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Abstract

How does community rating distort relative prices for vertically differentiated plans in

insurance markets? We show that common community-rating approaches can distort price

differentials in the opposite direction to the distortions in overall price levels. Partial age-

based community rating in the U.S. private health insurance exchanges causes older indi-

viduals to pay marginal prices for generous coverage significantly above marginal cost, while

younger enrollees are subsidized on the margin. These distortions are large enough that older

individuals often face and sometimes choose dominated options. We present simulations and

theoretical discussions of community rating’s impacts on efficiency and distributional out-

comes.
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1 Introduction

Community rating is a common feature in many insurance markets. Motivated sometimes

by fairness concerns, desires for redistribution, and to mitigate reclassification risk, community-

rating regulations limit the extent to which insurance prices reflect variation in individuals’

expected risk. As a consequence, community rating generally lowers the price of an insurance

contract for those with higher expected risk and raises the price for those with lower expected

risk.

How does community rating affect insurance markets with multiple differentiated products?

Prior literature on this topic has focused on potential inefficiencies arising from price differentials

that do not reflect individual risk levels (see e.g., Einav, Finkelstein and Cullen 2010; Bundorf,

Levin and Mahoney 2012). Community rating can lead to inefficient sorting, and the inefficiency

can be exacerbated by adverse selection feeding back in to further distort prices from their risk-

based levels. In the extreme, this can lead to (partial) unraveling of the market. Risk adjustment

schemes and related regulations that help to decouple insurance prices from selection patterns

are a primary policy remedy for limiting this adverse-selection spiral induced by community

rating. Yet as Bundorf, Levin and Mahoney (2012) emphasize, even with sophisticated risk

adjustment systems, under community rating the relative prices of plans are still distorted from

their risk-based level.

We examine the distortions in the relative prices of product options that arise with common

approaches to community rating, even when effective risk-adjustment schemes are in place.

We develop a simple conceptual framework to analyze the prices of insurance policies with

multiplicative community rating factors. The framework allows for both full community rating,

in which each insurance product has the same price for all risk types, and partial community

rating, in which regulation allows for a prescribed amount of variation in prices across risk

groups.

While it is well known that community rating distorts the prices of plans so they do not

reflect individual risk, our work highlights a novel insight: distortions in price differentials

between product options can run in the opposite direction as the distortions in the overall level

of prices. Community rating will tend to make insurance cheaper for those with high risk.

One would expect, then, that in markets with differentiated products, community rating would

especially lower the price of the highest-value insurance products. This is indeed the typical

logic in studies of adverse selection in vertically differentiated insurance contracts: community

rating leads to marginal prices for additional coverage that are below the marginal cost for
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high-risk types, drawing them to the higher-coverage option (Cutler and Reber, 1998; Einav,

Finkelstein and Cullen, 2010; Handel, 2013). We show, though, that this will not always be the

case. Even though higher-risk types are receiving an overall transfer from community rating, the

price differentials they face for more generous insurance options can be higher than what they

would face under risk-based pricing, and vice-versa for lower-risk types. This situation arises

with non-linear insurance contracts when the expected value of different insurance options varies

proportionally more for lower-risk than higher-risk types. While it can occur at any level of

community rating, it is more likely to occur with partial than full community rating.

We demonstrate the empirical relevance of this insight by analyzing the prices of private

health insurance plans in the United States. In the aftermath of the Affordable Care Act of 2010,

private health insurance markets in the U.S. feature a combination of strong pricing regulations

and multiple product options, which makes them similar to health insurance markets in other

countries, such as Switzerland and the Netherlands. The Affordable Care Act established

regulations that require community rating for plans but allow for prices to vary by geography,

age, and, in some states, by smoking status. We focus attention on the pricing by age. Federal

regulations allow for prices to rise with age using regulated age-rating factors, capped at a 3:1

age-rating ratio for 64-year-olds relative to 21-year-olds. At the time these regulations were

passed in 2010, it was recognized that expected costs tended to be about five times higher for

64-year-olds relative to 21-year-olds, so that the 3:1 age-rating limit implied partial community

rating that created a transfer from younger to older enrollees (Fontana, Murawski and Hilton,

2017).

We analyze the price differences that enrollees at different ages face for health plans with

different levels of coverage. Insurers in ACA markets are required to offer plans in multiple

coverage tiers that vary in the generosity of their coverage. Bronze plans have the highest

levels of cost-sharing for consumers (e.g., higher deductibles) and must target an actuarial

value covering approximately 60 percent of expected medical expenses for an average population

established by the Center for Medicare and Medicaid Services (CMS). Silver, Gold, and Platinum

plans target 70, 80, and 90 percent actuarial values respectively. For our primary analysis, we

use publicly available data from the California health insurance exchange, Covered California,

that includes information on plan prices and individual-level plan enrollment decisions.1 We

combine these data with national-level medical-utilization data through the NBER’s license with

1While Covered California offers an attractive market for our primary analysis due to the availability of pricing
and enrollment data at the individual level and standardized plan options, the basic findings are likely to hold
in many other private health insurance exchanges. We provide evidence that the patterns in CA on dominated
options appear to hold broadly outside of California as well.
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Truven Marketscan that allows us to estimate the expected value of plan options at different

ages.

We show that while older enrollees face price levels below their expected cost under the

community-rating rules, they face price differentials (e.g., Bronze to Gold) that substantially

exceed their expected marginal costs for more generous plans. For example, after adjusting

the Truven Marketscan data to match the average cost of plans in California, we estimate

that in 2017, if prices were based on age-level risk, Gold-tier plans in California should have

been priced on average approximately $3,700 more per year than Bronze-tier plans for 64-year-

olds.2 In reality, the average observed annual price differential for 64-year-olds for Gold vs.

Bronze plans was $4,300. For 30-year-olds, on the other hand, the additional price for Gold vs.

Bronze-tier plans was about $300 less than the estimated fair premium differential for that age.

In situations where price levels are higher, the distortions are large enough that we estimate

that Gold-tier plans are likely dominated by Bronze-tier plans for many older enrollees. This

tends to occur in geographies where price levels are higher or for plans offered by insurers

with more costly plan designs (e.g., offering broad provider networks). We estimate that most

enrollees 55 years and older in California have at least one set of plans in their rating area

where the Gold-tier plan was dominated by a Bronze-tier plan offered by the same insurer with

the same network coverage. Perhaps due to these high price differentials, older individuals are

modestly less likely to enroll in Gold plans than individuals in the middle of the age spectrum.

Yet, we estimate that among the roughly 10 percent of older enrollees who select Gold-tier

plans, most of them select a plan that is dominated by a lower-tier option offered by the same

insurer.

The reason for these surprising patterns lies in the interaction between the non-linearity of

health insurance contracts and the community-rating rules applied across all plans, regardless

of the plan generosity. While regulations require that plans in each tier are designed to achieve

a target level of actuarial value for a pre-determined average population, the actual actuarial

value at different ages differs. For younger individuals, the actuarial value differences between

the more generous Gold-tier design and the Bronze-tier designs are larger than the 20 percent

actuarial value difference targeted by the regulation. For example, we estimate that for 25-year-

olds, the Gold tier plan covers approximately 80% of expected medical expenses. In contrast, the

2We focus some of our analysis on the 2017 plan year since that was the most recent year before federal
regulations governing the payment for “cost-sharing subsidies” (CSRs) were changed. Starting in 2018, the
federal government stopped paying insurers for the additional cost of CSR plans insurers are required to offer
to lower-income enrollees. Some states counteracted this policy by allowing insurers to adjust the price of
their Silver-tier plans to accommodate. While this does not present a conceptual challenge to our analyses, it
complicates the display of cross-tier price comparisons a bit.
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high-deductible health plan’s Bronze-tier plan covers only 54% of expected medical expenses.

The reason is that these younger individuals are much more likely to have relatively low spending

levels for which the Bronze-tier plan provides no coverage. In contrast, 64-year-olds are more

likely to have high expenditure levels and hit the maximum out-of-pocket (MOOP) with both

plan designs. We estimate much more similar actuarial value levels of 85% for the Gold-tier

and 71% for the Bronze-tier. Due to these differences, the expected coverage levels differ much

more by age for Bronze-tier plans than they do for Gold-tier plans. However, the 3:1 age-

factor regulation is applied in the same way to all plans. As such, the Bronze-tier plans involve

significantly larger cross-age transfers than the Gold-tier plans. The result is that the marginal

price for higher coverage tiers is inflated for older individuals and compressed for younger

individuals relative to the expected cost differentials of the different tiers for each age group.

What are the welfare consequences of these counterintuitive pricing distortions, and how

do outcomes under the partial community-rating approach in the ACA markets compare to

alternative approaches to regulation? We adopt the framework from Marone and Sabety (2022)

to consider the extent to which relative price distortions may lead to inefficient sorting across

vertical plan options. As Marone and Sabety (2022) highlight, the central question for efficiency

is whether pricing distortions cause people who value additional coverage less than its marginal

cost to inefficiently purchase additional coverage. Under current practice, ACA pricing pushes

the marginal price for additional coverage below the marginal cost for younger enrollees and

pushes it above the marginal cost for older enrollees. These incentives will push toward ineffi-

ciency if older individuals value coverage significantly above their marginal cost while younger

enrollees do not. On the other hand, if younger enrollees value additional coverage more than

their marginal cost while older individuals do not, the observed pricing distortions may not

harm efficiency and would likely be substantially more efficient than full community rating.

These theoretical considerations help provide some insights into the potential efficiency

consequences of community-rating approaches. However, the available data do not allow for a

conclusive measurement of how people value plans relative to marginal cost, and choices are

likely more complex and influenced by significant choice frictions. Given that reality, we turn our

attention toward quantifying the potential market-level and distributional effects of the current

community rating practice relative to two potential alternative approaches. We consider both

risk-based pricing and full community rating as alternative approaches to regulating the relative

prices of plan options. In both alternative scenarios, we consider a set of age-based taxes and

subsidies that would maintain the overall degree of cross-subsidization of the system the same

under these alternatives as it is under the current system. In this way, we hold fixed the degree
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of community rating and cross-subsidization across ages on the level of overall insurance prices

and focus on the impact on the relative price differentials across vertical plan tiers. Our primary

results utilize a discrete-choice demand estimation model to examine how plan choices respond

to different pricing-regulation schemes and determine new equilibrium allocations that account

for tax and subsidy adjustments. Overall, our simulations suggest that the current system is

moderately more (less) favorable for younger (older) enrollees than a risk-based alternative and

substantially more (less) favorable for younger (older) enrollees relative to a full community

rating system.

Our work contributes to a few streams of prior literature. First, our results contribute to

a rich literature exploring how community rating distorts incentives and selection in insurance

markets. Many studies have noted the potential issues that can arise with adverse selection

distortions across plan options under community rating (e.g., Cutler and Reber 1998; Einav,

Finkelstein and Cullen 2010; Bundorf, Levin and Mahoney 2012; Handel 2013; Geruso and

Layton 2017). Most of this work focuses on full community rating. The exception is Veiga

(2023), which studies selection dynamics under a continuum from full community rating to

risk-based pricing in a single-product setting. Our consideration of partial community rating

aligns with Veiga’s approach; however, we emphasize that with vertical choices and non-linear

plans, partial community rating does not necessarily create price gradients that fall between zero

and full price discrimination. Instead, we demonstrate that partial community rating can result

in an overshoot of price gradients compared to risk-based pricing. We demonstrate that this

overshooting of risk-based price gradients also has implications within the theoretical framework

of Marone and Sabety (2022) for the potential efficiency of offering vertical choices.

In other related work, Geruso et al. (2023) highlight that in markets with vertical insurance

plans, policies needed to combat intensive-margin selection issues, such as risk adjustment, may

conflict with policies to support extensive margin selection. Our results suggest some nuance

to this tradeoff for partial community rating using common multiplicative factors. We estimate

that the current partial community-rating approach in Covered California modestly increases

(reduces) extensive margin participation in the market by younger (older) individuals relative

to full community rating. Yet the distortionary effects on vertical decisions are more nuanced,

as partial community rating does not simply reduce these distortions but rather reverses their

direction in this setting.

