley 20.285); the agency released the data used here and
withheld part of the original request as protected under Ley 19.628, none of which is used in the analysis.
The 2011-2012 records are no longer hosted in the open version on the agency’s public portal but remain
available to any researcher who submits an equivalent request. Access is therefore subject to the agency’s
response to such a request.

18If an enrollee leaves ISAPRE for FONASA (the public option) during the contract year, post-departure
claims are not observed in the ISAPRE data, which understates her total annual spending. Given the strong
segmentation between the public and private systems, this is rare and unlikely to introduce meaningful
measurement error.
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same in content. Then, I adopt an approach similar to Starc and Town (2020) and group
the plans by their characteristics. More specifically, I group them based on the main char-
acteristics used when they are marketed by insurers: the most common coinsurance rates
for outpatient and inpatient procedures, and the identity of the insurer company. This
yields 20 plan groups across the five major open insurers. In order to define the other
characteristics for each plan group, I compute enrollment-weighted means for continu-
ous variables — the base premium and demographic-specific effective coinsurance rates
— and take modal values for discrete characteristics such as the risk adjustment factor
table.19

The base premium for each plan group is not necessarily the price enrollees pay. Rather,
it is a plan-level price that is then adjusted by a demographic-specific risk factor, based on
age and gender. Then, the premium for individual i in plan j is

pij = max{ p̃ij, τ yi}

where p̃ij = p̄j · rj(Xi) is the risk-adjusted premium, p̄j is the plan group base premium,
rj(Xi) is the age-gender risk factor, τ = 0.07 is the mandatory contribution rate, and yi

is individual i’s income. When τ yi > p̃ij, the enrollee is bound by the mandate: the in-
surer receives the full mandatory contribution, which exceeds the actuarially determined
premium.20

Another characteristic of private plans in the Chilean market is that, although they have
no deductibles, they do have limits on the amount insurers cover. One of these limits is
an annual cap on the amount of expenses covered by the given plan, which is generally
high and rarely binding. The other, more relevant limit is a cap on what the insurer covers
per procedure, each time it is performed. This last cap on the amount of expenses covered

19Within each plan group, the modal factor table accounts for approximately 68% of enrollment on aver-
age (enrollment-weighted). Since factor tables within the same insurer tend to produce similar risk adjust-
ments, this is unlikely to introduce meaningful measurement error.

20In principle, when the mandatory contribution exceeds the plan price, the difference — called excedente
— is deposited into an individual account that can be used for copayments and uncovered health services.
However, ISAPREs routinely adjust plan prices to absorb the contribution through the annual adecuación
process: when excedentes exceed 10% of the legal contribution, ISAPREs are required to offer an alternative
plan whose price better matches the contribution; as of December 2012, while 48.2% of ISAPRE affiliates
had an active excedente account from past accumulation, the average per-capita balance was approximately
$160 USD (Superintendencia de Salud, 2013). In the full cotizantes data for 2012, only approximately 1.0%
of enrollees have a total premium below their 7% contribution, a share that is even lower for my final
estimating sample. Therefore, I abstract from excedentes in the model.
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by the insurer makes the actuarial value of plans differ from the typical coinsurance rates
used to market them. Then, for each (original) plan and each demographic group I use
in the estimation, I calculate the effective coinsurance rate as one minus the ratio of total
insurer-covered expenses to total medical expenses among enrollees in that cell. When
aggregating to plan groups, I take the enrollment-weighted mean of these rates across
constituent plans.

Population of Interest. The empirical analysis focuses on a specific subset of the pri-
vately insured population, defined by a set of scope restrictions. First, I focus on formal-
sector workers and retirees who are required to purchase insurance (Dependiente or Pen-
sionado), since these are the enrollees subject to the income-based contribution mandate.
Second, I restrict the sample to people living in Santiago’s metropolitan area, where the
healthcare market structure is most uniform; outside the capital, provider networks are
narrower and the public sector plays a larger role.21 Third, I focus on single-person con-
tracts (no dependents, i.e., cotizantes with no associated cargas), for whom the choice of
health plan can be cleanly characterized as a single-agent decision.22 I also exclude the
so-called closed insurers and their enrollees, which serve specific employer groups and
constitute a small share of the market, and two other open insurers with negligible enroll-
ment. This leaves the five major open insurers, which together cover approximately 95%
of the private market. Finally, I restrict to people who are 18 years old or above.23

Estimation Sample. On top of the scope restrictions described above, I apply two fur-
ther types of restrictions. The first set concerns data quality and ensures that the model’s
inputs are well-defined: I require that enrollees have valid plan information (matched to
the plans dataset), are in plans with non-fixed copayments, and have reported income
above the legal minimum wage (which also serves to exclude observations with missing

21The Santiago metropolitan area is home to approximately 40% of the Chilean population and a sub-
stantially larger share of ISAPRE enrollment. Studying Santiago in isolation is a scope choice, not a sample
selection in the welfare-bias sense: I am studying the policy’s effect on a well-defined population rather
than excluding observations on the basis of unobservables.

22Family contracts involve joint decisions across household members and complicate the model in ways
that lie outside the methodological scope of this paper. An approach similar to Marone and Sabety (2022)
could in principle handle family contracts, but at the cost of additional assumptions about intra-household
decision-making. The mechanism underlying my main result — the dominance of the fiscal channel un-
der income-based pricing — generalizes to family contracts, since the mandate floor is income-based and
premiums are risk-rated regardless of household composition.

23The few people below 18 years old left in the data after the previous sample restrictions are children
with substantial income reported, which are likely to be mistakes in the reported data.
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or unreliable income data). I also drop plan groups with less than 1% market share, both
for data-quality reasons (small plans tend to have insufficient enrollment in some demo-
graphic cells to compute reliable cell-specific coinsurance rates) and because the estima-
tion framework requires adequate identification of plan-level parameters; this reduces the
number of plan groups from 24 to 15.

The second set of restrictions are required by the structural estimation framework. First,
I drop enrollees whose implied consumption under their chosen plan is negative (zij =

yi − pij − (1− cij)hi < 0), which removes 778 individuals. Second, the estimation requires
that, on each enrollee’s chosen plan, positive health spending can only arise when the
health shock is positive (h∗ij = 0 ⇐⇒ λi = 0). This regularity condition, yi − pij > 1− cij,
is violated by only 19 enrollees, who are also dropped.24

Appendix Table A.1 reports the number of observations at each stage of sample construc-
tion. The initial pool consists of approximately 1.53 million formal-sector contributors in
January 2012. Of these, 91.0% are workers required to have insurance (Dependiente or Pen-
sionado); 45.3% live in the Santiago metropolitan area; and 25.8% are in single-person con-
tracts.25 The remaining scope restrictions (open ISAPREs, age 18+) and the data-quality
restrictions (valid plan info, non-fixed copay, income above minimum wage, plans with
≥ 1% share) cumulatively retain 13.3% of the original pool. After the two estimation-
specific filters described above, the final sample consists of 202,662 enrollees in 15 plan
groups.

Scope and External Validity. The sample restrictions described above define a specific
subpopulation: single-person Santiago contracts in open ISAPREs. Within this subpopu-
lation, the empirical analysis can cleanly identify the welfare effects of marginal changes
in the contribution rate and decompose them into fiscal and equilibrium channels. The
substantive welfare numbers reported in this paper characterize the mandate’s effect on
this subpopulation. Extrapolating to the full ISAPRE universe, including family contracts,

24As explained in subsection 5.2, this condition ensures that zero observed spending on the chosen plan
corresponds to a zero health shock, which simplifies the inversion of observed spending to recover the latent
health shock. In principle, one could accommodate these observations, but this would substantially com-
plicate the estimation. Since the share of observations for which this condition does not hold is negligible, I
opt for dropping these observations.

25The geographic restriction to Santiago is the single largest reduction in sample size, but it reflects a
scope choice rather than sample selection: healthcare market structure differs substantially outside the
capital, with narrower provider networks and greater public-sector dominance, making within-Santiago
analysis methodologically cleaner.
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non-Santiago residents, and below-minimum-wage workers, would require additional as-
sumptions about how the mechanisms identified here scale to those settings. The method-
ological contribution of the paper, however, generalizes immediately: the decomposition
framework applies to any contribution-floor mandate, and the conditions under which
the fiscal channel dominates are present whenever income-based mandates interact with
risk-rated premiums.

Descriptive Statistics. I present the descriptive statistics of the final sample in Table 1.
The final sample consists of 202,662 people across 15 plan groups. When comparing re-
sults with other studies from the literature, it is important to notice that in my setting,
incomes and expenses tend to be significantly lower than those for developed countries:
the average income is $24.48 thousand per year (in 2012 U.S. Dollars) and average med-
ical expenses amount to $1.33 thousand per year. In addition, there is a large degree of
inequality, which can be surmised by the wide interquartile range of $18.77 thousand. Fi-
nally, the sample is somewhat young, with the group of people between 30 and 44 years
old comprising 44% of the sample and the combined share below 45 years old amounting
to 71% of the sample.

Approximately 50% of enrollees are bound by the mandate on their chosen plan, mean-
ing their 7% mandatory contribution exceeds the risk-adjusted premium. These are the
individuals for whom a mandate increase directly affects the fiscal channel.

5 Empirical Strategy

5.1 Empirical Model

In this section, following Cardon and Hendel (2001), Einav et al. (2013), and Marone and
Sabety (2022), I present a parameterization of the two-stage model of health insurance
choice and health care utilization from the theoretical framework section, along with some
extensions to better reflect the Chilean empirical setting. This model is then used for
estimation and as the main tool for counterfactual analysis.
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Table 1: Descriptive Statistics

Mean SD Q1 Q3

Enrollees
Age 39.36 13.82 29 47
Share Age: 18–29 0.27
Share Age: 30–44 0.44
Share Age: 45–64 0.21
Share Age: 65+ 0.07
Share Women 0.45
Income (USD 1000/year) 24.48 11.16 15.12 33.89
Health Exp (USD 1000/year) 1.33 3.54 0.08 1.03
Share Zero Spending 0.14
Share Bound by Mandate 0.50
N 202,662

Plan Groups
Effective Coinsurance 0.33 0.07 0.27 0.39
Base Premium (USD 1000/year) 1.07 0.31 0.81 1.38
N 15

Notes: The main columns report statistics for the estimation sample.
Plan groups are formed by aggregating plans within each insurer that
share the same basic outpatient and inpatient coinsurance rates. Effec-
tive coinsurance is the enrollment-weighted average across demographic
cells within each plan group. Base premium is the enrollment-weighted
mean across constituent plans within each group. “Bound by mandate”
indicates enrollees whose 7% mandatory contribution exceeds their risk-
adjusted premium on the chosen plan.
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Individual First Stage Utility. In the first stage, before the health shock is realized,
agents choose their plan j ∈ {1, 2, ..., J} according to26

j = argmax
j′

Vij′

where
Vij′ = Eλi [Uij′ ] + ξ j′ + εij′

where Uij is the (optimal, conditional on the λi realization) second stage utility of agent i
when choosing plan j. Compared to the theoretical framework, two elements were added
here. First, the ξ j plan fixed effect, which accounts for characteristics of plans not explicitly
included (e.g., marketing). Second, I include an idiosyncratic, i.i.d. preference shock εij.
This shock is assumed to have an extreme value type I distribution with unitary variance.
Hence, the probability that agent i chooses plan j is given by

sij =
eEλi

[Uij]+ξ j

∑j′ eEλi
[Uij′ ]+ξ j′

Importantly, recall that, when choosing plans, agents have private information about their
ωi. I assume the variable is distributed among the population as

log(ωi) ∼ N (ω, σ2
ω)

where
ω = ω0 + αω log(yi/yre f ) + δω1{yi censored}

where yi is agent i’s income and yre f is a reference income that is fixed throughout the em-
pirical exercises.27 Since the contribution income is capped and a number of observations
is censored at this income,28 for agents with income at or above the cap, I consider a shift

26The choice set includes ISAPRE plans only. As discussed previously, movement between the ISAPRE
and FONASA systems is limited and the two markets are largely segmented. Moreover, the counterfactual
exercises involve a 1 percentage point mandate change, which is unlikely to be large enough to affect the
extensive margin between systems.