Second, our analysis also identifies a new way in which pricing distortions, and dominated

options in particular, can arise in insurance menus. Prior research on dominated options has

primarily focused on how they can arise either through deliberate decisions by menu designers
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or as the consequence of average-cost pricing under adverse selection (Handel, 2013; Bhargava,

Loewenstein and Sydnor, 2017; Liu and Sydnor, 2022). Intuition would suggest that markets,

such as the ACA health exchanges, with strong regulations and risk adjustment, would not

have dominated options. Rasmussen and Anderson (2021) provides evidence of the emergence

of dominant options on private health insurance exchanges as a consequence of distortionary

changes in pricing practices in response to the federal government ending payments for required

cost-sharing subsidies. Our work demonstrates that dominant options can emerge for older

individuals under the ACA as a natural consequence of otherwise well-intentioned core pricing

regulations. These findings emphasize the need for regulators to understand the potentially

nuanced impact of pricing regulations, especially in environments with non-linear insurance

contracts.

Finally, our results provide additional evidence of the potential value of finding ways of pro-

viding better information for both consumers and policymakers that makes it easier to compare

the value and prices of insurance options. A number of prior studies have highlighted that people

find it difficult to make informed comparisons across health insurance options without decision

aids (Heiss, McFadden and Winter, 2010; Abaluck and Gruber, 2011; Schram and Sonnemans,

2011; Johnson et al., 2013; Kairies-Schwarz et al., 2014; Bhargava, Loewenstein and Sydnor,

2017; Samek and Sydnor, 2025; Abaluck and Gruber, 2023; Heiss et al., 2021; Handel et al.,

2024). The fact that coverage-tier selection in the California insurance market is only modestly

related to age - despite substantial variation in the effective marginal subsidy/surcharge for

more comprehensive coverage - is likely further evidence that people do not understand how to

compare insurance prices. The pricing distortions we document may be especially problematic

for individuals who rely on simple heuristics when making choices, as older individuals might

naturally assume that their higher risk means the most generous coverage options are right

for them, and vice versa for younger individuals. Our work highlights the importance of both

designing market structures and providing decision support in a way that does not financially

disadvantage less financially sophisticated consumers.

2 Conceptual Framework

2.1 Model Setup

In this section, we develop a conceptual framework to examine how community rating affects

the pricing of insurance contracts. We focus on a simple setting where there are two types of
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consumers in the market, denoted H and L. Let the share of L types in the market be denoted

γ. The types differ in their level of total expected loss prior to insurance. Let θH and θL

denote the expected losses. Without loss of generality, we assume that θH > θL. In the context

of health insurance, we can think of H as denoting older and less healthy individuals and θH

and θL as denoting the expected total medical expenditures of unhealthy and healthy types,

respectively.

We consider the simplest case for multiproduct markets, where there are two plans, j and k,

which are exogenously determined. Let m denote the plan index with m = j, k. The expected

cost of providing plan m to type i is λi
m. We assume that λi

j > λi
k, ∀i, which implies that

plan j has the higher expected cost for all types. In the context of health insurance with

plans vertically differentiated by coverage level, this assumption would imply that the expected

covered expenditures are higher under plan j for all types, or equivalently that plan j has higher

“generosity” for all types.

The actuarially fair premium of plan m for type i would charge the type-specific expected

value so that:

pfairim = λi
m. (1)

Now we consider the implementation of community rating. In line with empirical realities

in many markets, we assume that community rating is implemented by controlling the extent

to which individual prices vary around the full-population expected cost for each plan. We

denote the allowed multiplicative risk-rating factor as a and define it as the allowed ratio of

premium charged to type H versus type L. Full community rating, in which both types pay the

same price, occurs when a = 1. Cases in which 1 < a < θH
θL

would typically be called “partial”

community rating, reflecting the fact that some pricing variation is allowed but not as much

as the ratio of full expected losses. We assume that risk-adjustment regulations are in place so

that the final premiums are set as follows:

pcrHm =
a

γ + (1− γ) a
(γλL

m + (1− γ)λH
m), (2)

pcrLm =
1

γ + (1− γ) a
(γλL

m + (1− γ)λH
m). (3)

The term in parentheses (γλL
m + (1− γ)λH

m) is simply the population-level expected cost

if the full population were enrolled in plan m and reflects the end-result of risk adjustments.3

3In the private health exchanges of the ACA there are a combination of regulations in place to achieve this
result. There is an actuarial pricing regulation, sometimes referred to as the “single risk pool requirement” that
mandates that base prices be set based on an assumption of full population enrollment. To support this practice
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The denominator in the ratios a
γ+(1−γ)a and 1

γ+(1−γ)a in equations 2 and 3, respectively, is a

normalization for a break-even condition that ensures that if the entire population enrolls in

plan m that the collected premium will equal the expected cost. While other normalizations

are possible and one could instead imagine break-even conditions based on observed (rather

than population-level) enrollment, this normalization comes close to matching the regulatory

environment under the Affordable Care Act described in Section 3.1.

2.2 Transfers and Relative Price Distortion under Community Rating

We begin by considering the level of transfers inherent in the premiums for each plan. We

define the transfer received by type i under plan m as the difference between the actuarially

fair and community-rated premiums for that plan for that type. Using the community-rating

rule for premiums defined in equations (2) and (3) above, we derive:

THm ≡ pfairHm − pcrHm =
γ

γ + (1− γ) a

(
λH
m − aλL

m

)
, (4)

TLm ≡ pfairLm − pcrLm =
(1− γ)

γ + (1− γ) a

(
aλL

m − λH
m

)
= −(1− γ)

γ
THm. (5)

The high-cost type H receives a positive transfer in the pricing of plan m if and only if

a < λH
m

λL
m
. That is, there is a positive transfer to H if the allowed pricing ratio between the types

is less than the ratio of the fair premiums (i.e., expected costs) for that plan. The transfer

to/from the L types is the opposite of the transfer for the H types, scaled by the relative

population weight of H types over L types.

Now consider the price differentials between the two plan options that each type observes

under community rating. Recalling the assumption that plan j has the higher expected cost for

all types, we can define the actuarially fair relative premiums (a positive value) for each type

as:

∆fair
i ≡ pfairij − pfairik = λi

j − λi
k. (6)

Then we can calculate an expression for the difference in premiums between plans under com-

without encouraging widespread cream-skimming attempts by insurers to attract healthier enrollees, the system
also involves a series of risk adjustment payments that compensate insurers with higher-cost risk pools and tax
those with lower-cost risk pools. Here, we do not model the details of the risk adjustment system and assume
that it works effectively to achieve the single-risk-pool pricing mandate.
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munity rating for each type, which gives:

∆cr
H = pcrHj − pcrHk =

a

γ + (1− γ) a

(
γ∆fair

L + (1− γ)∆fair
H

)
, (7)

∆cr
L = pcrLj − pcrLk =

1

γ + (1− γ) a

(
γ∆fair

L + (1− γ)∆fair
H

)
. (8)

Our key question of interest is how the relative premium differentials under community rat-

ing compare to the fair premium differentials. In particular, under what conditions will the

community-rated premium differential for the high-risk types be less than, equal to, or greater

than the fair premium differential? To see this, we note that the question of interest is:

∆cr
H =

a

γ + (1− γ) a

(
γ∆fair

L + (1− γ)∆fair
H

)
⋚ ∆fair

H , (9)

and this, in turn, can be easily shown to be equivalent to the following condition:

a ⋚
∆fair

H

∆fair
L

. (10)

So the direction of the distortion in the price differential between plans under community

rating for the high-risk type depends on how the allowed community rating factor compares to

the ratio of the fair premium differentials between the high-risk and low-risk types. If the rating

factor is less than the ratio of fair premium differentials, then the community-rated premium

differentials will be compressed for the high type, and they will be essentially subsidized on

the margin for more generous coverage. However, the reverse will be true if the rating factor

exceeds the ratio of fair premium differentials. It is easy to show that for the low-risk types, the

relevant condition for the price differentials simply flips, so that the direction of the distortion

(if any) runs in the opposite direction for the two types.

In many situations, it will be true that a <
∆fair

H

∆fair
L

and the intuitive case in which community

rating leads to a reduction in the relative price for higher-valued plans for the high-risk type

will hold. For example, it will hold for any community-rating factor a ∈
[
1, θHθL

]
for linear plan

designs that cover a constant share σm of the loss. For linear plan designs, pfairim = σmθi and

∆fair
i = (σj − σk)θ

i. In these cases, the ratio of fair premium differences is simply the ratio of

the expected losses, since each plan’s cost is just proportional to expected losses.

In other cases, though, the ratio of the fair premium differentials may be smaller, and

the condition can reverse. For example, health insurance plans often have non-linear designs,

incorporating combinations of deductibles, co-insurance, and MOOPs. In these situations, the
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ratio of the difference in fair premiums across types can be smaller than the ratio of the level

of the fair premiums. This occurs if the lower-risk types have proportionally larger differences

in coverage between the plan options.

2.3 Numerical Example

Scenario 1: partial community rating reverses the price differentials for high-risk

types For a simple numerical example to illustrate this possibility, consider a market in which

75% of individuals are low-risk types (L) and the other 25% are high-risk types (H). Further,

suppose that there are two possible underlying loss sizes, $2,500 and $50,000. The types differ

in the probability of experiencing each loss size. Assume the low-risk types (L) have a 90%

chance of the small loss and 10% chance of the large loss, while the high-risk types (H) have

a 10% chance of the small loss and a 90% chance of the large loss. While clearly stylized, this

can be thought of as representing a health insurance market that has more young than old and

where younger individuals are more likely to incur modest health expenditures, while the older

have much higher expected costs.

Now suppose that there are two plan options with non-linear cost-sharing designs in the

market. The following table shows the plan designs:

Table 1: Numerical Example Insurance Plan Designs (Scenario 1)

Plan design Deductible Coinsurance (paid by insured) MOOP

Generous $0 10% $2,500

Less generous $1,500 10% $6,000

The generous plan here has no deductible, covers 90% of costs up to an MOOP of $2,500.

The less generous plan is very similar but has a $1,500 deductible before coverage kicks in.

For small losses ($2,500), the generous plan will cover $2,250 (90% of the cost), while the less

generous plan will only cover $900 (90%*(2,500-1,500)). On the other hand, for the large $50,000

losses, the MOOP would be hit with both the generous and less-generous plans, so the generous

plan would cover $47,500 of losses and the less-generous plan would cover $44,000 of losses.

Table 2 analyzes the fair and potential community-rated premiums for this situation. Columns

1 and 2 show the fair premiums for each type in each plan. The expected cost for the high-risk

types is much greater for both plan designs. The fair premium ratio between high- and low-

risk types is 6.34 for the generous plan and 7.62 for the less generous plan. The difference in
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premiums is $3,285 for high type and is $1,565 for lower type. The subsequent columns show

premiums under full community rating (a = 1) and an example of partial community rating

(a = 3). In the case of full community rating, we see that all types pay the same premium

for each plan (reflecting the expected cost for the population), and that this represents a large

transfer from the low-risk to high-risk types for both plans. Moreover, the bottom row shows

that with full community rating, the price differential for the high-risk types is compressed at

$1,995 compared to the $3,285 they would face under risk-based rating, while low-risk types

see an increase in the price differential. For the partial community rating case, we note that

the risk-rating factor of 3 is below the ratio of fair premiums for both plans. As a result, the

high-risk types again get a transfer and see lower premium levels than risk-based pricing. How-

ever, the price differentials are substantially inflated for the high-risk types. In fact, at a price

differential of $3,990, the less generous plan now dominates the generous plan for the high-risk

types.