27The reference income is used solely for numerical reasons when estimating the model. Notice that it
does not affect anything at a conceptual level.

28I do observe some incomes censored at the cap, while others are reported even above it.
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in ω for the observations I observed being at the capped income.29

Individual Second Stage Utility. In the second stage, after plan j is chosen and the
health shock is realized, agent i chooses consumption zij and health spending hij. For
λi > 0, the second stage utility is parameterized as

Uij = log(zij) + (hij − λi)−
1

2ωiλi
(hij − λi)

2

s.t. zij = yi − pij − (1 − cij)hij

zij ≥ zmin , hij ≥ 0

where zmin > 0 is a minimum consumption level, cij is the coverage of plan j for individual
i, and pij is the premium of plan j to agent i; assuming the mandate is such that enrollees
must pay in premiums at least τyi,

pij = max{ p̃ij, τyi}

where p̃ij is the base premium of plan j, with the relevant risk factor based on age and
gender applied to it. I also assume that, when λi = 0,

Uij = log(zij)

under the same constraints.

For the part of utility associated with health spending, my specification follows Einav
et al. (2013)’s alternative specification with multiplicative moral hazard. I depart from
this specification in the utility of consumption: whereas Einav et al. (2013) and Marone
and Sabety (2022) consider the utility function quasi-linear in consumption, I assume it is
strictly concave. This naturally embeds the risk aversion that makes people value insur-

29In practice, I identify enrollees with censored income using the clear spike in the income distribution
I observe and considering a very small window around it. For people with censored income, this will
estimate an average for ω. Since the income cap is relatively large, people with censored income will most
likely be inframarginal in the counterfactual exercise, and hence this will likely not be of any significant
consequence for the results. The only point of potential relevance is in the consumption utility. However,
given the relatively high value of the cap, this will have a very small effect on the results, since the log
function is relatively flat around the cap.
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ance.

For λi > 0, we can solve for the agent’s optimal health spending assuming the constraints
on consumption and health spending are not binding; let us call it the unconstrained optimal
spending, hunc

ij . The first order condition can be written as

hunc
ij = λi

[
1 + ωi

(
1 −

1 − cij

zunc
ij

)]
where zunc

ij = yi − pij − (1 − cij)hunc
ij . Notice that, when 1 − cij, if we have that yi − pij >

1 − cij, then hunc
ij = 0 ⇐⇒ λi = 0.30 Solving for hunc

ij , we have:31

hunc
ij =

yi − pij + λi(1 + ωi)(1 − cij)

2(1 − cij)
−

√
(yi − pij − λi(1 + ωi)(1 − cij))2 + 4ωiλi(1 − cij)2

2(1 − cij)

Also, for cij < 1, define hmax
ij ∈ R ∪ {∞} as

hmax
ij =

yi − pij − zmin

1 − cij

If cij = 1, let hmax
ij = ∞. Then, the optimal spending h∗ij is given by

h∗ij = max{min{hunc
ij , hmax

ij }, 0}

It is also important to notice that, compared to Einav et al. (2013), the interpretation of ωi is
slightly more complex, but encompasses a richer scenario.32 Although the first order con-
dition only defines the unconstrained optimal spending implicitly, it helps to understand
the role of ωi. If we consider only the non-linear part of the utility of health spending, the
unconstrained optimal choice would be to set h = λ; hence, deviations from this come
from the utility gains of increasing h from the linear part of health spending utility versus

30This is particularly relevant in the estimation for the observed enrollee-plan pairs.
31When solving for hunc

ij , there are two potential solutions: the one I present and another in which the
second term is positive. However, this second solution would imply a negative consumption.

32In Einav et al. (2013) multiplicative moral hazard model, the optimal spending is given by h∗ij =

λi(1 + ωicij), and ωi can be interpreted as the increase in spending, in percentage terms, from changing
the coverage from 0 to 1.
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the loss of utility from consumption necessary to finance this. In the Einav et al. (2013)
model, since the utility of consumption is linear, this becomes a simple monetary compar-
ison: with coverage cij, an agent loses 1 − cij in consumption utility to get a unit increase
in utility coming from the linear part of health utility, with ωi controlling the importance
of this difference, or price sensitivity. In my model, the cost of financing a unit increase in
linear health utility must be weighted by the marginal utility, since consumption utility is
no longer linear. However, notice that ωi still controls the degree to which this difference
matters for the spending choice, or the price sensitivity of the agent, hence determining
the level of ex-post moral hazard. However, the model allows for richer patterns that
depend, including that people (especially poorer people) spend less than λi.

Health Shock Parameterization. To accommodate both the typical mass at zero and the
possibility of heavy tails, I assume λi follows a three-part model, similar in spirit to Karls-
son et al. (2024). Specifically, I assume λi follows

λi ∼

0 with probability κ(Xi)

G+(· | Xi, yi) with probability 1 − κ(Xi),

where Xi are individual characteristics (age and gender groups) and κ(Xi) ∈ [0, 1] is the
demographic-specific probability of zero health spending. Conditional on λi > 0, the
density is a spliced log-normal-Pareto distribution:

g+(λ | Xi, yi) =


ϕLN(λ; µ(Xi, yi), σ(Xi)) if λ ∈ (0, λ̄ ]

SLN
(
λ̄; µ(Xi, yi), σ(Xi)

) θ λ̄ θ

λ θ+1 if λ > λ̄,

where ϕLN(·; µ, σ) denotes the log-normal density and SLN(λ̄; µ, σ) = 1 − Φ
(

log λ̄−µ
σ

)
is

the log-normal survival function evaluated at the splice point.33 The splice point λ̄ and
the Pareto shape parameter θ are common across demographic groups, while µ(Xi, yi),
σ(Xi), and κ(Xi) are group-specific. µ also includes a linear dependence on log income
(with the shift for the maximum contribution income) in the same way as ω:

µ(Xi, yi) = µ0(Xi) + αµ log(yi/yre f ) + δµ1{yi censored}

33Notice the density integrates to one by construction.
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5.2 Estimation and Identification

The vector of parameters to be estimated is denoted by

Θ = [ξ′, ω0, αω, δω, σω,µ′
0, αµ, δµ,σ′,κ′, θ]′

where bold letters indicate vectors, which happens when the parameter varies with age
and gender or for the plan fixed effects. I consider four age bins — 18-29 years old, 30-44
years old, 45-64 years old, and 65 years old and above — which are interacted with gender,
resulting in eight demographic groups. For the estimation, I fix zmin = 0.001, and I set the
splice point λ̄ at the 85th percentile of the observed positive spending distribution.

Likelihood. The model is estimated via Markov Chain Monte Carlo (MCMC).34 The
key challenge is that the moral hazard parameter ωi is private information of the agent: it
enters both the plan choice (through expected utility) and the spending decision (through
the first order condition), but is not directly observed. I handle this via data augmentation,
treating ωi as a latent variable that is drawn jointly with the population parameters.35

I adopt a non-centered parameterization for ωi, writing log(ωi) = ω(yi) + σωεω,i where
εω,i ∼ N (0, 1). The latent draws are then over εω,i rather than ωi directly, which improves
mixing when σω is small.36

Given ωi (or, equivalently, εω,i), the individual contribution to the likelihood has two com-
ponents: plan choice and health spending. The plan choice component follows from the
logit structure:

Lchoice
i (Θ, ωi) = si,ji(Θ, ωi)

where ji is the observed plan choice and si,ji is as defined above.

For the spending component, the key observation is that, given ωi and the chosen plan ji,
the first order condition establishes a one-to-one mapping between observed spending hi

and the health shock λi. This allows me to evaluate the spending density via a change of

34Details on the estimation procedure are provided in Appendix B.
35See Tanner and Wong (1987) and Albert and Chib (1993) for the general data augmentation framework,

and Train (2009) for its application to discrete choice models.
36This is standard practice in hierarchical Bayesian models; see, e.g., Papaspiliopoulos et al. (2007).
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variables. Specifically, for hi > 0, I invert the first order condition to obtain

λi = Λ(hi, ωi, ji) ≡
hi

1 + ωi

(
1 − 1−ciji

zi

)
where zi = yi − piji − (1 − ciji)hi is observed consumption.37 Then, the spending compo-
nent of the likelihood is

Lspend
i (Θ, ωi) =


κ(Xi) if hi = 0(
1 − κ(Xi)

)
g+(Λ(hi, ωi, ji) | Xi, yi)

∣∣∣ dΛ
dh

∣∣∣ if hi > 0

where g+ is the spliced log-normal-Pareto density defined previously and |dΛ/dh| is the
Jacobian of the inversion.38

The full individual likelihood, conditional on ωi, is then

Li(Θ, ωi) = Lchoice
i (Θ, ωi)×Lspend

i (Θ, ωi)

and the complete data likelihood, augmented with the latent εω,i, is

L(Θ, εω) =
N

∏
i=1

Li(Θ, ωi(εω,i))× ϕ(εω,i)

where ϕ denotes the standard normal density. Notice that, given ωi and the observed plan
choice, λi is not a separate latent variable. Rather, it is pinned down deterministically by
the first-order condition inversion for individuals with positive spending, and equals zero
otherwise. Hence, εω,i is the only latent variable requiring MCMC sampling.

MCMC Implementation. The model is estimated using a Metropolis-Hastings algo-
rithm that alternates between updating the population parameters Θ and the individual
latent variables εω,i. For the population parameters, I use component-wise Metropolis-
Hastings updates, cycling through each parameter conditional on the current values of

37This inversion is valid when yi − piji > 1 − ciji on the chosen plan, which is the regularity condition
discussed above. Under this condition, h∗ij = 0 ⇐⇒ λi = 0, so the inversion is well-defined for all positive
spending levels.

38The Jacobian can be computed in closed form from the first order condition. Its derivation is provided
in Appendix B.2.
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the others and the latent variables. Each proposal is evaluated using the relevant com-
ponents of the likelihood and accepted or rejected according to the Metropolis-Hastings
ratio. For the plan fixed effects ξ j, I adopt a hierarchical prior ξ j ∼ N (µξ , σ2

ξ ), where the
hyperparameters µξ and σξ are estimated jointly with the other parameters. This regu-
larizes the fixed effects and avoids overfitting, particularly for plan groups with smaller
market shares.