Table 2: Numerical Example Premiums (Scenario 1)

Risk-based premiums
Full CR

premiums (a = 1)
Partial CR

premiums (a = 3)

High
type

Low
type

Ratio
(H/L)

High
type

Low
type

High
type

Low
type

Generous plan (j) $42,975 $6,775 6.34 $15,825 $15,825 $31,650 $10,550

Less generous plan (k) $39,690 $5,210 7.62 $13,830 $13,830 $27,660 $9,220

Difference (j − k) $3,285 $1,565 2.10 $1,995 $1,995 $3,990 $1,330

Scenario 2: Both full and partial community rating reverse the price differentials

for high-risk types Now we consider another illustrative example where both partial and full

community rating can inflate the price differential of high-risk type larger than the differential

under risk-based pricing. The basic setting is the same except for the design of the less generous

plan, where the MOOP is the same at $2,500. Under the new plan designs, for small losses,

both plans are the same as the previous example, but for the large $50,000 losses, both generous

and less-generous plans would cover the same $47,500 of losses.

Table 3: Numerical Example Insurance Plan Designs (Scenario 2)

Plan design Deductible Coinsurance (paid by insured) MOOP

Generous $0 10% $2,500

Less generous $1,500 10% $2,500
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Table 4 presents the fair and potential community-rated premiums under the new plan

designs. Columns 1 and 2 show a similar message as above, but the difference in fair premiums

in this example is actually higher for the low-risk types. The reason is that they are much

more likely to suffer the small-sized losses for which the two plans differ in coverage. This then

becomes a case where both full and partial community rating will naturally lead to an increase

in the price differential for the more generous plan for the high-risk types. In the case of full

community rating, in contrast to Scenario 1, the price differential for the high-risk types is $945,

more than seven times the fair price differential for H types. Low-risk types, in contrast, see a

reduction in the price differential. For the partial community rating case, we also observe the

inflated price differentials for the high-risk types. Again, the less generous plan dominates the

generous plan for the high-risk types in this case.

Table 4: Numerical Example Premiums (Scenario 2)

Risk-based premiums
Full CR

premiums (a = 1)
Partial CR

premiums (a = 3)

High
type

Low
type

Ratio
(H/L)

High
type

Low
type

High
type

Low
type

Generous plan (j) $42,975 $6,775 6.34 $15,825 $15,825 $31,650 $10,550

Less generous plan (k) $42,840 $5,560 7.71 $14,880 $14,880 $29,760 $9,920

Difference (j − k) $135 $1,215 0.11 $945 $945 $1,890 $630

This example is particularly stark because it is a case where the fair price differentials are

actually smaller for the high-risk types so that
∆fair

H

∆fair
L

< 1. We note, though, that this need not

be the case to get the distortion in price differentials to run in the opposite direction as the

distortion to price levels. For that to happen we only need to observe
∆fair

H

∆fair
L

< a. This, in

turn, helps to highlight that it will be more likely to see this counterintuitive impact on price

distortions under partial community rating (a > 1) than for full community rating (a = 1), but

it can happen in either case.

2.4 Implications for Market Efficiency

The preceding sections have documented how community rating regulations may lead to

distortions in the price differentials across health insurance plans. What are the consequences

of these counterintuitive pricing distortions? We adopt the framework from Marone and Sabety

(2022) to consider the extent to which relative price distortions may lead to inefficient sorting

across vertical plan options. We consider a market with two plans, G with a higher coverage
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and B with a lower coverage. There is a continuum of individuals in the market, differing by

age. Each age has a different willingness to pay (demand) for the extra coverage provided by

G relative to B, represented by D. They also differ in the marginal cost of having G relative to

B, denoted as MC.

Figure 1: Illustration of Allocation under Community Rating Case I

(a) Full Community Rating (b) Partial Community Rating

Note: In the example, we consider two plans, G and B, the former provides more generous coverage. D, MC,

PFC , and PPC denote the demand, marginal cost, full community rating price, and partial community rating

prices for the extra coverage of G relative to B for different ages (enrollees). We rank enrollees by age, and the

left represents old enrollees.

We first consider the case that older enrollees value the extra coverage of G more than

the marginal costs, while younger enrollees value the extra coverage less than the marginal

cost. In Figure 1, we rank individuals by age (the left represents older people) and plot the

demand and cost curves. In this case, the efficient allocation is to have young enrollees to the

right of QE purchase B, while the older enrollees purchase G. As highlighted by Marone and

Sabety (2022), a single price at the point where D and MC cross each other could achieve

the efficient allocation. The price that results from a simple implementation of full community

rating will generally not achieve this efficient allocation, but can be close. In panel (a), we

depict such a possible full community rating price that is close to efficient but somewhat higher

than the efficient level, resulting in some young or middle-aged enrollees between QFC and QE

inefficiently purchasing B. In panel (b), we plot the allocation under partial community rating.

Here we depict a pricing gradient by age steeper than marginal cost, reflecting the possibility we

highlighted in the previous subsection. Thus, PPC rotates steeper than MC. In this situation,

the additional price for G coverage is below the marginal cost for younger enrollees and above

the marginal cost for older enrollees. Under partial community rating, older enrollees to the

left of QPC choose B, while the younger enrollees choose G. Thus, partial community rating
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creates two types of inefficiency: some older enrollees inefficiently enroll in B and some younger

enrollees inefficiently enroll in G.

Figure 2 further demonstrates how the social welfare and inefficient allocation changes under

different partial community rating pricing schemes in this case. We create 100 types, equally

distributed with MC and D curves denoted as in Figure 1. We then vary the partial community

rating factor, a, from 1 (full community rating) to 5 (the ratio of the total uncovered costs

between the most and least costly individuals). When a becomes larger, the price curve rotates

and becomes steeper than PFC . The welfare is defined as the difference between the D and MC

curves for the extra coverage of G relative to B.4 We categorize individuals into two groups:

old enrollees are those whose optimal plan is G (i.e., D is above MC). We then plot the market

average welfare (“overall”) and separately for each group (“young” and “old”). We find that the

overall welfare is maximized when the age factor is 2.06, at which point the price curve crosses

D precisely at the point where MC crosses D. At this value, all enrollees are allocated into

their socially optimal plan. However, increasing the age factor further causes the MC curve to

overshoot and create more misallocated enrollees, leading to a reduction in social welfare.

Figure 2: Illustration of Welfare under Community Rating Case I

(a) Welfare (b) Fraction of Misallocated Enrollees

Note: The x-axis shows the partial age-community rated factors, with one denoting full community rating. Panel

(a) shows the social surplus (measured as the sum of all enrollees’) under different partial community rating

pricing scenarios, and panel (b) shows the fraction of enrollees not in their most efficient plan. In both panels,

we define young and old enrollees based on whether their efficient plan is G (old) or B (young).

In Figure 3, we consider the case under which MC is above the demand curve for older

enrollees and below the demand curve for younger enrollees. Thus, the efficient allocation is

to have young enrollees to the right of QE purchasing G, while older enrollees purchase B. As

4For enrollees whose MC is above D in Figure 1, their efficient plan is B. If they enroll in B, the welfare from
the extra coverage should be zero.
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Figure 3: Illustration of Allocation under Community Rating Case II

(a) Full Community Rating (b) Partial Community Rating

Note: In the example, we consider two plans, H and L, the former provides more generous coverage. D, MC,

PFC , and PPC denote the demand, marginal cost, full community rating price, and partial community rating

prices for the extra coverage of G relative to B for different ages (enrollees). We rank enrollees by age, and the

left represents old enrollees.

highlighted by Marone and Sabety (2022), a single price cannot be efficient in this case. In

panel (a), we depict the market allocation under full community rating, which results in older

enrollees (from 0 to QFC) inefficiently choosing G inefficiently. Under full community rating,

the young enrollees (from QE to Qmax) inefficiently purchase B. In panel (b), we plot the

allocation under partial community rating, assuming that the pricing gradient is steeper than

the marginal cost curve. The allocation is much closer to the efficient allocation because partial

community rating makes the price for extra coverage higher for those who should not buy (older

individuals), and makes the price lower for those who should buy (younger individuals). Thus,

there is only a small fraction of middle-aged individuals between QPC and QE who inefficiently

purchase G.

Figure 4 further demonstrates how the social welfare and inefficient allocation changes under

different partial community rating pricing schemes in this case. The old enrollees are defined

as those whose efficient plan is B. We find that the overall welfare is maximized when the age

factor is 2.06, at which all enrollees are allocated into their socially optimal plan.

As the above example illustrates, partial community rating may result in a more or less

efficient allocation than full community rating, depending on how the demand for the extra

coverage compares with its marginal costs for different age groups. More importantly, the

efficiency does not change monotonically with regard to the partial age rating factor. Efficient

allocation is often achieved at a partial community rating level that falls between full community

rating and the ratio of the total uncovered losses between types. In the following sections, we
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Figure 4: Illustration of Welfare under Community Rating Case II

(a) Welfare (b) Fraction of Misallocated Enrollees

Note: The x-axis shows the partial age-community rated factors, with one denoting full community rating. Panel

(a) shows the social surplus (measured as the sum of all enrollees’) under different partial community rating

pricing scenarios, and panel (b) shows the fraction of enrollees not in their most efficient plan. In both panels,

we define young and old enrollees based on whether their efficient plan is B (for old enrollees) or G (for young

enrollees).

apply the conceptual frameworks to the data and quantify the level of price distortions in the

ACA market, as well as the potential market-level and distributional effects of the current

community rating practice compared to other alternative approaches.

3 Data and Background on Pricing in Private Health Insurance

Exchanges

This section presents empirical evidence on price distortions under community rating rules.

We examine the issue within the context of the Covered California health insurance market and

supplement the analysis with data from the Federal Affordable Care Act exchange. Covered

California is particularly suitable to study the issue because it implements community rating

rules and features a standardized choice menu with multiple products.

3.1 Institutional Background

The Covered California Health Exchange is California’s health insurance marketplace, of-

fering ACA-compliant plans to individuals and small businesses. The market features vertical

choices, where plans are ranked by actuarial value in four metal tiers: Bronze (60%), Silver
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(70%), Gold (80%), and Platinum (90%).5 Unlike the ACA markets in many other states,

where insurers offer a wide range of plan designs (Liu, 2023), Covered California standardizes

cost-sharing designs within a metal tier and year. There are up to two allowed cost-sharing de-

signs in each metal tier. In the Gold and Silver tiers, the cost-sharing designs are standardized,

except for a few benefits that have copays and coinsurance options. For Bronze plans, there

are two designs in a specific year, one with a health savings account and the other without.

All insurers can only offer the standardized plan designs. Our analysis focuses on the Bronze,

Silver, and Gold plans because most enrollees (more than 96%) are in these metal tiers.

There are several pricing regulations in this market. First, the single risk pool requirement

requires insurers to set premiums based on all enrollees choosing their plans, rather than the pool

selecting into a specific plan. The single risk pool requirement is consistent with the premium

setting equations laid out in Section 2.1. Second, the market implements risk adjustment

by estimating the risk scores of enrollees based on individual demographics and pre-existing

conditions and transferring funds among insurers based on their enrollees’ risk scores. These

requirements aim to eliminate insurers’ incentive to select healthier individuals.

Finally, there is community rating in the market. Plan premiums are only allowed to vary

by geographic regions (rating areas) and by a pre-specified age curve. Specifically, the regulator

constructs an age rating factor that specifies the premium ratio for each age group relative to

that of a 21-year-old. Insurers set a base premium for the 21-year-old for a plan, and premiums

for all other ages are generated based on the age rating curve. Most importantly, the age

rating curve is the same for all plans. Our empirical analysis focuses on the age-based partial

community rating rules and examines how the pricing rule distorts the relative premiums of

Bronze, Silver, and Gold plans at different ages. The combination of multiplicative (partial)

community rating with the single risk pool requirement means that the ACA marketplaces line

up with the conceptual framework presented in the prior section.