The model is estimated using a Metropolis-Hastings algorithm that alternates between up-
dating the population parameters Θ and the individual latent variables εω,i. For the pop-
ulation parameters, I use component-wise Metropolis-Hastings updates, cycling through
each parameter conditional on the current values of the others and the latent variables.
Each proposal is evaluated using the relevant components of the likelihood and accepted
or rejected according to the Metropolis-Hastings ratio. To make estimation tractable at this
sample size, I evaluate the plan choice likelihood on a random subsample of individuals at
each Metropolis-Hastings step for the population-parameter blocks, rescaling to recover
the full-sample log-likelihood.39 For the plan fixed effects ξ j, I adopt a hierarchical prior
ξ j ∼ N (µξ , σ2

ξ ), where the hyperparameters µξ and σξ are estimated jointly with the other
parameters. This regularizes the fixed effects and avoids overfitting, particularly for plan
groups with smaller market shares.

For the individual latent variables εω,i, proposals are evaluated using both the plan choice
likelihood and the spending likelihood for individual i, together with a standard normal
prior on εω,i. Given the large sample size, I update a random subsample of individuals at
each iteration rather than the full sample, which substantially reduces the computational
cost per iteration without affecting the ergodicity of the chain.40

I use weakly informative priors for all parameters. The chain is run for 60,000 iterations
after a burn-in period of 15,000 iterations, with posterior means used as point estimates in
the counterfactual analysis.41

39This is the noisy-Metropolis-Hastings approach (Korattikara et al., 2014; Bardenet et al., 2017; Maire
et al., 2019), which targets a small-bias approximation to the posterior in exchange for substantial computa-
tional savings; Quiroz et al. (2019) develop a more complex, bias-corrected variant that I do not implement.
Further details on the subsampling strategy, the adaptation of proposal variances, and convergence diag-
nostics are provided in Appendix B.

40Each selected individual is updated using the exact likelihood for that individual; this is random-scan
Gibbs sampling (Liu, 2001; Roberts and Rosenthal, 1997), which targets the exact posterior, in contrast to the
noisy-Metropolis-Hastings approach used for the population-parameter blocks above.

41The posterior means of the individual latent variables εω,i are computed as running averages over the
post-burn-in iterations, yielding individual-specific posterior mean estimates of ωi.
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Identification. The parameters are identified from different sources of variation in the
data, which I discuss informally here.

The zero spending probability κ(Xi) is identified from the fraction of enrollees with zero
medical expenses within each demographic group. The log-normal parameters µ(Xi, yi)

and σ(Xi) are identified from the distribution of positive spending within each demo-
graphic group, conditional on ωi and the chosen plan’s coverage rate, which together
determine the mapping between observed spending and the latent health shock λi. The
Pareto shape parameter θ is identified from the tail behavior of high-spending individuals
across all demographic groups.

The parameters (ω0, αω, σω) are identified from how spending responds to variation in
coverage across plans. Two individuals with similar health profiles but enrolled in plans
with different coverage rates cij will exhibit different spending levels, with the gap gov-
erned by ωi. This is the standard identification argument in the literature: coverage varia-
tion traces out the healthcare price response, separating the effect of coverage on spending
from underlying health differences. The income gradient αω is identified from how the
spending-coverage relationship varies with income.

The plan fixed effects ξ j are identified from observed market shares, conditional on the
premiums and coverage rates that enter expected utility. Plans that attract more enrollees
than predicted by their financial characteristics alone must have positive unobserved at-
tributes captured by ξ j.

Finally, the income gradient in the health shock distribution, αµ, is identified from the
relationship between income and spending levels, after controlling for the moral hazard
channel. Since both ωi and µ depend on income, the joint estimation separates them: ωi

governs how spending responds to coverage variation at a given health level, while αµ

governs how the health level itself varies with income.

5.3 Parameter Estimates and Model Fit

Table 2 reports posterior means and credible intervals for the structural parameters, while
the estimated fixed effects are shown in Figure 4..

Recall that the income-spending relationship is crucial for the potential welfare gains via
selection (within the equilibrium channel). This relationship will depend on how the dis-
tribution of health shocks (or underlying health) varies with income and on how price
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Table 2: Estimates

Mean Median SD 95% CI R̂ ESS

ω Distribution
ω0 0.131 0.121 0.102 [-0.051, 0.339] 1.003 306.641
αω 0.612 0.612 0.034 [0.551, 0.680] 1.009 307.889
σω 0.786 0.786 0.010 [0.767, 0.804] 1.018 337.400
δω -4.975 -4.982 0.025 [-4.999, -4.909] 1.000 3966.337

Health Distribution
αµ -0.517 -0.515 0.027 [-0.570, -0.468] 1.005 306.611
δµ 2.357 2.356 0.029 [2.299, 2.414] 1.014 336.422
θ 1.139 1.138 0.014 [1.113, 1.165] 1.001 8568.135

Men – Age: 18-29
µ0 -1.378 -1.372 0.079 [-1.535, -1.228] 1.001 313.292
σ 0.375 0.375 0.007 [0.362, 0.389] 1.000 1825.215
κ 0.451 0.451 0.003 [0.445, 0.456] 1.000 12178.72

Men – Age: 30-44
µ0 -1.292 -1.287 0.079 [-1.446, -1.144] 1.001 308.430
σ 0.358 0.358 0.004 [0.351, 0.365] 1.002 1666.228
κ 0.045 0.045 0.001 [0.043, 0.047] 1.000 13988.40

Men – Age: 45-64
µ0 -1.278 -1.272 0.079 [-1.435, -1.130] 1.001 313.141
σ 0.351 0.351 0.006 [0.339, 0.363] 1.001 1983.507
κ 0.030 0.030 0.001 [0.027, 0.032] 1.000 14224.79

Men – Age: 65 and above
µ0 -1.236 -1.232 0.081 [-1.398, -1.085] 1.001 328.762
σ 0.343 0.343 0.012 [0.320, 0.365] 1.001 1548.118
κ 0.002 0.002 0.000 [0.001, 0.004] 1.000 13898.77

Women – Age: 18-29
µ0 -1.335 -1.329 0.081 [-1.497, -1.186] 1.001 316.300
σ 0.356 0.356 0.008 [0.340, 0.371] 1.001 1388.115
κ 0.395 0.395 0.003 [0.388, 0.401] 1.000 12950.18

Women – Age: 30-44
µ0 -1.285 -1.280 0.080 [-1.440, -1.135] 1.001 309.940
σ 0.363 0.363 0.004 [0.354, 0.372] 1.011 1626.725
κ 0.042 0.042 0.001 [0.040, 0.044] 1.000 14112.53

Women – Age: 45-64
µ0 -1.285 -1.279 0.079 [-1.441, -1.138] 1.001 311.427
σ 0.348 0.348 0.005 [0.337, 0.358] 1.000 1858.887
κ 0.006 0.006 0.001 [0.006, 0.008] 1.000 14065.31

Women – Age: 65 and above
µ0 -1.272 -1.266 0.080 [-1.431, -1.127] 1.002 319.439
σ 0.324 0.325 0.009 [0.306, 0.343] 1.000 1608.434
κ 0.000 0.000 0.000 [0.000, 0.001] 1.000 13751.31

Fixed Effects Hyperparameters
µξ 0.807 0.808 0.542 [-0.267, 1.890] 1.000 60000
σξ 1.983 1.931 0.365 [1.421, 2.844] 1.000 53684.07

Notes: Results reported from the posterior distributions obtained from the MCMC estima-
tion with the 95% credible intervals. R̂ is the Gelman-Rubin statistic and ESS stands for ef-
fective sample size. The estimation works with logit(κ); in the table, I report κ directly via
the sigmoid transformation s(x) = 1/(1 + exp(−x)). For the standard deviations, I use the
delta method, so if the standard deviation of the logit(κ) chain is stdlogit(κ) and meanlogit(κ)
is its mean, the standard deviation reported in the table is stdκ = s(meanlogit(κ)) × (1 −
s(meanlogit(κ)))× stdlogit(κ). 37



Figure 4: Estimated Fixed Effects (95% Credible Intervals)

Notes: Estimated fixed effects, sorted by value of the point estimate, with their respective 95% credible
intervals. Plan 1 is the reference plan. These results in table format are shown in Appendix Table A.2

sensitivity to healthcare prices relates to income. The income coefficient in the health
shock distribution is negative (αµ = −0.517), so higher-income enrollees draw from a
health shock distribution shifted toward lower realizations: richer enrollees are healthier,
conditional on demographics. At the same time, the income coefficient in the moral haz-
ard parameter is positive (αω = 0.612). It is important to remember, though, that this does
not automatically imply that richer people are more price-sensitive (i.e., exhibit larger de-
grees of moral hazard) than poorer people, since income also has a direct effect due to the
concavity of consumption utility that has to be taken into account, as noted in section 3. I
explore this relationship in more detail below.

The demographic-specific health parameters are estimated precisely and follow the ex-
pected patterns. The probability of zero spending, κ, is large for the youngest enrollees
(around 45% and 40% for the 18-29 groups of men and women, respectively) and falls
sharply with age (near zero for the 65 and above groups). The dispersion of the health
shock distribution, σ, is stable across demographic cells, and the Pareto tail index, θ =

1.14, implies a heavy right tail in spending typical of health spending distributions (Karls-
son et al., 2024). All parameters display satisfactory convergence, with most Gelman-
Rubin R̂ statistics below 1.01, all below 1.02, and effective sample sizes adequate for the
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quantities of interest.42

Aggregate fit. The model reproduces the aggregate features of the market that the coun-
terfactual relies on. Figure 5 compares observed and model-predicted plan shares across
the fifteen plan groups, which track closely. Figure 6 compares the observed and pre-
dicted distributions of health spending, which are likewise close, including in the right
tail that drives insurer costs. Fit at the level of individual demographic cells is reported in
Appendix A.43

Figure 5: Model Fit – Plan Shares

Notes: Figure shows the plan market shares observed in the data and the ones implied by the model for each
of the 15 plan groups using the reported posterior means.

The spending-income relationship. Figure 7 plots mean health spending against in-
come (in windows), in the data and as predicted by the model. The model captures the
empirical pattern well. Two features stand out. First, the gradient is modest: spending
rises with income, but not dramatically, consistent with the offsetting health and moral
hazard channels discussed above. Second, Figure 8 shows that holding demographics

42The population-level location parameters (ω0, αω, αµ, µ0) mix more slowly because they enter the
plan-choice integral for every enrollee; their effective sample sizes (around 300) remain sufficient for stable
posterior means, which are the inputs to the counterfactual analysis.

43Cell-level share fit is less tight than the aggregate fit. This reflects a deliberate modeling choice. Plan
preferences enter through a hierarchically-shrunk fixed effect ξ j rather than a saturated demographic-by-
plan specification. A richer interaction would improve cell-level fit mechanically but at the cost of overfit-
ting preference heterogeneity that the counterfactual (a change in the income-proportional floor, operating
through income rather than through demographic plan taste) does not require. The aggregate share and
spending fits are the relevant targets for the welfare exercise.
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Figure 6: Model Fit – Healthcare Spending

Notes: Figure shows the model fit for spending considering the reported posterior means. For zero spending,
I report the share observed in the data and the share implied by the model. For positive spending, I consider
spending windows (in log scale) and report the shares observed in the data and implied by the model.

fixed flattens the residual relationship further. Because ISAPRE premiums are risk-rated
on precisely these demographics, this pattern is relevant when analyzing the scope for
selection.

Figure 7: Income-spending Relationship – Data vs. Model

Notes: Relationship between income and healthcare spending in the data versus the one implied by the
model. In each case, I consider income windows of fixed size (except the last, catch-all window) and calcu-
late the mean spending within that income window.
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Figure 8: Income-spending Relationship – Unconditional vs. Fixed Demographics

Notes: Relationship between income and healthcare spending implied by the model, unconditional and
holding demographic composition constant. In each case, I consider income windows of fixed size (except
the last, catch-all window) and calculate the mean spending within that income window.

Finally, one of the key reasons it is important to separate underlying health from moral
hazard is that when people switch to plans with better coverage, they may adjust their
health spending accordingly, which is not directly observed in the data. If this respon-
siveness is different across the income distribution, this can affect the income-spending
relationship. Recall that this is not simply observed from the estimates, since this is a com-
bination of how the ωi distribution varies with income and how income interacts with this
due to decreasing marginal utility of consumption. To have a sense of how this respon-
siveness varies across the income distribution, Figure 9 shows the model-implied income-
spending relationship for two scenarios, both ignoring premiums. First, I consider the re-
lationship when all agents have a coverage of 67%, the approximate unconditional mean
of coverage they face. Then, I consider how the income-spending relationship changes
when all enrollees are fully covered. As the figure makes clear, poorer people tend to be
more responsive than richer people. Since richer people are more likely to acquire better
plans (due to the mandate and the fact that better plans are more expensive), this indicates
that the income-spending relationship for high-coverage plans is likely even flatter than
what we observe in the data, and can even become negative. This tends to make selection
even less likely to generate net welfare benefits in the equilibrium channel.
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Figure 9: Income-spending Relationship – 60% Coverage vs. Full Coverage

Notes: Relationship between income and healthcare spending implied by the model when all enrollees face
a 67% coverage rate versus when they all have full coverage. In both cases, premiums are set to zero. In each
case, I consider income windows of fixed size (except the last, catch-all window) and calculate the mean
spending within that income window.

6 Counterfactual Analysis

In this section, I use the estimated model to evaluate the welfare effects of changing the
mandatory contribution rate. The analysis centers on two counterfactual experiments.
The first raises the mandate from 7% to 8% of income and traces out the new market equi-
librium. Following the discussion in section 3, I decompose its welfare effect into a fiscal
channel and an equilibrium channel. The second is a revenue-equivalent direct transfer
that raises the same revenue as the mandate increase but distributes it as a cash rebate
outside the insurance market, serving as a benchmark for the mandate’s value as a redis-
tributive instrument. The remainder of this section specifies the supply side that closes
the model (subsection 6.1), the welfare measure I use (subsection 6.2), the formal decom-
position (subsection 6.3), and the precise construction of each experiment (subsection 6.4),
before turning to results in subsection 6.5.

6.1 Supply Side

The demand model estimated in the previous section takes premiums and contracts as
given. To conduct counterfactual exercises, I need to specify how insurers react to changes
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in the mandate. First, I work in the fixed-contracts tradition (Einav and Finkelstein, 2011),
taking the set of offered contracts and their characteristics (except premiums) as given.
Second, I have to specify how insurers adjust premiums in response to changes in the
mandate. I follow previous papers in the literature (Bundorf et al., 2012; Handel, 2013;
Einav et al., 2013; Polyakova, 2016) and summarize pricing behavior using a reduced-form
relationship between expected costs and premiums, rather than solving an explicit prof-
itmaximization problem. Specifically, I adopt a constant-margin assumption: each plan’s
margin, defined as the ratio of base premium to expected insurer costs per enrollee, is held
fixed at its estimated value under the baseline 7% mandate.44 When the mandate changes
and the composition of the risk pools of the plans consequently shifts, base premiums
adjust proportionally to the change in expected costs, maintaining the same percentage
margin. This constant-margin assumption is a natural extension of the perfect competi-
tion (where price equals average cost) assumption widely used in the literature (Einav
et al., 2010; Hackmann et al., 2015; Einav et al., 2013) and very similar to the approach of
assuming that price equals average cost plus a fee used by Handel (2013). The standard
assumption that competitive pressure drives prices to expected costs yields zero margins
in equilibrium. Since ISAPREs are for-profit insurers operating under risk-adjusted pric-
ing, observed margins are non-zero. Holding these margins fixed at their baseline values
under the counterfactual scenarios is the natural analog of the zero-margin assumption
when margins are positive in the data. As Einav and Finkelstein (2011) note, prices track-
ing average costs with fixed margins is also observed in practice. The assumption is also
particularly defensible in this setting because the counterfactual exercises I consider in-
volve a 1 percentage-point change in the mandate rate (from 7% to 8% of income), a rel-
atively small perturbation. For larger changes, insurers might respond strategically to
substantial shifts in market structure.

More broadly, the small perturbation nature of the exercise is a feature of the analysis
in other dimensions. A 1 percentage-point change is small enough that the boundary
between FONASA and ISAPREs is unlikely to shift materially, justifying the focus on the
within-ISAPRE intensive margin. Larger reforms, such as eliminating the mandate or sub-
stantially raising it, could induce movement between the public and private systems and
trigger more substantial within-ISAPRE plan re-sorting, thereby activating selection mar-
gins that are essentially inactive in the marginal exercises considered here. The decompo-

44I am abstracting here from administrative and commercialization costs, focusing on the difference be-
tween premiums and expected medical costs.
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sition framework applies to such reforms in principle, but quantifying their welfare effects
would require, at a minimum, modeling the FONASA-ISAPRE boundary and relaxing the
constant-margin assumption. Therefore, the empirical results in this paper should be read
as characterizing the welfare consequences of marginal changes around the current 7%
contribution rate, not as a global statement about the welfare effects of contribution-floor
mandates at arbitrary levels, which, in any case, would depend on other characteristics of
the particular market considered as well.

Under the aforementioned assumptions, the counterfactual equilibrium for a given man-
date rate τ is computed iteratively. Starting from the initial base premiums (from the
baseline scenario with a 7% mandate), I compute choice probabilities and expected in-
surer costs for each plan, then update base premiums to maintain the baseline margins
given the new costs. This process is repeated until premiums converge.45 At each itera-
tion, the premium paid by each individual is pij = max{ p̃ij, τ min{yi, ycap}}, where p̃ij is
the risk-adjusted premium at the current iteration’s base premiums.

6.2 Welfare Measurement

I measure consumer welfare using the compensating variation (CV). For each individual i,
the CV of a policy change from the baseline (7% mandate, equilibrium premiums p∗

7%) to a
counterfactual scenario is the income adjustment ∆yi that makes the individual indifferent
between the two scenarios:

E [Vi(yi + ∆yi, p∗
7%)] = E [Vi(yi, p∗

CF)]

where Vi denotes the expected indirect utility of individual i (integrating over plan choice
and health shocks), and p∗

CF denotes the counterfactual premiums. A negative CV indi-
cates the individual is worse off under the counterfactual, since she would have to receive
extra money to be indifferent between the two situations.46

45Convergence is achieved in all exercises within a small number of iterations, reflecting the fact that the
perturbation from the baseline is small. I use a damping parameter to ensure stability of the iterations.

46I compute the CV evaluating expected utility at the modified income levels given the new mandate,
while holding ωi and the health shock distribution at their baseline values, i.e., holding the income effect
on these two objects at the same level as in the baseline. In other words, the income adjustment enters only
through the budget constraint, not through the moral hazard parameter or health.
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The insurer welfare change is measured by the change in total insurer profits:

∆Π = ∑
j

[
RCF

j − CCF
j

]
− ∑

j

[
Rbase

j − Cbase
j

]
where Rj and Cj denote expected revenues and costs for plan j, computed using the choice
probabilities and expected insurer costs from the model.

Total welfare is then
∆W = ∑

i
CVi + ∆Π

which accounts for both the consumer and insurer sides of the market.

Distributional weights. When evaluating welfare, I follow the standard approach of
computing welfare both unweighted and with distributional weights wi = (yi/ȳ)−ε,
where ȳ is the mean income in the sample and ε ≥ 0 is the inequality aversion param-
eter from Atkinson (1970). At ε = 0, all individuals receive equal weight. As ε increases,
the welfare changes of lower-income individuals receive proportionally larger weight. A
value of ε = 1 corresponds to a planner with log utility over income (the focal case in
Atkinson (1970)), and ε = 2 to a planner with stronger preferences for redistribution. I re-
port results for ε ∈ {0, 0.5, 1, 2} throughout. The choice of ε matters when comparing the
mandate increase against the direct transfer alternative (both of which will be described
in detail below), since the policies differ in their distributional incidence.

6.3 Welfare Decomposition

One of the goals of the empirical exercise is to decompose the total welfare effect of the
mandate increase into a fiscal channel and a equilibrium channel. As discussed in the the-
oretical framework, income-based mandates combine two distinct economic forces: they
mechanically transfer resources from bound enrollees to insurers, and they may alter plan
choices and the risk pool composition of the health plans. To separate these forces, I per-
form the following decomposition.

Fiscal channel. The fiscal counterfactual raises the mandate from 7% to 8% but holds
plan choices fixed at their baseline (7% mandate) probabilities. Under this counterfactual,
each individual’s welfare changes because they pay a higher premium floor on their ex-
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isting plan allocation, but no reoptimization of plan choice occurs. Formally, the fiscal CV
for individual i is the income adjustment that satisfies

∑
j

sbase
ij · Uij(yi + ∆yfiscal

i , p∗
7%) = ∑

j
sbase

ij · Uij(yi, pfloor
8% )

where sbase
ij are the baseline choice probabilities, and pfloor

8% denotes premiums with the 8%
floor applied but base premiums held at their 7% equilibrium values. This is, in essence,
the welfare effect of the mandate if it operated purely as a tax, without any behavioral
response or supply-side adjustment.

Equilibrium channel. The equilibrium channel is defined as the residual:

∆Wequilibrium = ∆Wtotal − ∆Wfiscal

This channel captures all behavioral responses to the mandate increase: plan switching
by consumers in response to the compression of premium differentials across plans, the
resulting changes in risk pool composition, and the supply-side premium adjustment that
follows. The equilibrium channel is the margin through which the mandate could, in prin-
ciple, improve welfare by correcting adverse selection. It is also the margin on which the
existing literature, focused on extensive margin mandates, has found the largest welfare
effects.

6.4 Counterfactual Exercises

I now specify the construction of each experiment.