The Covered California health insurance marketplace is a large market, representing more

than 400,000 enrollees annually. Moreover, the market features many commonalities with health

and drug insurance plans in other states and countries, including vertical choices and (partial)

community rating with risk adjustment. The market also has unique features; for example, the

cost-sharing designs are standardized within a metal tier. The standardized plan menu helps

to simplify our calculations. To illustrate the generality of the results, we also replicate some of

the analysis using the ACA Federal Exchange, which has the same regulations as the Covered

5There are also catastrophic plans with minimum coverage. However, these plans are only available to enrollees
under age 30 or with certain exemptions.
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California marketplace but does not require standardized plan designs.

3.2 Data

Covered California plan information. We collect the cost-sharing designs (deductibles,

MOOPs, coinsurance rates, etc.) for plans in the market from the official Covered California

website.6 Our analysis focuses on plans offered in the individual market from 2015 to 2020.

We drop 2014 from the analysis because some key plan attributes (e.g., actuarial value, AV,

the fraction of losses covered for the average population) are not reported for this year. We

supplement this data with the HIX Compare Datasets compiled by the Robert Wood John-

son Foundation.7 The datasets contain information on other plan attributes, including carrier

names, plans available region, premiums, and plan network types (HMO, PPO, or EPO).

Covered California enrollment data. The 2015 - 2020 Covered California enrollment data

were acquired via a public records request and have been used in previous studies (e.g. Saltzman

2019; Tebaldi 2025). The data include enrollment information for all individuals who choose a

plan via Covered California. In the data, we observe each enrollee’s chosen product, age, rating

area, and net premiums paid. We extract carrier name, metal tier, and plan type information

from the plan name variable. We then determine the exact cost-sharing design each enrollee

chooses by matching to the plan information described above.8 We follow Tebaldi (2025)’s

method to infer each household’s Federal Poverty Level (FPL) based on regulations on premiums

and subsidies.

In our subsequent analysis, we examine counterfactual enrollment patterns under alternative

pricing schemes. To assess how these changes affect the share of potential enrollees opting into

the market, we need to estimate the size of the population of potential buyers. We use the

American Community Survey (ACS) Public Use File, accessed via IPUMS (Ruggles et al. 2025),

and follow the methodology of Finkelstein, Hendren and Shepard (2019), Tebaldi, Torgovitsky

and Yang (2023), and Tebaldi (2025). Specifically, we restrict the sample to individuals who

are either uninsured or privately insured and smooth the estimates of potential buyers using a

flexible regression across year, rating area, age, and income groups.

6https://hbex.coveredca.com/stakeholders/plan-management/
7https://hix-compare.org/
8Less than 1% of enrollees are enrolled in products not identified in the plan information data. For example,

the recorded product name does not indicate the plan type, while the carrier offers multiple plan types in that
metal tier and rating area. We drop these individuals from the analysis.
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Medical Expenditure Claims Data. Our calculation of relative premium distortions re-

quires information about the underlying medical expenditure distribution. Unfortunately, we do

not have the claim data for the Covered California population. Instead, we construct estimates

of the distributions by age using the 2013 Truven MarketScan data. The Truven MarketScan

data is a national health insurance claim database based on the employer-sponsored market

and has been used in the early years of the ACA to determine plans’ actuarial values. We keep

individuals with enrollment for all 12 months in 2013, aged between 21 and 64. We aggregate

each individual’s total medical expenditure from all claims (inpatient, outpatient, drugs, etc.)

in 2013. These data are then used to estimate the medical expenditure distribution for each

age. To reflect medical-cost inflation and average-cost differences in California relative to the

national market, we apply an inflation adjustment to the estimated expenditure distributions

that we describe below in Section 3.3 and Appendix A.

Plan information of the ACA Federal Exchange. We replicate some of the key results

using the ACA Federal Exchange market. For this analysis, we focus on 2017 plan information

since policy changes in 2018 relating to the payment of cost-sharing subsidies led to distortions

in the price of Silver tier plans that are an unnecessary complication for our analysis. We collect

the 2017 plan information from the Health Insurance Exchange Public Use Files published by

the Center for Medicare and Medicaid Services.9 We collect each plan’s attributes from these

files, including the cost-sharing design, insurer, plan type, network ID, formulary ID, launched

county, and premiums.

3.3 Adjustments to Medical Expenditure and Plan Data

Our goal in the analysis that follows is to compare, for each age and plan, the premiums

under risk-based pricing (i.e., the expected covered expenditure) and community rating. Let

λi
m indicate the expected covered expenditure for age i under plan m, where m denotes Bronze,

Silver, or Gold. We extend the analysis in Section 2 into multiple types and have

pfairim = λi
m, (11)

pcrim = ai

∑64
s=21 γsλ

s
m∑64

s=21 γsas
+ τ, ∀i,m, (12)

where γi is the population weights of age i (among those who choose a plan), ai is the age-

rating factor, and τ is a level shift adjustment to all premiums to make sure the system breaks

9https://www.cms.gov/marketplace/resources/data/public-use-files
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even.10 The other key component of the calculation is λi
m, which is a function of the total

uncovered medical expenditure distribution, xim ∼ F i
m, and the plan cost-sharing design, oop(·):

λi
m = E[oop(xim)]. Below we specify how we calculate xim ∼ F i

m, and oop(·) respectively.

To obtain the distribution of medical costs, we estimate the total medical expenditure dis-

tribution for each age using the 2013 Truven MarketScan data. We first group individuals by

age. For each age, we create total medical expenditure bins (0, $0-100, $100-200, etc.), then

calculate the average expenditure and share of individuals in that expenditure bin. We use these

discretized distributions for each age as the basis for all calculations below. We then use two

terms to adjust these distributions to account for the fact that health expenditure levels rise over

time, differ between California and the national Truven data, and that plan prices will include

a loading factor by insurers (e.g., for profits, administrative costs, and anticipated moral hazard

factors at different metal tiers). The first adjustment term is a proportional inflation factor that

is applied separately for each metal tier and each year. This term allows us to inflate the Truven

data to match the observed average costs in the California market. The tier-specific factor ac-

counts for the fact that different metal tiers may induce different moral hazard responses. The

second term is a common additive adjustment term applied to all plans, guaranteeing that the

system of premiums is expected to break even, accounting for the observed enrollment shares

by age and metal tier in the California health insurance exchange. We calibrate these terms

by solving for the set of proportional adjustment terms (i.e., the first term) that minimizes the

squared difference between the predicted and average observed premium for each metal tier

in California in the relevant year. The details of this procedure are in Appendix A. The key

assumption here is that while the level of costs may differ in California, the distribution of costs

by age is proportional in California to what is observed in the national data. In section 4.4.2,

we conduct robustness checks to shrink or enlarge the cost differentials between ages and find

similar results.11

The second step in our calculations is to create simplified plan designs to represent the

cost-sharing of plans in California. We consider individual coverage for the in-network services

of all Covered California plan cost-sharing designs. In reality, the cost-sharing rules of a plan

10We estimate γs using the California enrollment data. To calculate τ , we first set τ = 0, solve pcrim and pfairim .
We then calculate the system-level budget using the observed 2017 California age by metal tier enrollment share,
ωim, where ωim = # of enrollees of age i and choosing metal tier m

# of enrollees in Covered California
. τ =

∑
i

∑
m ωim(pfairim − pcrim).

11One piece of evidence to support this assumption comes from a consulting report by Milliman for Covered
California in 2013 at the outset of the launch of the Covered California exchange. In that report, Milliman
analyzed the 3:1 age-rating factor rule and reported that, based on their calculations, the actual covered cost
differentials for 64- to 21-year-olds should be 4.5:1 (see page 9 of Cosway and Abbott 2013). This is very similar
to both the national estimates available at that time and to our estimates. At the very least, it suggests that the
type of age differentials we use in this paper is consistent with the analysis that Covered California was receiving
from professional consultants.
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can be complicated, as different services may have varying coinsurance rates or copayments

applied. Following Liu and Sydnor (2022), we convert all plan designs into a simplified three-

arm design: The first arm is the deductible range, where no services are covered; the second arm

is a coinsurance range, and the third arm is the MOOP range, under which consumers’ out-of-

pocket spending is capped. We convert using the CMS actuarial value calculator for the ACA

market. The calculator estimates the actuarial value of each plan for the average population

in the ACA market. We fix the deductible and MOOP of each plan and then estimate a single

coinsurance rate applied to all services between the deductible and MOOP such that the plan’s

actuarial value is the same as the reported actuarial value.

The underlying assumption for this simplification approach is that the service mix is rela-

tively stable for different ages, conditional on the total expenditure level. We examine this using

the Truven MarketScan data by calculating the fraction of losses from inpatient, outpatient, and

drug expenditures for three age groups, conditional on the total expenditure level. Appendix

Figure C1 shows that the shares are close for these age groups for a wide range of total expendi-

ture levels. We also examine the robustness of the method by comparing the designs of the two

Bronze plans in California. The Bronze plan with a health savings account (HSA) features a

40% coinsurance rate for all services in the second leg, making it a simplified three-arm design;

therefore, there is no need to convert. We compare the expected covered expenditure for each

age for the two Bronze plans. If the simplification is correct, the two Bronze plans should have

similar λi
m. Indeed, Appendix Figure C2 shows that the two λi

m lines are extremely close to

each other.

Table 5: Covered California 2017 Simplified Plan Designs

Plan Deductible MOOP
Consumers’
Coinsurance

rate

Gold 0 6,750 0.28
Standard Silver 2,750 6,800 0.09
Bronze 6,800 6,800 0.92
Bronze - HSA 4,800 6,550 0.40

Note: This table shows the deductibles and MOOPs in the standardized plan designs for California in 2017.
The simplified co-insurance rate in the final column is our calculation. It provides a coinsurance rate that would
result in a simplified three-arm plan design with a similar actuarial value as the actual standardized plan designs,
which incorporate somewhat more complex rules (including co-payments for different services). The simplified
plan designs are calculated using the 2017 Actuarial Value Calculator published by CMS. All designs are for
individual, first-tier in-network coverage.

Table 5 shows the simplified plan design of Gold, standard Silver, and Bronze plans for the

year 2017. For all the following analyses, we use 2017 as an illustrative example. We focus
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on 2017 because it was the last year before the federal government stopped funding mandatory

cost-sharing reductions for lower-income enrollees, which in turn led to a distortion in Silver-tier

premiums in many states. While this change does not affect our primary analysis or key message

of the paper, it complicates some of the comparisons. Since the two Bronze plans result in similar

expected covered losses for all ages, we use the plan with no HSA as the benchmark.12 Using

the simplified plan designs and applying the adjusted Truven distributions described above, we

calculate the actuarially fair and community-rated premiums using equations (4) and (5).

4 Empirical Results

4.1 Price Distortions in Covered California

We first illustrate how the current age-based community rules distort the plan premiums

relative to risk-based pricing. Figure 5 shows the age rating curve (the blue circles) and the

fair premiums for Gold, Silver, and Bronze plans. We divide the premium by the level for the

21-year-olds, so the number represents the premium ratios for an age relative to the 21-year-

olds. The age factors set a value of one for the 21-year-olds. The age rating factor suppresses

the premium levels for older ages in all metal tiers, as the fair-premium curve is steeper than

the age rating factors for all three plans. Moreover, the fair premium increases differently by

age: the 64 to 21 fair premium ratio is about 4:1 for the Gold plan, while the ratio is 5:1 for

the Bronze plan.

Figure 6 illustrates the distortions in premium levels for Gold and Bronze plans by age. For

both plans, the community rating premiums are higher for the younger population and lower

for the older population, representing a transfer from the young to the old. This is consistent

with the fact that the allowed age-rating variation is lower than the underlying variation in

expected costs (as shown in Figure 5).