Mandate increase from 7% to 8%. Raising τ from 0.07 to 0.08, I compute the new equi-
librium under the constant-margin assumption of subsection 6.1: starting from the base-
line base premiums, I iterate between choice probabilities, expected insurer costs, and the
premium update that holds each plan’s margin fixed, until premiums converge.47 The
total welfare change is then decomposed into the fiscal and equilibrium channels of sub-
section 6.3.

47Convergence obtains within a small number of iterations in all exercises, as discussed above.
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Distributional incidence. I report the welfare effect of the mandate increase across in-
come quartiles, age-gender groups, and quintiles of expected health risk (E[λi]), and
across the joint distribution of income and E[λi]. For each cell I compute the mean com-
pensating variation and the share of enrollees made better off, both unweighted and under
the inequality-aversion weights wi = (yi/ȳ)−ε for ε ∈ {0, 0.5, 1, 2}.

Revenue-equivalent direct transfer. The transfer levies an additional 1% of income on
the enrollees who would be bound under the 8% mandate, thus raising the same revenue
as the mandate wedge, and rebates it as a lump-sum cash transfer to unbound enrollees.
More specifically, each bound individual’s income is reduced by 0.01 × yi, and each un-
bound individual’s income is raised by a per-capita transfer equal to total revenue divided
by the number of unbound individuals. The mandate remains at 7%, and insurers face the
7% equilibrium premiums, so the insurer side is unaffected and the transfer is a pure gov-
ernment transaction.

6.5 Counterfactual: Raising the Mandate from 7% to 8%

This section reports the results of the counterfactuals exercises mentioned above, com-
puted under the constant-margin supply side described in subsection 6.1 and decomposed
into the fiscal and equilibrium channels defined in subsection 6.3. I report the aggregate
decomposition first, then its distributional incidence, and finally the comparison with a
revenue-equivalent direct transfer.

6.5.1 Aggregate Effects and Decomposition

Results are shown in Table 3. The main takeaway is that, in the basic scenario (ε = 0),
the mandate increase operates as a near-pure fiscal transfer. Moving from 7% to 8% leaves
consumers worse off by a compensating variation of approximately 38.9 million 2012 USD
in aggregate, while insurer surplus also rises by approximately 38.9 million 2012 USD.
The two magnitudes nearly offset each other: the additional contribution paid by bound
enrollees is captured by insurers as the mandate wedge, and little else happens. The
net welfare effect is 12 thousand USD, three orders of magnitude smaller than the gross
transfer between the two sides of the market. With 202,662 enrollees in the sample, this
means the total welfare gain per enrollee is low, around 0.06 USD (6 cents of a dollar) per
enrollee per year.
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The last panel in Table 3 shows that the reason so little else happens is two-fold. First,
plan choice probabilities move very little (around 0.01 percentage points), so the mass
of unbound enrollees affected by the change in mandate is low. But second, and more
importantly, even a larger change would likely generate no gains via equilibrium effects
(and selection, in particular), since the equilibrium channel has almost nothing to oper-
ate on, exactly as the spending-income evidence in subsection 5.3 anticipated. A strong
equilibrium channel requires a relatively strong income-spending correlation among en-
rollees whose plan choices could change beyond what is already risk-rated based on de-
mographics by insurers. In this market, the residual cost curve is nearly flat, especially
once demographics are held fixed (Figure 8). Moreover, many high-income enrollees in
this market are already acquiring a plan for 7% of their income, and thus newly-bound
people tend to have lower income. Since healthcare price sensitivity decreases with in-
come, newly bound individuals tend to be more sensitive than current enrollees in high-
coverage plans. Hence, if these agents switch to better plans, they also increase their
spending more substantially, further flattening or even flipping the income-spending re-
lationship for high-coverage plans, which is reflected in the fact that, as Table 3 shows,
potential switchers are, if anything, slightly more costly on average than incumbents.

This stands in contrast to the penalty-based mandate literature, where bringing healthier
enrollees into the pool is the primary source of welfare gains (Hackmann et al., 2015).
In my case, this selection correction is mechanically inactive because the cost variation it
would exploit, beyond what is already internalized in premiums, is almost non-existent.

6.5.2 Distributional Incidence

Although the mandate increase is close to welfare-neutral in aggregate, it is not neutral
across enrollees. Table A.3 reports the mean compensating variation by income quartile.
Two patterns emerge. First, the incidence is concentrated entirely among bound enrollees:
those whose risk-adjusted premium already exceeds the 7% floor are slightly better off
due to the small decrease in premiums caused by the mandate, while bound enrollees
bear a loss equal to the additional one percentage point of income. Because binding status
rises with income, the burden falls on higher-income enrollees in absolute terms. Second,
within the bound population, the loss is purely a function of income and not of health:
conditional on being bound, an enrollee’s compensating variation is −(τ1 − τ0)yi regard-
less of λi, because the additional contribution buys no additional coverage.
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Table 3: Welfare Effects of Raising the Mandate from 7% to 8%

Inequality aversion (ε)

0.0 0.5 1.0 2.0

∑i CVi (weighted) -38,948.30 -32,666.20 -26,106.06 -14,526.45
∆Π (insurer profit) 38,960.24 38,960.24 38,960.24 38,960.24
∆W total 11.93 6,294.04 12,854.18 24,433.78

Decomposition
Fiscal channel 7.99 6,288.38 12,846.70 24,422.87
Equilibrium channel 3.94 5.66 7.49 10.91
% from fiscal channel 67.0 99.9 99.9 100.0

Mandate wedge
Volume transferred 40,760.28
∆Π except wedge -1,800.05

Mechanism Analysis
Mean Prob Mass Shift (p.p.) 0.01
Average Spending: Already Bound 0.258
Average Spending: Newly Bound 0.270
Average Spending: Never Bound 0.276

Notes: All welfare quantities are in 1,000 US$ in 2012. Weighted CV uses Atkinson-style social welfare
weights with inequality aversion parameter ε, where ε = 0 is utilitarian and ε → ∞ is Rawlsian. The fis-
cal channel holds plan choices at their 7% baseline probabilities. The equilibrium channel is the residual.
The mandate wedge is the gross transfer from bound enrollees to insurers. ∆Π except wedge captures
the small base-premium adjustment. Mean probability mass shift (in percentage points) is calculated as
0.5 × ∑ij |Prij(8%)− Prij(7%)|, where Prij(x%) is the probability that individual i chooses plan j when
the mandate is x%. The average spending measures (in thousands of 2012 USD) are weighted by choice
probabilities for every possible choice; the status of newly or never bound is based on each enrollee-
plan match separately in the counterfactual scenario.
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This incidence pattern is the key to the policy comparison that follows. Being a near-
transfer in this setting, the mandate is essentially taking money from consumers, and in
particular from richer consumers, who are more likely to be bound by the mandate, and
transferring it to insurers, with a very small gain for some poorer consumers due to a
small decrease in premiums for unbound individuals. It becomes then natural to consider
how a policy focused on a direct transfer fares against the mandate.

Distributional weighting. The aggregate near-neutrality also masks redistribution once
welfare is weighted for inequality aversion. Applying weights wi = (yi/ȳ)−ε, the dis-
tributionally weighted welfare effect of the mandate increases, reflecting that the burden
falls on higher-income enrollees whose marginal welfare receives lower weight. I report
the full schedule for ε ∈ {0, 0.5, 1, 2} alongside the transfer comparison in Table 4, since
the two policies are most naturally compared on the same weighted basis.

6.5.3 Revenue-Equivalent Direct Transfer

The preceding results imply that routing redistribution through the mandate is costly:
the instrument transfers resources from bound enrollees to insurers, and the incidence
falls without regard to who values the implicit coverage. A natural benchmark is a fiscal
policy that raises the same revenue but distributes it directly. I consider a transfer that
levies an additional 1% of income on the enrollees who would be bound under the 8%
mandate, raising the same revenue as the mandate wedge, and rebates it as a lump-sum
cash transfer to unbound enrollees. The transfer enters only through disposable income;
the insurance market is left at its 7% equilibrium, so insurers neither gain nor lose.48

Table 4 compares the two policies across degrees of inequality aversion. At ε = 0, where
all enrollees receive equal weight, the transfer performs worse than the mandate with a
negative net welfare change, though the magnitude is still small relative to the volume
of transferred resources and the value per enrolee per year is also small, less than 0.20
USD. As ε rises, the policies diverge sharply. With equity concerns (i.e., ε > 0.0), the direct
transfer delivers approximately three times the total welfare of the mandate because it
avoids the insurer capturing the wedge and can direct the rebate toward lower-income
unbound enrollees. The mandate, in contrast, hands the wedge to insurers and burdens

48Concretely, each bound enrollee’s income is reduced by 0.01× yi and each unbound enrollee’s income is
raised by a per-capita amount equal to total revenue divided by the number of unbound enrollees. Because
the mandate stays at 7%, this is a pure government transaction with no insurer incidence.
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middle- and higher-income bound enrollees who receive little coverage value in return.
On a per-enrollee basis, this translates to a difference on the range between 57 USD per
enrollee per year (when ε = 0.5) and 254 USD per enrollee per year (when ε = 2)

Table 4: 8% Mandate vs. Direct Transfer Counterfactual

Inequality aversion (ε)

0.0 0.5 1.0 2.0

∆W – 8% mandate 11.93 6,294.04 12,854.18 24,433.78
∆W – direct transfer -35.87 17,927.78 37,546.94 75,899.38

Gap (transfer − mandate) -47.80 11,633.74 24,692.76 51,465.60
Ratio (transfer / mandate) -3.01 2.85 2.92 3.11

Notes: The direct transfer counterfactual collects the same revenue as the 8% mandate
increase (from bound enrollees, scaled by 1% of capped income) and redistributes it
as a lump-sum transfer to unbound enrollees. Both policies are budget-balanced. The
ratio measures how much better an equivalent-revenue direct transfer performs in
terms of welfare.

This comparison underscores that, whatever redistributive purpose an increase in the con-
tribution floor might serve, a revenue-equivalent cash transfer in this case serves it more
effectively, because the mandate’s redistribution is intermediated by an insurer that cap-
tures the transfer rather than passing it through. In a risk-rated market where the equi-
librium channel is inactive, the contribution floor is dominated, as a redistributive instru-
ment, by a direct fiscal transfer that does not pass through the insurance market. From
a social planner’s perspective, the burden of addressing the problem of intermediation is
justified only if the gains from selection are substantial.

7 Conclusion

This paper develops a framework for analyzing the welfare effects of contribution-floor
mandates, a class of regulatory instruments used in health insurance systems in Germany,
the Netherlands, Switzerland, Colombia, Chile, and elsewhere, and implements it empir-
ically using administrative data from Chile’s private health insurance market. The frame-
work decomposes the welfare effect of a mandate change into a fiscal channel, capturing
the mechanical transfer from bound enrollees to insurers, and an equilibrium channel,
capturing behavioral responses through plan switching and risk pool recomposition. This
decomposition applies to any setting in which the effective price of insurance depends on
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income.

The main empirical finding is that raising Chile’s mandatory contribution from 7% to 8%
of income operates as a near-pure fiscal transfer. The mandate increase redistributes ap-
proximately $38.9 million annually from consumers to insurers, with a net total welfare
effect of approximately $12 thousand, or about $0.06 per person per year without equity
concerns. Plan switching is negligible and the scope for gains via selection is virtually
non-existent at this margin, which makes the equilibrium channel, the primary source
of welfare gains in the penalty-based mandate literature, economically negligible in this
setting. A revenue-equivalent direct cash transfer, which avoids routing redistribution
through insurers, generates approximately three times the distributionally-weighted wel-
fare of the mandate increase at moderate levels of inequality aversion. The mandate is
dominated as a redistributive instrument because the insurer captures the wedge between
the premium paid and the plan’s actuarial price.

These results are specific to Chile’s risk-rated ISAPRE market, where insurers price on
age and gender and the mandate operates on the intensive margin of plan choice among
individuals who are already insured. In community-rated markets, or in settings where
contribution floors affect the extensive margin of insurance take-up, the equilibrium chan-
nel could be larger. The decomposition framework is designed to quantify these channels
in any specific setting; the relative magnitudes of the fiscal and equilibrium channels are
empirical questions that depend on market structure, the degree of risk rating, and the
price sensitivity of plan choices. The finding is also local in another sense: it characterizes
the welfare effect of marginal changes around the current 7% contribution rate. Larger
reforms (e.g., eliminating the mandate or substantially raising it) would likely activate as-
pects that are inactive at the margin, including movement between the public and private
systems and more substantial within-ISAPRE plan switching. The framework applies to
such reforms, but the empirical magnitudes could differ substantially.

Several avenues for further work remain. First, the analysis holds the set of plans fixed;
allowing insurers to redesign contracts in response to mandate changes could reveal ad-
ditional welfare effects, particularly if the mandate interacts with plan design incentives.
Second, the framework could be applied to other income-based mandate systems—Germany’s
Gesetzliche Krankenversicherung and Colombia’s contributory regime are natural candidates—
where the institutional intermediation of the wedge differs from the Chilean setting. Third,
the role of the contribution floor in shaping the boundary between public and private sys-
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tems, which I abstract from in this paper, deserves separate analysis: if mandate changes
induce switching between FONASA and ISAPREs, the extensive margin effects could be
quantitatively important even if the intensive margin effects are not. Finally, the compar-
ison with direct transfers suggests a broader agenda of evaluating whether redistribution
through insurance markets is efficient relative to fiscal alternatives, a question that ap-
plies beyond health insurance to any setting where regulatory instruments bundle fiscal
transfers with market design objectives.
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Appendices

A Extra Tables and Figures

Figure A.1: 2013 Income Distribution by Insurance Type (Public vs. Private)

Notes: Kernel estimates of the 2013 income distributions of enrollees by type of insurance: public option vs.
private plan. Source: 2013 Chile National Socioeconomic Characterization Survey (CASEN).
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Figure A.2: 2013 Age Distribution by Insurance Type (Public vs. Private) and by Gender

(a) Men

(b) Women

Notes: Kernel estimates of the 2013 age distributions of enrollees by type of insurance — public option vs.
private plan — for each gender. Panel (a) shows the age distribution for men and Panel (b) shows the age
distribution for women. Source: 2013 Chile National Socioeconomic Characterization Survey (CASEN).
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Figure A.3: 2013 Share of Enrollees in Private Market by Self-Assessed Health Status

Notes: Share of population with private plans per self-assessed health group. Self-assessed health ranges
from 1 (worst health) to 7 (best health). Source: 2013 Chile National Socioeconomic Characterization Survey
(CASEN).
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Figure A.4: Share Fit by Demographic Group – Men

(a) Age: 18-29 (b) Age: 30-44

(c) Age: 45-64 (d) Age: 65 and above

Notes: Observed and model-predicted plan market shares across the 15 plan groups, separately by age group, for men. Bars labeled "Data" are
observed shares; "Model" are the shares implied by the estimated model at the posterior means. Each panel corresponds to one age group, as
indicated.
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Figure A.5: Share Fit by Demographic Group – Women

(a) Age: 18-29 (b) Age: 30-44

(c) Age: 45-64 (d) Age: 65 and above

Notes: Observed and model-predicted plan market shares across the 15 plan groups, separately by age group, for women. Bars labeled "Data"
are observed shares; "Model" are the shares implied by the estimated model at the posterior means. Each panel corresponds to one age group,
as indicated.
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Figure A.6: Spending Fit by Demographic Group – Men

(a) Age: 18-29 (b) Age: 30-44

(c) Age: 45-64 (d) Age: 65 and above

Notes: Observed and model-predicted health spending distributions, separately by age group, for men. For zero spending, the bar reports the
observed and model-implied shares; for positive spending, bars report shares within log-spaced spending windows (1000 USD, 2012). "Data"
are observed; "Model" are implied by the estimated model at the posterior means. Each panel corresponds to one age group, as indicated..
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Figure A.7: Spending Fit by Demographic Group – Women

(a) Age: 18-29 (b) Age: 30-44

(c) Age: 45-64 (d) Age: 65 and above

Notes: Observed and model-predicted health spending distributions, separately by age group, for women. For zero spending, the bar reports
the observed and model-implied shares; for positive spending, bars report shares within log-spaced spending windows (1000 USD, 2012).
"Data" are observed; "Model" are implied by the estimated model at the posterior means. Each panel corresponds to one age group, as
indicated..

64



Table A.1: Sample Construction

Step Restriction Category N % of Initial

0 Initial cotizante file (policyholders, Jan 2012) — 1,528,236 100.0

Scope restrictions
1 Workers required to have insurance Scope 1,391,096 91.0
2 Santiago metropolitan area Scope 692,578 45.3
3 Single-person contracts (no dependents) Scope 394,398 25.8
4 Open ISAPREs (five major carriers) Scope 359,779 23.5
5 Age 18 or above Scope 213,573 14.0

Data quality restrictions
6 Has plan ID information Data Quality 1,527,467 99.9
7 Valid plan info (matched to plans dataset, non-closed) Data Quality 283,019 18.5
8 Non-fixed-copay plans (model assumes coinsurance) Data Quality 234,091 15.3
9 Income above minimum wage Data Quality 213,607 14.0
10 Plans with ≥ 1% market share Data Quality 203,459 13.3

Estimation-specific restrictions
11 Non-negative implied consumption Estimation 202,681 13.3
12 Regularity condition satisfied Estimation 202,662 13.3

Notes: Cumulative number of cotizantes (policyholders, not total covered lives) after each restriction; restrictions
are applied in the order shown in the underlying code, which groups conceptually-related steps together. “Scope”
restrictions define the population of interest — single-person formal-sector workers aged 18 or above in Santiago,
enrolled in one of the five major open ISAPREs — rather than constituting sample selection. “Data Quality” re-
strictions ensure that the model’s inputs are well-defined for the retained enrollees; the plan-share filter is imple-
mented in two stages (a 0.5% data-quality threshold in the cleaning pipeline and a stricter 1% threshold in the es-
timation, but the table reports the combined effect). “Estimation” restrictions are required by the structural frame-
work: non-negative consumption is required by the budget constraint; the regularity condition ensures clean in-
version of observed spending into latent health shocks. The largest absolute drops occur at the scope restrictions,
particularly the Santiago and single-person restrictions, which together determine the population being studied.
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Table A.2: Plan Fixed Effects

Plan ID Posterior mean (ξ) Posterior SD 2.5% 97.5%

2 0.6288 0.0381 0.5538 0.7015
3 1.9233 0.0331 1.8578 1.9852
4 -0.6877 0.0521 -0.7942 -0.5879
5 0.0963 0.0419 0.0141 0.1777
6 1.4999 0.0341 1.4323 1.5643
7 1.0409 0.0357 0.9710 1.1093
8 0.5606 0.0395 0.4812 0.6360
9 1.2057 0.0354 1.1351 1.2741

10 2.0596 0.0327 1.9954 2.1206
11 1.8819 0.0332 1.8155 1.9442
12 0.1915 0.0424 0.1069 0.2728
13 1.4456 0.03429 1.3771 1.5104
14 -0.1903 0.0447 -0.2794 -0.1037
15 -0.4216 0.0479 -0.5184 -0.3296

Notes: Posterior summaries of plan-specific fixed effects ξ j. The reference
plan (ID 1) is normalized to ξ = 0. Hyperpriors are ξ j ∼ N (µξ , σ2

ξ ) with hy-
perparameters jointly estimated.

Table A.3: Welfare Incidence by Income Quartile – 8% Mandate vs. Direct Transfer

8% Mandate 7% Mandate + 1% tax

Income quartile Avg. income Mean CV % Better off Mean CV % Better off

Q1 10.71 -0.04 54.10 0.41 62.50
Q2 19.68 -0.11 23.30 0.18 43.30
Q3 30.58 -0.28 1.10 -0.24 8.30
Q4 36.96 -0.33 0.60 -0.35 2.30

Notes: Compensating variation by income quartile. “% Better off” is the share of enrollees with posi-
tive CV (those for whom the mandate is non-binding or only weakly binding).
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B Estimation Details

This appendix provides details on the MCMC estimation procedure: the Jacobian deriva-
tion for the spending likelihood, the conditional likelihood components used for each
parameter block, the updating scheme, the minibatching strategy, proposal adaptation,
prior specifications, and convergence diagnostics.

B.1 Likelihood Components

Before describing the updating scheme, I write out the likelihood components used in
each Metropolis-Hastings step. The complete-data likelihood for individual i, conditional
on the latent moral hazard parameter ωi and on the parameter vector Θ, is the product of
a plan choice component and a spending component:

Li(Θ, ωi) = Lchoice
i (Θ, ωi)×Lspending

i (Θ, ωi).

For each parameter block, only the components that depend on the parameter enter the
Metropolis-Hastings ratio.

Plan choice likelihood. Given ωi, the probability that individual i chooses plan ji is the
multinomial logit

si,ji(Θ, ωi) =
exp

(
Eλi [Uiji ] + ξ ji

)
∑J

j′=1 exp
(

Eλi [Uij′ ] + ξ j′
) ,

where Eλi [Uij] is computed via discretization of the spliced Log-Normal-Pareto distribu-
tion (see Appendix B.8). The plan choice likelihood is Lchoice

i (Θ, ωi) = si,ji(Θ, ωi).

Spending likelihood: two equivalent forms. The spending likelihood appears in two
forms depending on which parameters are being updated.

Form 1 (latent-λ form), used when {λi} are held fixed. For the demographic-specific health
distribution parameters (µ0(X), σ(X), κ(X), αµ, δµ), the latent health shocks {λi}, inferred
from the FOC inversion at the start of the iteration, are treated as data. The contribution
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of individual i to the spending likelihood is then

Lspending,1
i (Θ) =

κ(Xi) if λi = 0,(
1 − κ(Xi)

)
· g+
(
λi | Xi, yi

)
if λi > 0.

Here, g+(· | Xi, yi) is the spliced Log-Normal-Pareto density of λ conditional on λ > 0:

g+(λ | Xi, yi) =


ϕLN
(
λ; µ(Xi, yi), σ(Xi)

)
if λ ∈ (0, λ̄],

SLN
(
λ̄; µ(Xi, yi), σ(Xi)

)
· θ λ̄θ

λθ+1 if λ > λ̄,

where ϕLN is the Log-Normal density, SLN is the Log-Normal survival function, and the
splice point λ̄ is fixed at the 85th percentile of observed positive spending. The location
parameter is

µ(Xi, yi) = µ0(Xi) + αµ log(yi/yref) + δµ1{yi censored}.