However, the relative premium distortion is different by age. Figure 7 panel (a) shows the

premium difference between Gold and Bronze plans for each age. The red line with crosses

represents the risk-based actuarially fair premium differences, while the blue circle represents

the community-rated premium differences. We find that the age-rating rules result in a larger

premium gap than the fair level for the older population and a smaller gap for the younger

12We use a slightly different procedure and have a slightly different interpretation of the Simplified Co-insurance
rate for the Bronze plan. The Bronze plan has a deductible of 6800, the same as the MOOP, while some services
are covered before hitting the deductible level. We convert it into the simplified three-arm design by setting a
zero deductible and finding the equivalent coinsurance rate after 0, resulting in the same AV. The resulting 0.92
factor implies that the simplified design for the Bronze plan involves 8% coverage for all losses up to the MOOP
of $6,800.
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Figure 5: ACA Age Factors and Fair 2017 California Premiums

Notes: We use the 2017 California plan design to calculate the figure. In the calculation, we inflate the Truven

distribution such that the simulated premiums match the actual observed 2017 premiums. All premiums are

annual values for individual coverage.

Figure 6: Premium Distortion under Community Rating: California 2017

Notes: We use the 2017 California plan design to calculate the figure. “CR” indicates community rated premiums,

while “Fair” indicates premium level under risk-based pricing. The y-axis indicates the annual premiums for

individual coverage.

population. We observe a similar pattern between Gold and Silver plans (panel (b)) and a

relatively minor distortion in the premium between Silver and Bronze plans (panel (c)).
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Figure 7: Premium Differences Across Metal Tiers: California 2017

(a) Gold - Bronze (b) Gold - Silver

(c) Silver - Bronze

Note: We use the 2017 California plan design to calculate the figure. The y-axis indicates the annual premium

differences between metal tiers for individual coverage.

In summary, we find that the age-based community rating rules increase the premium gap

between Gold and Bronze plans for the older population in the Covered California market.

4.2 Dominated Gold Plans in Covered California

Community rating makes the Gold plan relatively more expensive for older people; in the

extreme, if the premium gap between the Gold and Bronze plans is large enough, the Gold plan

might be financially dominated by the Bronze plan.13 We examine whether the premium-gap

distortion is large enough to create a menu with dominated options in the Covered California

market.

13In principle, the Silver plans could also dominate the Gold plans. We focus here, though, on the Gold vs.
Bronze comparison since the pricing distortions are slightly larger for Gold vs. Bronze.
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First, we create pairs of otherwise similar Gold-Bronze plans. We require the two plans to

have the same insurer and plan type (e.g., HMO vs. PPO) and be launched in the same rating

area. For example, Anthem HMO Gold and Anthem HMO Bronze plans are offered in rating

area one. Some of the Bronze plans may have an HSA – we still pair them with Gold plans

without an HSA because the exercise determines whether the Bronze plan dominates the Gold

plan, and the availability of an HSA is an additional benefit of the Bronze plan. Sometimes, a

Gold plan may not have a respective Bronze plan. For example, the insurer may offer one PPO

Gold and one HMO Bronze. We count these Gold plans as not dominated by the Bronze plan

in our analysis.

Second, for each pair, we calculate the age above which the Bronze plan will dominate the

Gold plan. To do so, we use the simplified plan design of the two plans and calculate the largest

out-of-pocket spending difference between the two plans. The value indicates the minimum

premium gap that would make the Bronze plan dominate the Gold plan. We then divide the

value by the premium gap for the 21-year-olds to find the age factor above which Gold will be

dominated, and then map it to the age. Finally, we calculate the availability of these dominated

Gold plans for individuals not eligible for the cost-sharing reduction (CSR) variation plans.14

Figure 8 shows the share of non-CSR eligible enrollees facing a dominated Gold plan in

their choice set by age. The red-cross line indicates the share of enrollees having at least one

dominated Gold plan in their choice set. We find that about 40% of age 50 enrollees face at

least one dominated Gold plan, and almost all age 60 enrollees in Covered California face one

dominated Gold plan. If we restrict to their chosen insurer (the blue circle line), about 80% of

age 60 enrollees face a dominated Gold plan offered by the insurer they eventually choose. The

dominance is more likely to happen among more expensive plans (like PPOs), more expensive

insurers, and more expensive rating areas.

In summary, the analysis above demonstrates that the premium gap distortion resulting

from the community rating rule is substantial enough to make dominated Gold plans prevalent

among older enrollees in Covered California. The dominated plan creates room for making

mistakes in choosing the plan option, which we examine in the next section.

14We exclude the CSR-eligible population, because these individuals can choose from more generous plans with
the Silver premium, making Gold plans possibly dominated by these CSR-variation Silver plans. Such dominance
has been documented in the literature (DeLeire et al., 2017). However, it is not the focus of our paper.
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Figure 8: Share Facing Dominated Gold Plan by Age: California 2015 - 2020

Notes: Data from enrollment information through Covered California 2015-2020. The sample includes individuals

not eligible for CSR-variation plans. We construct Gold-Bronze pairs by requiring that they are offered by the

same insurer, in the same rating area, and with the same plan type (HMO, PPO, or EPO). For each individual,

we calculate whether there exists at least one Gold plan by their chosen insurer in the area they live, or among

all insurers in their rating area which is dominated by the respected Bronze plan.

4.3 Gold Enrollment Share by Age in Covered California

First, we examine how the Gold enrollment share relates to the relative premium distortion

by age. We restrict the analysis to enrollees not eligible for CSR. Figure 9 shows the share of

individuals enrolled in Gold plans by age. The curve is a reverse U-shape: the Gold enrollment

share increases with age up to age 40 and then decreases for enrollees 40 and above. While

there may be several reasons for these age-related enrollment patterns, we note that they are

at least consistent with the distortions in relative premiums we document above, which make

Gold-tier plans relatively expensive for the oldest enrollees.

Second, we find that the existence of dominated Gold plans creates room for mistakes in

plan selection. Among enrollees not eligible for CSR, about 2% of them choose a dominated

Gold plan. Figure 10 shows the share by age. The share increases with age because older people

are more likely to face a dominated option: about 5% of individuals aged 55 and above choose

a dominated Gold plan. We also find that among those who choose a Gold plan, 16% of them

select a dominated Gold plan, and more than 46% of enrollees aged above 54 who choose a Gold

plan choose a dominated Gold plan.
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Figure 9: Share Choosing Gold Plan by Age: California 2015 - 2020

Notes: Data from enrollment information through Covered California 2015-2020. We drop the 2014 plan year

because essential plan attributes (actuarial value) are missing for this year. The sample includes those who are

not eligible for CSR variations.

Figure 10: Share Choosing Dominated Gold Plan by Age: California 2015 - 2020

Notes: Data from enrollment information through Covered California 2015-2020. The sample includes individuals

not eligible for CSR-variation plans. We calculate the share of enrollees choosing a dominated Gold plan among

all non-CSR eligible enrollees and non-CSR eligible enrollees who select a Gold plan at that age.
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Finally, the Gold enrollment share decreases more among enrollees choosing a PPO plan (see

Appendix Figure C3). Conventionally, we would expect that older (and higher expenditure)

enrollees would prefer more coverage (thus a Gold plan) and a broader network (thus a PPO

plan). However, we find that the drop in Gold enrollment share by age is steeper among enrollees

choosing a PPO plan. The pattern is consistent with the premium distortion: PPO plans often

have higher base premiums, making the Gold-Bronze premium gap larger than HMO plans.

The result suggests that the current community rating rules may distort preferences for other

plan attributes.

4.4 Robustness

In this section, we examine the robustness of our main results in other markets and under

alternative assumptions.

4.4.1 Dominated Gold Plans in the Federal Exchange

One might wonder whether the above patterns are a special case because California stan-

dardizes plan designs and creates menus where Bronze and Gold plans have similar MOOPs.

In fact, the price distortion is a result of the non-linearity of plan design, as illustrated in the

conceptual framework in Section 2. If we replace the Covered California non-linear Bronze

plan with a constant coinsurance plan with the same AV, then the premium distortion is much

smaller (see Appendix Figure C5).

In this subsection, we explore the robustness of our findings in other markets. The Federal

ACA exchange does not standardize plan designs, resulting in insurers creating a wide range of

cost-sharing designs in the market (Liu, 2023). We replicate the dominance calculation using

the 2017 Federal exchange plans. The sample includes states using Healthcare.gov in 2017 for

their ACA health insurance marketplace. We construct otherwise similar Bronze-Gold pairs

by requiring plans to have the same insurer, plan type, network ID, drug formulary ID, and

national network status, and be launched in the same county. The requirement that the two

plans have the same drug formulary ID is quite restrictive, with only 28% of counties having

at least one comparable Bronze-Gold pair. As a result, we also relax this requirement (while

keeping the others) and have more than 84% of counties with at least one comparable Bronze-

Gold pair. We create simplified three-arm designs of these plans, and then use the same method

as in Section 4.2 to calculate, for each county, the minimum age at which there is at least one

dominated Gold plan.
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Appendix Figure C4 shows the share of counties with at least one dominated Gold plan for

that age. We find more than 50% of counties with a comparable Bronze-Gold pair have at least

one dominated Gold plan for enrollees older than 58 if we use the most restrictive definition of

plan attributes. If we allow Gold and Bronze plans to have possibly different drug formularies,

then about 50% of counties have at least one dominated Gold plan for enrollees aged 50 and

older.

4.4.2 Alternative Age-Based Medical Cost Distributions

In the baseline analysis, we rely on age distributions estimated using the Truven MarketScan

data. Although we inflate the distributions to match the overall levels of Covered California, it

is possible that the cost distribution differentials across ages may not be accurately estimated.

In this section, we examine the robustness of the results by shrinking or enlarging the cost

distribution gaps between the old and young ages.

First, we follow Tebaldi (2025), who uses the Medical Expenditure Survey Data and esti-

mates that the mean total uncovered medical expenditure ratio for the 64-to-26-year-old age

group is 3.5, which is larger than our estimate (3.1). We adjust all distributions to match the

3.5 estimates and the overall Covered California level.15 Appendix Figure C6 panel (a) shows

the Gold-Bronze premium gap under risk-based pricing and current community-rating pricing.

We find that the distortion in relative premiums is similar to the baseline level.

Second, we also examine the robustness of the relative premium distortion when there is

a smaller age gap than the Truven estimates.16 Again, we find that the distortion in relative

premiums between the Gold and Bronze plans is similar to the baseline level, as shown in

Appendix Figure C6 panel (b). These findings suggest that the premium distortions we find

are robust to other loss distributions.

4.4.3 Selection Across Metal Tiers and Pass Through to Premiums

In our baseline analysis, we assume that the current ACA pricing regulations, specifically

the single risk pool requirement, are fully effective. That is, firms would not factor the cost

15Specifically, we apply an age-specific multiplicative deflation factor to the baseline distributions, with the
factor set as 1 for 64-year-olds, 3.1

3.5
for age 26, and a convex combination of the two for other ages where the

weights are the age gap from 64 and 26. We then adjust all distributions by applying the same factor that
matches the overall Covered California level.

16We apply an age-specific multiplicative factor to the baseline distributions, with the factor set as 1 for
enrollees 40 or older, 1.1 for age 21, and a convex combination of the two for other ages where the weights are the
age gap from 40 and 21. We then adjust all distributions by applying the same factor that matches the overall
Covered California level.
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differentials of enrollees selecting into the Gold and Bronze plans, if any, into the respective

premiums. As a result, we interpret the tier-specific inflation factors (used to match the Truven

distribution and the observed premiums in Covered California) as reflecting the differences in

moral hazard responses induced by different plan tiers. In this section, we provide further

justification for this assumption and discuss the robustness and implications of the main results

if this assumption is violated.

First, we calculate the Gold-Bronze premium ratios of all comparable pairs (offered by

the same insurer in the same rating area and with the same network type), and examine the

distributions of these ratios. We find that different insurers set different ratios. However, within

an insurer, the ratio of Gold to Bronze premiums is similar, and often identical, across different

rating areas and plan network types (see Appendix Figure C7.) Since selection patterns would

be likely to vary across rating areas and network types, this is suggestive evidence that the tier

differentials are not reflecting plan-level selection patterns.

We also find evidence that there appears to be limited selection by age into Gold or Bronze

plans: in Appendix Figure C8, we plot, for each 2017 insurer, the share of enrollees of a particular

age who choose that insurer’s Bronze plan, and compare with the age shares for those choosing

Gold plan. We find that the two age shares are close to each other. Moreover, we find little

correlation between an insurer’s Gold-Bronze premium ratio and the Gold-Bronze expected

cost difference calculated based on the age shares of enrolled individuals in the insurer and the

tier (see Appendix Figure C9). These patterns suggest that there is little age-based selection

across metal tiers, and if there is any, insurers do not appear to pass the cost differentials on to

premiums.

Nevertheless, we can consider the implications for our analysis if some of the price gaps

between metal tiers partly reflect selection. In this case, our inflation of the distributions of gold-

tier enrollees to reflect moral hazard is incorrect, and the true underlying medical usage for a

given individual across tiers is more similar than we are estimating. This, in turn, means that the

actual fair pricing differential between metal tiers is lower than what we are currently estimating.

We can bound the potential impact of this possibility by making an assumption that there is no

moral hazard response to different tier enrollments. In this case, we use a single inflation factor

on the Truven medical-spending distributions for all tiers to match the expected spending to

the observed overall Covered California premiums. This change results in a smaller premium

difference between Gold and Bronze plans, as expected. However, the premium distortions,

calculated as the difference between the Gold-Bronze premium gap under the current partial

community rating and the risk-based pricing, are very similar in this alternative calculation.

30



We find that the distortion is slightly larger for the oldest and youngest enrollees under a single

inflation factor, as shown in Appendix Figure C10.

Figure 11: Robustness Check with Single Inflation Factor: Dominated Gold

Notes: Data from enrollment information through Covered California 2015-2020. The sample includes individuals

not eligible for CSR-variation plans. We construct Gold-Bronze pairs by requiring that they are offered by the

same insurer, in the same rating area, and with the same plan network type. For each individual, we calculate

whether there exists at least one Gold plan by their chosen insurer in the area they live in, which is dominated by

the respected Bronze plan, under three pricing schemes: the current partial community rating with tier-specific

inflation factor (“Benchmark”), the current partial community rating with single inflation factor (“Single Inflation

Factor”), and full community rating with age-specific inflation factor (“Full Community Rating”).

Finally, we can also examine how much of the prevalence of dominated Gold-plan options

can be attributed solely to the partial-community rating distortions. The actual prices for

different tiers reflect the “moral hazard adjustment” factors across tiers that we build into

our tier-specific inflation factors in our baseline analysis. Those increased differentials across

tiers, whether they reflect selection patterns or actual moral hazard differentials, can themselves

be a potential source of dominance because they raise the price differentials across tiers. To

gauge how often dominance would occur without this additional consideration, we use a simple

procedure to create hypothetical alternative premiums. For each insurer, we use the Silver-tier

premium for their plans in a region but then set the Bronze and Gold plan premiums using

the regulated actuarial value differences (e.g., 80% for Gold vs. 70% for Silver).17 This ensures

17To calculate the counterfactual Bronze and Gold premiums under the single inflation factor assumption, we
first find the Silver plan with the same insurer-rating area-network type for each Gold-Bronze pair and take its
premium psilver. If there are multiple such Silver plans, we take the average premiums of these Silver plans. In
our sample, all Gold-Bronze pairs have at least one respective Silver plan. We then calculate the Gold premium
as psilver/0.7×0.8, and the Bronze premium as psilver/0.7×0.6. The formula is derived based on the assumption
that for each Gold-Silver-Bronze pair, the inflation factor for all three plans is the same, and thus could be
canceled when taking the ratio.
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that the premium differentials only reflect the regulated actuarial value differences and no other

adjustments. We then apply the age-rating factors to these premiums to calculate premiums

at different ages. Figure 11 shows the comparison, providing both our baseline estimates of the

share facing a dominated option from their chosen insurer and the share who would under this

alternative approach. In this alternative, the rate of dominance is significantly lower, but still

meaningful, peaking at about 21% for those in the oldest age range. At the same time, we can

also consider whether the “moral hazard adjustment” factors generate patterns of dominated

options if there were no age-rating differentials. For this counterfactual, we generate premiums

using the baseline inflation factors that include the “moral hazard adjustment” factors, but set

a fully community-rated premium that is the same for all ages. This is shown as the black line

in Figure 11. We see that almost no one faces a dominated option in the absence of the age-

rating differentials. Overall, this exercise highlights that high-cost areas and insurers setting

larger moral hazard adjustments interact with partial community rating by age to result in the

prevalence of dominated Gold plans for older enrollees.

5 Counterfactual Analysis

What are the consequences of these counterintuitive pricing distortions, and how do out-

comes under the partial community-rating approach in the ACA markets compare to alternative

approaches to regulation? In this section, we focus on quantifying the potential market-level

and distributional effects of the current community rating practice compared to other potential

pricing schemes, using plan menus and enrollment data from 2017 Covered California.

5.1 Counterfactual Pricing Schemes

We simulate counterfactuals under two alternative community rating schemes: risk-based

pricing and full community rating pricing. In our calculation, we hold the age-specific transfers

fixed at the same level as the current partial community rating schemes. Thus, for each age, the

average price level across tiers is the same under all pricing schemes. The comparison highlights

how enrollment and net premium payments would change when the relative premiums across

vertical options are affected by different approaches to community rating.

We first calculate the amount of the average transfer received or given at each age in the

current system. We calculate these values by taking the difference between the observed pre-

mium under the current partial community rating for each age (pcrim) and the estimated fair

premium level they would face under risk-based pricing by age (pfairim ). We average these values
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for each age i across plans using the observed enrollment share. Let Ti denote the transfer level

for each age, then we have:

T cr
i =

∑
m

ω′
im(pfairim − pcrim), (13)

where ω′
im is the enrollment share of metal tier m among enrollees of age i in 2017 Covered

California.18 Figure 12 shows the results. Those above 55 years old receive positive subsidies,

maxing out at transfers of almost $1,000 annually for the oldest enrollees. Those under 30, in

contrast, are effectively paying average surcharges, peaking at around $1,000 for the youngest

enrollees.

Figure 12: Implied Annual Subsidy by Age: California 2017

Notes: We use the 2017 California plan design to calculate the figure. We first calculate the subsidy level for

each age and metal tier by subtracting the annual fair premium from the community-rated premiums. We then

calculate the average subsidy level for a particular age by weighting the subsidy for Gold, Silver, and Bronze of

that age by the California enrollment share in these three tiers at that age. The enrollment share is based on the

non-CSR eligible enrollees.

Next, we design a risk-based pricing system that incorporates community rating to achieve

transfers in the level of premiums but allows for price differentials between plan options in the

menu that reflect expected costs. Specifically, we calculate the counterfactual premium under

18Specifically, ω′
im = # of enrollees of age i and choosemetal tierm

# of CoveredCalifornia enrollees of age i
. When calculating ω′

im, we condition on enrollees
making a plan choice, because under ACA, only individuals who buy an insurance plan are eligible for age-specific
transfers.

33



risk-based pricing for age i and metal tier m, prbim as:

prbim = pfairim − T cr
i . (14)

The risk-based pricing with age-specific side transfers could be achieved by modifying the pricing

regulations. For example, the age-rating curve could be applied to Bronze plans, but then

insurers could be required to price higher tiers based on expected cost differentials by age.

Another approach could be to allow for risk-based pricing of plans, but then to impose a series

of surcharges and subsidies based on observable risk (but not plan selection).

Third, we design a full community rating pricing system with side transfers across ages. For

each plan, we first calculate the full community-rated premiums, p̄m, as a weighted average of

the fair premiums of the plans across ages: p̄m =
∑

i ω̃ip
fair
im , where ω̃i is the share of enrollees of

age i among those enrolled in marketplace coverage.19 We then adjust the full community-rated

premiums by adding age-specific transfers, such that transfer levels are the same as the baseline

level:

pfullim = p̄m +∆Ti + τ full. (15)

We calculate the age-specific transfer term as ∆Ti = T cr
i −T full

i , where T full
i =

∑
m ω′

im(pfairim −

p̄im). Thus, enrollees receive the same level of transfers as the baseline level. τ full is a

level shift adjustment to all plan premiums to make sure the system breaks even: τ full =∑
i

∑
m ωim(pfairim − pfullim ).

5.2 Results with No Enrollment Change

We first consider the case where the enrollment shares are held fixed at the current partial

community rating level (i.e., the same as the observed data). When this is true, there will only

be distributional effects due to premium differences.

We calculate how the premiums would change for each metal tier and each age under the

two counterfactual pricing schemes. The premium is defined as the annual premium for a single

coverage. In the calculation, we do not consider the premium subsidy linked to income (the

premium tax credit, APTC), so the results reflect the premium changes among those who are

not eligible for the premium subsidy. Figure 13 panel (a) graphs these values by age for the

Bronze, Silver, and Gold-tier plans. Under risk-based pricing, the biggest change in premiums

19Specifically, ω̃i =
# of enrollees of age i

# of enrollees inCoveredCalifornia
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would occur for Gold-tier plans for older individuals. Gold-tier prices would fall by as much as

$200 per year for the oldest enrollees. The biggest increases in Gold-tier premiums would occur

for those around age 42, who would see increases of around $100 per year. In contrast, Bronze

and Silver-tier prices would rise for those above age 55 and fall modestly for those from age 25

to 55.

Figure 13 panel (b) shows the annual premium change under full community rating. We find

a similar pattern to that in the risk-based pricing case, but the magnitude of impacts is much

larger. For example, the Gold-tier prices would fall by $500 per year for the oldest enrollees,

while the Bronze-tier prices would increase by around $1000 for individuals older than 55.

Figure 13: Annual Premium Change under Counterfactuals

(a) Risk-Based Pricing (b) Full Community Rating

Notes: We use the 2017 California plan design to calculate the figure. The y-axis indicates the annual premium

difference (for individual coverage) between two counterfactual pricing rules and the current partial community

rating pricing. In panel (a), the counterfactual pricing is the risk-based pricing with age-specific side transfers.

In panel (b), the counterfactual pricing is the full community rating with age-specific side transfers. A positive

number indicates that the counterfactual premiums are higher than the current premiums.

5.3 Results with Enrollment Change

We then calculate the counterfactual under the two pricing schemes, allowing for the pos-

sibility that enrollees would change plan choices in response to the premium changes. We first

formulate and estimate a model of individual health insurance demand. We then use the demand

estimates to simulate the enrollment and premium changes under the three pricing schemes and

compare the equilibrium outcomes.
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Demand Estimation We estimate individual-level demand for health insurance plans offered

through Covered California, the state’s ACA marketplace. We consolidate plan options and

let enrollees to choose from five option, four metal tiers and the outside option (not buying

insurance). Following the literature (Saltzman, 2019; Saltzman, Swanson and Polsky, 2021;

Tebaldi, Torgovitsky and Yang, 2023; Tebaldi, 2025), we model individuals’ indirect utility for

plan options as a function of the net premiums they pay, age-specific actuarial value (AV), and

other observed plan attributes. We normalize the outside option, i.e., not insured, as having a

value of zero. We then allow the premium and AV coefficients to flexibly vary with individual

characteristics of income, age, and regions, to capture rich heterogeneity in preferences for plan

attributes.

Our estimation focuses on single-person households with individuals aged 25 to 64. We

construct the sample of potential buyers in the market (including those who choose no insurance)

using data from the American Community Survey (ACS). We restrict attention to this group

to avoid complications related to family-level plan selection and Medicare eligibility. Inertia

is a common feature of health insurance markets, where consumers often stick with previous

choices even when better options exist (Handel, 2013; Saltzman, Swanson and Polsky, 2021). To

abstract from inertia and focus on active decision-making, we use data from 2014—the first year

Covered California was launched—when all enrollees were required to make an active choice.

This also aligns with our counterfactual policy experiments, which consider a setting where

pricing schemes were different from the outset of the program or all individuals were required to

make active choices from the beginning. While modeling inertia is important in many settings,

our focus here is on the demand response under active choice, and so 2014 provides a clean

environment to estimate such behavior.