Form 2 (inverted-spending form), used when ωi varies. For the parameters that control moral
hazard (ω0, αω, σω, δω, εω,i), changing the parameter changes ωi, which changes the in-
verted health shock Λ(hi, ωi, ji) = hi/Di (see subsection B.2). The spending likelihood for
individuals with positive spending must therefore be evaluated as

Lspending,2
i (Θ, ωi) =

(
1 − κ(Xi)

)
· g+
(
Λ(hi, ωi, ji) | Xi, yi

)
·
∣∣∣∣dΛ

dh

∣∣∣∣ .

Form 1 and Form 2 are related by the change-of-variables formula: when λi is set equal
to Λ(hi, ωi, ji) at the current ωi, the two forms differ only by the Jacobian |dΛ/dh|, which
does not depend on the parameters being updated when ωi is fixed (Form 1) but does
when ωi varies (Form 2).

Latent variable. I adopt a non-centered parameterization for the moral hazard parame-
ter, writing log ωi = ω(yi) + σω εω,i with εω,i ∼ N (0, 1) a priori, where

ω(yi) = ω0 + αω log(yi/yref) + δω1{yi censored}.
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The latent draws are over εω,i rather than ωi directly, which improves mixing when σω is
small (Papaspiliopoulos et al., 2007).

Identity of the latent shock. For individuals with hi > 0, the latent health shock is
pinned down deterministically by the FOC inversion: given the current ωi, λi = Λ(hi, ωi, ji).
For individuals with hi = 0, the regularity condition ensures λi = 0. Hence the only la-
tent variable that requires MCMC sampling is εω,i. The values {λi} are recomputed from
{εω,i} inside the εω,i update step (subsection B.3), so the demographic blocks see fresh
{λi} each iteration.

B.2 Jacobian of the Spending Inversion

Differentiating Λ(h, ω, j) = h/D with respect to h, where D = 1 + ω(1 − (1 − cj)/z) and
z = y − pj − (1 − cj)h,

dΛ
dh

=
1
D

+
h ω (1 − cj)

2

z2 D2 .

Both terms are positive under the regularity condition y − pj > 1 − cj, which guarantees
z > 0 and D > 0 for all feasible spending levels. Hence the mapping from h to λ is mono-
tone, and the change-of-variables formula applies. The 20 individuals in the sample for
whom this regularity condition is violated on the chosen plan are dropped, as discussed
in section 4.

B.3 MCMC Updating Scheme

The algorithm cycles through the following blocks at each iteration. For each block, I
list the parameters being updated and the relevant likelihood components that enter the
Metropolis-Hastings ratio.

Health shock distribution: µ0(X), log σ(X), logit(κ(X)), αµ. For each demographic
group g, I update µ0(g), log σ(g), and logit(κ(g)) in sequence; the income gradient αµ

is updated using the full sample.

For µ0(g), log σ(g), and αµ, the Metropolis-Hastings ratio uses both the spending likeli-
hood (Form 1) and the plan choice likelihood. Let Ig = {i : Xi = g} and Sch

g ⊂ Ig denote
a random subsample drawn for the plan choice evaluation. The Metropolis-Hastings ratio
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for µ0(g) is

r = min

1,

[
∏i∈Ig, λi>0 g+

(
λi | µ′

0(g), · · ·
)]

·
[
∏i∈Sch

g
si,ji(Θ

′, ωi)
]ng/nsub

g · π(µ′
0(g))[

∏i∈Ig, λi>0 g+
(
λi | µ0(g), · · ·

)]
·
[
∏i∈Sch

g
si,ji(Θ, ωi)

]ng/nsub
g

· π(µ0(g))

 ,

where ng = |Ig|, nsub
g = |Sch

g |, π denotes the prior, and Θ′ denotes the vector of param-
eters substituting for the relevant proposed value — in this case, substituting µ0(g) by
µ′

0(g). The exponent ng/nsub
g rescales the subsampled log-likelihood to the full popula-

tion scale, an unbiased stochastic estimate of the full-sample log-likelihood. The Jacobian
and the κ(Xi) factor cancel in the spending-likelihood ratio because they do not depend
on µ0. The structure is analogous for log σ(g) and αµ, with the appropriate likelihood fac-
tors and, for log σ, a log-Jacobian for the random walk on the log scale. For αµ, since it
does not depend on demographic characteristics, the full sample is used.

For logit(κ(g)), both the spending likelihood and the plan choice likelihood enter. The
spending likelihood factor is binomial: with Ng = |Ig| and N0

g = |{i ∈ Ig : λi = 0}|,

Lspending,1(κ(g)) = κ(g)N0
g ·
(
1 − κ(g)

)Ng−N0
g .

The plan choice likelihood is included via a numerical shortcut. When κ changes, only
the linear blending weights between the zero-shock and positive-shock parts of expected
utility change; the λ grid points and their relative weights are unaffected. Concretely,
expected utility on plan j for individual i can be written as

Eλi [Uij] = κ(Xi) · uzero
ij +

(
1 − κ(Xi)

)
· Upos

ij ,

where uzero
ij = log(yi − pij) is the utility under λ = 0 and Upos

ij is the conditional expected
utility given λ > 0. Both objects are independent of κ. I compute them once at the cur-
rent ωi and then evaluate the choice likelihood under any κ proposal as a linear blend,
avoiding the need to re-discretize the health distribution. With this representation, the
Metropolis-Hastings ratio for logit(κ(g)) uses the spending likelihood on Ig and the plan
choice likelihood on a subsample Sch

g at no additional asymptotic cost beyond the other
demographic blocks.
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Pareto shape: θ. Only observations with λi > λ̄ contribute information to θ. The rele-
vant likelihood factor is

Lspending(θ) ∝ ∏
i:λi>λ̄

θ λ̄θ

λθ+1
i

.

This is combined with a Gamma(5, 0.5) prior, which has mean 2.5 and concentrates the
posterior around values that ensure a finite Pareto mean (θ > 1).

Moral hazard: ω0, αω, σω. I update these three parameters via three sequential component-
wise scalar Metropolis-Hastings steps, each conditioning on the current values of the
other two. A single subsample Sch is drawn at the start of the block and reused across
all three steps to amortize the cost of computing expected utilities. For each component
θk ∈ {ω0, αω, σω}, the Metropolis-Hastings ratio is

r = min

1,

[
∏i:hi>0 L

spending,2
i (Θ′, ω′

i)
]
·
[
∏i∈Sch si,ji(Θ

′, ω′
i)
]n/nsub

· π(θ′k)[
∏i:hi>0 L

spending,2
i (Θ, ωi)

]
·
[
∏i∈Sch si,ji(Θ, ωi)

]n/nsub
· π(θk)

 ,

where ω′
i = exp(ω′(yi) + σ′

ωεω,i) uses the proposed parameters. For σω, the random walk
is implemented on the log scale, and the Metropolis-Hastings ratio includes the corre-
sponding log-Jacobian. The spending-likelihood factor uses Form 2 because ωi enters the
inverted λi and the Jacobian directly. Because these parameters seem to mix more slowly,
I sample each of them four times per iteration of the MCMC sampling procedure.

Income-cap shifts: δµ, δω. The Chilean tope imponible cap (which is relevant for the
mandate computation) censors the income data for part of the observations above it. To
capture potential differences in the health and moral hazard distributions at the cap, I in-
clude shifts δµ and δω in µ(Xi, yi) and ω(yi) respectively for observations that I identify
as censored. These are updated using only censored individuals, with structures analo-
gous to the αµ and ω0 updates: spending likelihood (Form 1 for δµ, Form 2 for δω) plus a
subsampled, scaled plan choice likelihood.

Plan fixed effects: ξ j. Each plan fixed effect ξk enters the choice probabilities for all in-
dividuals, both directly (numerator of si,k for those who chose plan k) and through the
denominator (for everyone). I update each ξk via Metropolis-Hastings using the plan
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choice likelihood, evaluated on the full sample, plus the hierarchical prior:

r = min

{
1,

[
∏n

i=1 si,ji(Θ
′, ωi)

]
· π(ξ ′k | µξ , σ2

ξ )[
∏n

i=1 si,ji(Θ, ωi)
]
· π(ξk | µξ , σ2

ξ )

}
.

I normalize one of the ξk to zero; thus, effectively, the fixed effects are all reported rel-
ative to this normalized fixed effect. The hyperparameters µξ and σ2

ξ have closed-form
conditional posteriors and are sampled directly via Gibbs steps:

µξ | {ξk}, σ2
ξ ∼ N

 σ−2
ξ Jξ̄

σ−2
µξ ,0 + σ−2

ξ J
,
(
σ−2

µξ ,0 + σ−2
ξ J
)−1

 ,

σ2
ξ | {ξk}, µξ ∼ InvGamma

(
α0 + J/2, β0 +

1
2 ∑J

k=1(ξk − µξ)
2
)

,

where J is the number of plans, ξ̄ = J−1 ∑k ξk, and (σ2
µξ ,0, α0, β0) are the prior hyperpa-

rameters reported in Table B.4.

Individual latent variables: εω,i and λi. For each individual selected in the current it-
eration’s minibatch (subsection B.4), I propose ε′ω,i ∼ N (εω,i, σ2

prop,i) and accept or reject
based on

r = min

1,
Lchoice

i (Θ, ω′
i) · L

spending,2
i (Θ, ω′

i) · ϕ(ε′ω,i)

Lchoice
i (Θ, ωi) · L

spending,2
i (Θ, ωi) · ϕ(εω,i)

 ,

where ω′
i = exp(ω(yi) + σωε′ω,i) and ϕ is the standard normal density. Whenever a pro-

posal is accepted, λi is updated deterministically via λi = Λ(hi, ω′
i , ji). For individuals

with hi = 0, only the plan choice component enters the Metropolis-Hastings ratio (the
spending likelihood reduces to κ(Xi), which does not depend on ωi).

B.4 Subsampling

The algorithm uses two distinct subsampling devices.

Minibatching of individual latent variables. At each iteration, I update the latent vari-
ables εω,i for a random subsample of 15,000 individuals, rather than the full sample of
approximately 175,000. This is exact MCMC: the subsampling determines which individ-
uals are updated at a given iteration, not how their updates are computed. Each selected
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individual’s Metropolis-Hastings ratio uses the exact likelihood, and each individual is
updated with positive probability at every iteration, so the chain is ergodic and targets the
same stationary distribution as a full-scan Gibbs sampler (Liu, 2001; Roberts and Rosen-
thal, 1997).

Scaled subsampling for the plan choice likelihood. When updating population param-
eter blocks (ω block, demographic blocks, income-cap shifts), evaluating the plan choice
likelihood for all n ≈ 175,000 individuals at every Metropolis step would dominate the
computational cost: each evaluation requires a numerical integration over the λ distribu-
tion for every plan in the choice set. I therefore evaluate the plan choice log-likelihood on
a random subsample Sch of nsub = 2,000 individuals and rescale by n/nsub to recover the
full-sample log-likelihood:

̂logLchoice(Θ) =
n

nsub ∑
i∈Sch

log si,ji(Θ, ωi).