We describe the demand model and estimation strategy in detail in Appendix B. The es-

timated model fits the observed plan shares well and yields price sensitivity estimates that

are broadly in line with prior work (Saltzman, 2019; Saltzman, Swanson and Polsky, 2021;

Tebaldi, Torgovitsky and Yang, 2023; Tebaldi, 2025). The implied own-price elasticities are

modest, consistent with the literature on health insurance demand in ACA exchanges. These

estimates provide a sensible foundation for our counterfactual analyses, where relatively muted

price responsiveness implies that changes in pricing rules will generate limited re-sorting across

plans.

Counterfactual Calculation and Results We draw a 10% random sample from the 2017

Covered California enrollment data and use it in the counterfactual calculations. Thus, the
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counterfactual is based on the 2017 plan menu and population distribution, and comparable to

the values in Section 5.2. We solve the equilibrium under three pricing schemes: the partial

community rule with the 3-to-1 age rating factors, the risk-based pricing with age-specific side

transfers, and the full community rating with age-specific side transfers. We solve the equi-

librium by assuming a competitive supply side and numerically searching for the enrollment

allocation and premium levels under which enrollees optimally choose a plan according to the

estimated demand model. Insurers earn an average of zero profits across all plans. We specify

the details of the estimation and equilibrium calculation in Appendix B.

Table 6: Equilibrium Premium and Enrollment under Three Pricing Schemes

Pricing schemes all young middle old

Panel A. Premiums ($1,000s)
Total annual premium risk-based 6.31 4.17 5.44 8.68

partial CR 6.32 4.11 5.38 8.78
full CR 6.44 4.51 5.52 8.65

Net annual premium risk-based 3.99 2.83 3.73 5.15
partial CR 4.00 2.78 3.65 5.24
full CR 4.08 3.26 3.87 4.91

Government subsidy risk-based 3.12 2.53 2.55 3.98
partial CR 3.13 2.52 2.57 3.98
full CR 3.16 2.44 2.49 4.19

Panel B. Enrollment
No insurance rate risk-based 0.75 0.74 0.78 0.74

partial CR 0.75 0.74 0.78 0.74
full CR 0.75 0.77 0.79 0.72

Bronze enrollment share risk-based 0.19 0.18 0.19 0.20
partial CR 0.19 0.17 0.18 0.20
full CR 0.23 0.34 0.25 0.14

Silver enrollment share risk-based 0.67 0.69 0.68 0.64
partial CR 0.67 0.68 0.68 0.66
full CR 0.63 0.59 0.64 0.66

Gold enrollment share risk-based 0.11 0.10 0.10 0.13
partial CR 0.12 0.12 0.12 0.11
full CR 0.11 0.06 0.09 0.15

Note: In column “All”, the values are averaged across all enrollees. In column “Young”, the values are averaged
across enrollees aged between 26 and 39. In column “Middle”, the values are averaged across enrollees aged
between 40 and 50. In column “Old”, the values are averaged across enrollees aged between 51 and 64. Total
annual premiums refer to the average premiums of plans that the enrollees face (other than the outside option).
Net annual premiums are the total annual premiums minus the APTC payment (if eligible). Government Subsidy
refers to the per-enrollee payment (including all enrollees) for the APTC and CSR payments. All three values are
measured in $1,000s. Bronze, Silver, and Gold shares are also conditional when choosing a plan (The platinum
plan is committed in the table).

We present the results in Table 6. We estimate that the current partial community-rating

leads to plan allocations and government costs that are quite close to those that could be
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Figure 14: Equilibrium Annual Premium Difference btw Counterfactual and Current Pricing

(a) Risk-Based Pricing (b) Full Community Rating

Notes: We use the 2017 California plan design to calculate the figure. The y-axis indicates the annual premium

difference (for individual coverage) between two counterfactual pricing rules and the current partial community

rating pricing. In panel (a), the counterfactual pricing is the risk-based pricing with age-specific side transfers.

In panel (b), the counterfactual pricing is the full community rating with age-specific side transfers. A positive

number indicates that the counterfactual premiums are higher than the current premiums.

achieved under a risk-based pricing alternative. The primary difference between the current

practice and the risk-based alternative is that under the current practice, there is a distributional

impact primarily on enrollees who opt into more generous “Gold plans”. In Figure 14 panel

(a), we show that older individuals enrolled in Gold plans pay about $400 more per year than

they would under risk-based pricing, while younger individuals enrolled in Gold plans pay about

$200 less under the partial-community rating approach.

When compared to an alternative of full community rating, the partial community rating

generates bigger differences. Under full community rating, older individuals would be highly

subsidized on the margin for additional coverage, while younger individuals would be charged

substantially above their marginal cost. Our demand estimation model suggests overall only

modest enrollment reactions to prices in these markets (likely reflecting substantial frictions in

plan choice). Nonetheless, we estimate that switching to full community rating would reduce the

fraction of eligible young individuals enrolling in the ACA by around three percentage points,

while increasing enrollment at older ages by around two percentage points. We also estimate

that full community rating would modestly increase the share of older individuals in Gold plans

while roughly halving the fraction of young individuals with Gold plans. The distributional
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impacts of switching to full community rating would also be large. As shown in Figure 14 panel

(b), we estimate that older individuals who remain in Gold plans would save over $500 per year

under full community rating, while older individuals enrolled in Bronze plans would pay an

additional $1,500 per year. The impacts are reversed for younger individuals. Appendix figures

C11-C15 further break down these results by income levels and show similar patterns.

6 Conclusion

We have examined the effects of community rating as it is commonly practiced on the

differentials in prices for insurance options. Our conceptual framework provides a set of simple

formulas for identifying the direction of these distortions. The key consideration is whether the

allowed pricing variation across risk types exceeds the ratio of high-risk vs. low-risk actuarially

fair premium differentials between plan options. If it does, then the distortions in premium

differentials will run counter to the direction of the distortions in premium levels. This is

possible when insurance plans expected costs do not vary linearly with risk, which is typical

for products like health insurance. Our empirical analysis shows that this dynamic occurs in

the private health insurance exchanges in California, and likely in many other private health

insurance markets throughout the United States. The effect is strong enough that the most

generous plans are often dominated by lower-generosity options for the oldest enrollees in the

private health insurance markets in the U.S.

How do the considerations we raise in this paper affect the way economists should think

about the welfare consequences of the interaction between community rating and multiple prod-

uct options in insurance markets? Prior research has highlighted that inefficiencies can arise

in multi-product insurance markets where price differentials between options do not align with

expected costs (see e.g., Einav, Finkelstein and Cullen 2010; Ericson and Sydnor 2017; Marone

and Sabety 2022). This work has, in turn, called into question whether vertical choice be-

tween coverage levels under community rating provides welfare improvements, often concluding

that the inefficiencies from price distortions dramatically reduce or reverse the value of offering

choice. Our paper does not challenge that existing logic, but highlights that the direction of the

distortion in price differentials can sometimes run in a different direction than common intuition

would suggest. The pattern we observe empirically – in which more generous plan options are

especially costly for older individuals while effectively subsidized on the margin for younger

individuals – could impact the system’s efficiency, but the direction is ex-ante ambiguous. On

one hand, if older individuals are more prone to inefficient moral hazard than younger individ-
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uals, these price distortions may improve the efficiency of the community-rated multiproduct

market by pushing older individuals away from generous coverage. On the other hand, if older

individuals are more risk averse than younger individuals, the effect would cut the other way.

We lack the type of data that would be necessary to fully evaluate the welfare impacts in this

market relative to particular alternative systems of interest, but the results highlight that eval-

uating welfare in multiproduct markets requires attention to how community rating interacts

with insurance plan designs.

It seems likely that the counterintuitive pricing distortions we uncover interact with choice

heuristics in ways that would harm the most näıve enrollees. When faced with a choice between

health insurance plans that are vertically differentiated, more näıve individuals who cannot eas-

ily compare plans may fall back on heuristics. A natural heuristic in the face of vertical choice

would be to assume that if you are higher-risk, you would benefit from more generous coverage

and vice versa. In this setting, though, that heuristic would run counter to the marginal prices

and would result in many cases in which more näıve older enrollees would violate dominance.

While the implications of these observations for the implementation of community rating reg-

ulations are unclear, these results clearly highlight a need for a better understanding of the

impact of pricing regulations in insurance markets with multiple options. They also likely call

for additional decision support for both consumers and policymakers, hoping to navigate the

complexities of pricing for these complex financial products.
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Appendix A. Estimating Fair Premiums

Construction of Medical Expenditure Distribution for All Ages Using Truven Data

In the Truven MarketScan data, we take all individuals with full-year enrollment in 2013, and

group them by age. For each age group, we create discretized medical expenditure distributions

in the following way: we construct 84 expenditure bins as in the AV Calculator continuation

table, 0, 0-100, 100-200, etc. For each bin s, we calculate their average medical expenditure xis,

and the probability of being in that bin, µis.

Adjust Truven Distributions to Match California Premiums We then mean-shifted

the medical expenditure distributions to match the observed California premium levels using

the following steps.

First, we calculate the 2017 average premiums for Bronze, Silver, and Gold plans in Cal-

ifornia. Specifically, among all CA enrollees, we calculate the fraction of individuals in each

carrier-rating area and year. We use these as weights to calculate the weighted average observed

premiums of plans in 2017, separately for each metal tier, for 21-year-olds. We then use this

base premium and the published age rating factors to calculate the premium levels for all ages

for that metal tier. Let poim denote plan m’s premium for age i in the data, where m is Bronze,

Silver, and Gold.

Next, we assume that all ages have the same inflation factor hm for planm. Let xi denote the

uncovered expenditure level for age i. We multiply xi by hm, and then calculate the community

rated premiums, psim in 2017 as a function of hm. Specifically, let λim denote the expected

covered costs for age i under plan m. We calculate λim as

λim(hm) =
∑
s

oopm(hmxis)µis, (16)

where oopm(·) is the cost-sharing design of plan m. Given λim(hm), we then calculate the

community rated premiums as follows:

pcrim(hm) = ai

∑64
s=21 γsλsm(hm)∑64

s=21 γsas
, ∀i,m, (17)

where γi is the population weights of age i, and ai is the age-rating factor. The resulting pcrimmay

result in a non-neutral budget for the system. Let ωim denote the fraction of individuals with

age i choosing plan m (as a fraction of the total population.) Then we calculate the budget of
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the system under pcrim as

b (hm) =
∑
i

∑
m

ωimλim (hm)−
∑
i

∑
m

ωimpcrim (hm). (18)

We adjust the levels of premiums of all plans by b (hm) such that the budget is neutral given

observed enrollment shares:

psim (hm) = pcrim (hm) + b (hm) . (19)

Finally, we solve for hm by minimizing
∑

m

∑
i (p

s
im − poim)2. To simplify, we use Bronze,

standard Silver, and Gold plans for the calculation and ignore the Platinum plan due to its

small share and uncommon presence in the market.20 We find that the solved level adjustment

b is close to zero, suggesting that even without the adjustment, the system is budget neutral

(as it should be in reality.)

In Figure A1, we plot the estimated hm against AV for Bronze, Standard Silver, and Gold

plan designs in red dots. We find that hms for all plans are greater than one, suggesting that

the California distribution has a larger expenditure level than the Truven distribution. We

also find that the hm increases with AV, which suggests that more generous plan cost-sharing

designs induce more moral hazard responses. We then fit a linear line on these three points and

extrapolate the value for all other plan designs.21

Calculating Fair Premiums For All Plans We calculate the market average fair premium

for each metal tier as pfairim at the solved hm. These values are used in Section 4, when we

demonstrate the distortions in relative premiums, and in Section 5.2, when we calculate the

counterfactual premiums under no enrollment change. In the counterfactual calculation with

enrollment change, we need to construct the fair premium for each plan faced by enrollees,

which may differ from the market average because plan premiums may vary by rating areas.22

Let poimr denote the observed premium for an age i of metal tier m in rating area r. We assume

that the expected covered cost for age i under plan m in rating area r is λimr = θrλim, a scaled

version of the market average expected cost. According to equation (17), we have poimr = θrp
o
im.