This is the simplest form of approximate-MCMC subsampling. Because the rescaled log-
likelihood is unbiased on the log scale but not on the likelihood scale (by Jensen’s inequal-
ity, E[exp(l̂ogL)] ̸= exp(logL)), the chain does not satisfy the unbiasedness condition
required for pseudo-marginal exactness (Andrieu and Roberts, 2009), and its stationary
distribution is a perturbed version of the target posterior, with the perturbation vanishing
as nsub → n. The plain rescaled approximation is widely used in practice when bias-
correction methods are computationally infeasible, and is known to perform well under
regularity conditions on the per-observation log-likelihood; Maire et al. (2019) analyze it
directly and provide bias bounds, and Bardenet et al. (2017) survey the broader literature.
Korattikara et al. (2014) develop a related variant with explicit bias bounds, while Quiroz
et al. (2019) propose a bias-corrected version that recovers an exact target via control vari-
ates and a pseudo-marginal correction. I do not implement these corrections, relying in-
stead on the model’s posterior predictive fit (reported in section 5.3) as evidence that the
chain has reached a region of parameter space that captures observed market shares and
aggregate spending, which is the substantive question of interest. The fit checks demon-
strate that the posterior is concentrated in a region of parameter space that reproduces
observed data, providing direct evidence that point estimates are reliable. They do not di-
rectly bound the variance bias, but the substantive conclusions of the paper rest on point
estimates — the welfare decomposition into fiscal and equilibrium channels, the mag-
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nitude of the consumer-to-insurer transfer, and the comparison with direct transfers —
rather than on the precise width of credible intervals. The spending likelihood, which is
cheaper to evaluate because it does not require integrating over λ, is computed on the full
sample.

B.5 Proposal Adaptation

Proposal variances for all Metropolis-Hastings steps are adapted during the burn-in pe-
riod to target acceptance rates between 25% and 45%, in line with standard guidelines
(Roberts and Rosenthal, 2001). Specifically, every 100 iterations during the burn-in, I com-
pute the rolling acceptance rate over the most recent 1,000 iterations. If the rate is below
25%, the proposal variance is multiplied by 0.8; if above 45%, by 1.2. After the burn-in
period, proposal variances are held fixed.

For the individual latent variables εω,i, proposal variances are adapted individually, since
the posterior curvature can vary substantially across individuals — for instance, individu-
als with high spending have more informative likelihoods and require smaller proposals.
For σω and σ(X), the random walks are implemented on the log scale, which keeps pro-
posals strictly positive and stabilizes adaptation.

B.6 Prior Specifications

I use weakly informative priors throughout. Table B.4 summarizes the prior distributions.
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Table B.4: Prior Specifications

Parameter Prior Notes

ω0 N (0, 52)
αω N (0, 1)
σω Half-N (0, 22) ∩ [0.05, 2] Truncated; log-scale random walk
δω N (0, 1) Censored observations shift
µ0(X) N (0, 1) Per demographic group
αµ N (0, 1)
δµ N (0, 1) Censored observations shift
log σ(X) N (0, 1) Log-scale; per group
logit(κ(X)) N (0, 22) Logit-scale; per group
θ Gamma(5, 0.5) Pareto shape; mean 2.5
ξ j N (µξ , σ2

ξ ) Hierarchical
µξ N (0, 1002) Hyperprior
σ2

ξ InvGamma(2, 25) Hyperprior; E[σξ ] ≈ 5
εω,i N (0, 1) Non-centered parameterization

These priors are diffuse relative to the scale of the data, and the posterior is dominated by
the likelihood. The truncation is used purely as a numerical device to prevent the sampler
from exploring regions where the value of the parameter is unreasonably large or small
and that could generate numerical problems. The estimate of the relevant parameter in
this case, σω, is not anywhere close to the boundaries, so the estimates are not biased by
this procedure.

B.7 Convergence Diagnostics

I run the chain for 75,000 iterations, discarding the first 15,000 as burn-in. Convergence
is assessed by visual inspection of trace plots for the population parameters, which show
stable mixing after the burn-in period, and by computing the Gelman-Rubin R̂ statistic
and effective sample size for each parameter. Table 2 reports these diagnostics: all R̂
values are below 1.011, and effective sample sizes range from approximately 300 (for the
population means ω0, αω, µ0(X), and αµ, which mix more slowly because they affect all
individuals through the plan choice integral) to over 14,000 (for the demographic-specific
κ(X), whose conditional posteriors have very small autocorrelation given the binomial
structure of the relevant spending likelihood, which is the one that affects κ(X) the most).

For the individual latent variables εω,i, I store the full chain for a random subsample of 500
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individuals and verify that their trace plots exhibit adequate mixing. Posterior means of
εω,i are computed as running averages over all post-burn-in iterations in which individual
i was selected for updating.49

B.8 Discretization of the Health Shock Distribution

Computing the expected utility Eλi [Uij] requires integrating the second-stage utility Uij(λ)

against the prior distribution of λ, which is a mixture of a point mass at zero and a contin-
uous spliced Log-Normal-Pareto distribution on (0, ∞). I evaluate this integral by deter-
ministic quadrature, replacing the continuous distribution with a discrete approximation
that consists of a zero atom and npoints = 15 positive points. The same grid is used in both
the estimation and the counterfactual analysis.

The grid is constructed individual-by-individual, since µ(Xi, yi) and σ(Xi) vary with de-
mographics and income. Given the parameters (µi, σi, κi) for individual i, the procedure
is as follows.

Zero atom. If κi > 0, the first grid point is λ = 0 with weight κi. The remaining weight
1 − κi is distributed across the positive grid points according to the Log-Normal-Pareto
density.

Positive grid: bulk. Roughly 70% of the positive points are placed in the LogNormal
bulk on (0, λ̄] at quantiles of the LogNormal. Specifically, with nbulk = ⌊0.7 · npoints⌋ = 10
bulk points, the points are

λbulk
k = F−1

LN(µi,σi)

(
pk · FLN(λ̄)

)
, pk ∈ [0.01, 0.99], k = 1, . . . , nbulk,

spaced uniformly in the rescaled probability pk, where FLN is the Log-Normal cumulative
density function (CDF) and λ̄ is the splice point (fixed at the 85th percentile of observed
positive spending). The pk are rescaled by FLN(λ̄) so that the bulk grid spans the range
(0, λ̄] rather than (0, ∞). Each bulk point receives a weight equal to the Log-Normal prob-
ability mass between the midpoints of adjacent quantiles, capped above by FLN(λ̄).

49Because of the minibatching, not every individual is updated at every iteration. Running averages
over all post-burn-in iterations remain valid posterior mean estimators; individuals retain their current εω,i
between updates, so the chain visits each coordinate’s stationary distribution at the random-scan rate. With
a minibatch size of 15,000 and 60,000 post-burn-in iterations, each individual is updated approximately
5,140 times.
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Positive grid: Pareto tail. The remaining ntail = npoints − nbulk = 5 points are placed in
the Pareto tail (λ̄, ∞). Let Prtail = 1 − FLN(λ̄) denote the unconditional probability that λ

exceeds the splice point. I divide the tail probability mass into ntail equal bins and place a
point at the midpoint of each bin under the Pareto CDF:

λtail
k = λ̄ · (1 − qk)

−1/θ, qk = (k − 0.5)/ntail, k = 1, . . . , ntail,

with each tail point receiving equal weight Prtail/ntail. This equal-mass scheme places
more grid points in the upper tail than a quantile-based scheme would, which improves
coverage of catastrophic spending realizations without inflating the total number of points.
The weights on the positive grid are normalized to sum to 1 − κi before being combined
with the zero atom.

Discussion. The discretization is exact in two limits. As npoints → ∞ with the tail share
fixed, the quadrature converges to the continuous integral. As σi → 0, the Log-Normal
collapses to a point mass, and any reasonable quantile-based scheme places all bulk points
there. The 70/30 bulk-tail split reflects a trade-off: the bulk dominates the mass and mat-
ters most for typical individuals, but the tail dominates expected costs (and therefore in-
surer pricing in the counterfactual). The results reported in the paper use npoints = 15 for
computational efficiency.

When κi ≈ 1 (degenerate case where λi = 0 with probability one), the grid reduces to a
single point at zero. When κi ≈ 0, the zero atom is omitted and the grid consists of npoints

positive points only.

Use in expected utility. Given the grid {(λk, wk)}
npoints+1{κi>0}
k=1 , expected utility on plan

j is
Eλi [Uij] ≈ ∑

k
wk · Uij(λk),

where Uij(λ) is computed by solving the second-stage problem at λ using the closed-form
FOC inversion described in section 3. The grid (λk, wk) is precomputed and stored for
each individual at the start of each MCMC iteration; updates that change µi or σi trigger
a re-discretization, while updates that change only κi exploit the linear blend described in
the κ block of subsection B.3.
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C Theoretical Framework – WTP Increasing in Income

In this appendix, I briefly discuss the effect of an increase in the income mandate when
WTP increases with income. Recall that here we are assuming a positive correlation be-
tween income and health spending — where richer people are more costly to insure than
poorer people — and that health risk increases with income and dominates the decrease in
risk aversion, generating an upward-sloping WTP curve. This case is shown in Figure C.8.

Figure C.8: Increasing WTP with positive income-spending correlation
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Notes: When the health gradient is strong enough to dominate declining risk aversion, WTP increases in
income and non-buyers are concentrated at the low-income (healthy, less costly) end. The cost curve k(y) is
also increasing. The mandate increase brings in marginal buyers near y1 who are at the low-cost end of the
buyer distribution, tending to improve the risk pool.

Initially, the first person bound by the mandate had income y1. As in the other cases,
a mandate increase causes this threshold decrease, here to y′1 < y1. These agents with
income y ∈ [y′1, y1) will now see no premium differential and will prefer to buy the better
plan. Since the spending curve is increasing in income, this will improve the risk pool, i.e.,
the average cost per enrollee will decrease. This is coupled with the extra wedge the insurer
captures from inframarginal buyers, and both will push the base premium downwards
(not shown in the graph for clarity), reinforcing the selection effect.

Notice that the WTP curve is below the base premium in the figure. If the WTP crosses
the base premium line at an income level before the mandate binds, and if the change in
mandate is not large enough to change that, no extra agents will change their choice due
to becoming bound by the mandate, and this part of the effect will be absent. Still, the
effect of the extra wedge for inframarginal buyers will exist and the analysis is essentially
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the same. Also, as in the other cases, the strength of the selection effect depends on the
strength of the relationship between spending and income and with the relative sizes of
the initial pool of enrollees and the pool of new enrollees. The stronger the spending-
income relationship, the higher the difference between the average spending of new buy-
ers and initial enrollees, which strengthens the selection effect; and the larger the pool of
new buyers is relative to the initial set of enrollees, the more the average cost for the in-
surer will change and the stronger the selection effect (conditional on a given difference
in average spending).
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