Thus, we calculate

λimr =
λim

poim
poimr. (20)

20Note that the extra costs of CSR Silver plans (relative to the standard Silver plan) are fully reimbursed by
the government, thus should not be included in the calculation.

21The AVs of plans are reported in the official Covered California documents and might be different from the
regulated AV due to the allowed error margin.

22Plan premiums may also vary by carriers, network types, and other plan attributes. However, we aggregate
plan options into metal tiers; thus, we could ignore the premium variation along these dimensions.
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Figure A1: Estimated and Predicted hm

Notes: The dots from left to right represent: Bronze, Standard Silver, CSR73 Silver, Gold, CSR88 Silver,

Platinum, and CSR94 Silver.

Appendix B. Counterfactual Calculation Details

Demand Estimation To simplify the choice set, we aggregate all plans into four metal tiers

- Bronze, Silver, Gold, and Platinum - to focus on vertical selection. Additionally, individuals

can remain uninsured, which we consider the outside option. The final choice set thus includes

five alternatives: the four tiered plan options and the outside option. For each plan option,

we observe its base premium and non-price attributes, including the fraction of plans that are

HMO, PPO (with the baseline being the other network types), and the fraction of plans offered

by the three top insurers (Blue Shield, Kaiser, and Anthem).

Our estimation focuses on single-person households with individuals aged 25 to 64. We

restrict attention to this group to avoid complications related to family-level plan selection and

Medicare eligibility. Inertia is a common issue in the market. To rule out its impact and focus

on the active choices made by enrollees, we use the 2014 data, the first year Covered California

was launched.

Let i index individuals and j index plan alternatives. The indirect utility that individual i

derives from choosing plan j is specified as follows:

uij = 1{j ̸=0} · (−αipij + βiAVij +X ′
jγ

x + δi) + εij , (21)
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where pij = Pj(b, zi) is the net premium faced by individual i, which depend on the base

premium, b, and individual’s age, income and rating regions: zi = {agei, inci, regioni}. The

function P captures partial community rating by age and income-linked premium subsidies by

regulation:

pij = Pj(b, zi) = max{aibj −max{aib2ls,i − capi}, 0}, (22)

where ai is the age rating factor, b2ls,i is the baseline premium of the second-lowest Silver plan

in a rating area of individual i, and capi is the enrollee’s income contribution limit. According

to the regulations, premiums in Covered California can only vary across 19 rating areas and

age. AVij is the actuarial value of a plan faced by individuals, which varies by individual income

for cost-sharing reduction plans. Xj represents other plan characteristics, including a dummy

for the Silver-tier plan, the fraction of plans of a particular network type, and carriers. The

term 1{j ̸=0} is an indicator for whether the individual chooses any plan rather than the outside

option (denoted j = 0), and εij captures unobserved preferences.

In the indirect utility function, δi is an individual-specific intercept, while αi and βi are

individual-specific slope coefficients. We define coarse age bins as {26−31, 32−37, 38−43, 44−

49, 50− 55, 56− 64, 62− 64}, and coarse income bins (federal poverty line) as {100− 137, 138−

150, 151 − 200, 201 − 250, 251 − 400, 401+}. We allow both αi and δi to vary by rating area,

coarse age bins and coarse income bins: αi = αinc
i +αage

i +αregion
i and δi = δinci + δagei + δregioni .

We allow βi to vary by coarse age groups: βi = βage
i . This specification enables us to capture

heterogeneous preferences for plan premiums, generosity (AV), and the propensity to take up

insurance, varying by coarse age brackets, income levels, and geographic regions.

We estimate the model using a random 5% sample drawn from the 2014 Covered California

enrollment data. In estimation, we assume the error terms follow a generalized extreme value

distribution, and the model is a logit model at the enrollee level. A common identification issue

is the endogeneity of the premium variable. We identify the premium coefficient leveraging

nonlinearities in the premium equation (22). For example, some enrollees are eligible for zero-

premium Bronze plans when the premium subsidy exceeds the full premiums. Similarly, we

identify the AV coefficient by leveraging the discontinuity in eligibility for CSR plans (Saltzman,

Swanson and Polsky, 2021; Tebaldi, 2025): at FPL levels of 150, 200, and 250, individuals face

a discontinuity in the AV of the Silver plans they can choose from.

Table B7 shows the estimation results. Column (1) displays the coefficients when we do

not include the interactives. Column (2) shows the results when the interactive terms are

included. We find that the AV coefficients increase with age, consistent with estimates in
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previous literature (Tebaldi, 2025). Table B8 summarizes the extensive-margin semi-elasticity

of demand—measured as the percentage drop in the likelihood of choosing marketplace coverage

if all plans’ premiums increase by $10 per month, and the average own-price elasticity of demand

for Silver plans, equal to the percentage drop in the share of buyers selecting a Silver plan if the

plan’s premium increases by 1%. We find that individuals with higher incomes tend to be more

price-sensitive. We also find that middle-aged individuals are the most price-sensitive. The

estimates are close to what’s estimated in the previous literature, for example, Tebaldi (2025)

and Saltzman (2019).

Table B7: Demand Estimation Results

‘

(1) (2)

Monthly Premium ($100) −0.49*** −1.18***
(0.01) (0.09)

prm X FPL 138 −0.40***
(0.10)

prm X FPL 151 −0.56***
(0.09)

prm X FPL 201 −0.57***
(0.09)

prm X FPL 251 −0.36***
(0.08)

prm X FPL 401 −0.07
(0.08)

prm X Age 32 0.12***
(0.03)

prm X Age 38 0.14***
(0.03)

prm X Age 44 0.24***
(0.03)

prm X Age 50 0.40***
(0.02)

prm X Age 56 0.62***
(0.02)

prm X Age 62 0.72***
(0.02)

prm X Region 2 0.10***
(0.03)

prm X Region 3 0.12***
(0.03)

prm X Region 4 0.24***
(0.03)

prm X Region 5 0.16***
(0.03)

prm X Region 6 0.09**
(0.03)

prm X Region 7 0.11***
(0.03)

prm X Region 8 0.27***
(0.03)

prm X Region 9 0.29***
(0.03)

prm X Region 10 0.12***
(0.03)

prm X Region 11 0.13**
(0.04)

prm X Region 12 0.00
(0.03)

prm X Region 13 −0.24
(0.14)

prm X Region 14 0.11*
(0.05)

prm X Region 15 0.03
(0.03)

prm X Region 16 0.02
(0.03)

prm X Region 17 0.04
(0.03)

prm X Region 18 0.02
(0.03)

prm X Region 19 0.07*
(0.03)

(1) (2)

inside −2.96*** −13.61***
(0.15) (0.62)

inside X Age 32 −0.60***
(0.15)

inside X Age 38 −1.13***
(0.17)

inside X Age 44 −1.16***
(0.15)

inside X Age 50 −1.61***
(0.14)

inside X Age 56 −2.04***
(0.14)

inside X Age 62 −2.00***
(0.17)

inside X FPL 138 1.88***
(0.07)

inside X FPL 151 2.87***
(0.06)

inside X FPL 201 3.90***
(0.07)

inside X FPL 251 4.23***
(0.08)

inside X FPL 401 3.52***
(0.13)

inside X Region 2 2.61***
(0.15)

inside X Region 3 2.30***
(0.21)

inside X Region 4 2.06***
(0.14)

inside X Region 5 2.33***
(0.24)

inside X Region 6 0.12
(0.08)

inside X Region 7 3.16***
(0.24)

inside X Region 8 2.13***
(0.24)

inside X Region 9 2.78***
(0.63)

inside X Region 10 1.83***
(0.26)

inside X Region 11 1.00***
(0.25)

inside X Region 12 0.77**
(0.24)

inside X Region 13 0.26
(0.29)

inside X Region 14 1.26***
(0.27)

inside X Region 15 2.34***
(0.14)

inside X Region 16 2.56***
(0.14)

inside X Region 17 2.42***
(0.21)

inside X Region 18 2.03***
(0.11)

inside X Region 19 2.99***
(0.16)

(1) (2)

Silver Plan 1.51*** 1.32***
(0.01) (0.02)

HMO 0.19 0.53
(0.16) (0.51)

PPO −0.54*** −2.08**
(0.07) (0.67)

Blue Shield 2.58*** 9.84***
(0.43) (1.54)

Kaiser 0.89*** 8.03***
(0.17) (1.63)

Anthem −1.68*** −0.35
(0.17) (0.42)

AV 0.78*** 5.67***
(0.06) (0.16)

AV X Age 32 0.32
(0.19)

AV X Age 38 1.00***
(0.20)

AV X Age 44 1.17***
(0.19)

AV X Age 50 1.93***
(0.18)

AV X Age 56 2.53***
(0.17)

AV X Age 62 2.42***
(0.21)

Num.Obs. 644 490 644 490
AIC 175 434.5 163 447.5
RMSE 0.45 0.43
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Table B8: Summary of Elasticity and Semi-Elasticity Estimates By Age And Income Groups

All tiers Silver

Overall -2.14 -2.33

Age
26-31 -1.92 -2.18
32-37 -2.24 -2.44
38-43 -2.37 -2.54
44-49 -2.40 -2.59
50-55 -2.26 -2.45
56-61 -1.90 -2.08
62-64 -1.76 -1.94

Income (FPL)
100-137 -0.32 -0.27
138-150 -0.46 -0.50
151-200 -0.79 -0.95
201-250 -1.51 -1.94
251-400 -2.87 -3.16
400+ -3.37 -3.42

Note: The column “All tiers” shows the percentage change in enrollment in any plans if all plans’ premiums
increase by $10/month. The column “Silver” shows the percentage change in enrollment in the Silver plan if its
premium increases by one percent.

We examine the out-of-sample model fit by drawing a 10% random sample from the 2014

data, which are not used in estimation. Table B9 shows how our model predicts the tier shares

by age. Overall, our model predictions are close to the data.

Table B9: Model Fit

Age Type No Insurance Bronze Silver Gold

26 - 31 data 0.76 0.07 0.14 0.01
model 0.76 0.06 0.15 0.02

32 - 37 data 0.83 0.05 0.10 0.01
model 0.83 0.04 0.11 0.01

38 - 43 data 0.84 0.04 0.10 0.01
model 0.84 0.04 0.10 0.01

44 - 49 data 0.83 0.04 0.11 0.01
model 0.83 0.04 0.11 0.01

50 - 55 data 0.80 0.05 0.13 0.01
model 0.80 0.05 0.13 0.01

56 - 61 data 0.74 0.06 0.17 0.01
model 0.74 0.06 0.16 0.02

62 - 64 data 0.73 0.07 0.17 0.01
model 0.73 0.07 0.17 0.02
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Calculating the Equilibrium Under Three Pricing Schemes We calculate the coun-

terfactual equilibrium using the 2017 plan designs and enrollees. We draw a 10% random

sample from the 2017 Covered California potential buyers. Let Φ = {φi, i = 1, 2, ..., N} denote

the allocation of plan choices to each enrollee, where φi = {sim,m = 0, 1, 2, 3, 4} is a vector

denoting individual i’s probability of choosing each metal tier and the outside option. Let

p = {pim,m = 0, 1, 2, 3, 4} denote the premium of each plan m for individual i. Let ai denote

the age-rating factor under the current pricing schemes, which depends on individual i’s age.

We define two functions mapping between enrollment allocation and market premiums.

First, let D(·) denote the mapping from premiums p to market shares. Function D is derived

based on demand estimates, holding all other plan attributes and plan subsidy rules constant,

including CSR eligibility and APTC calculation rules in the market.

Second, let P(·; ι) denote the mapping from the enrollment allocation to the premiums,

under the pricing scheme ι and the assumption that insurers are perfectly competitive and

break even. A competitive equilibrium is defined as a pair of (Φ,p) such that Φ = D(p) and

p(ι) = P(Φ; ι). In equilibrium, potential consumers optimize by maximizing their expected

utility, and insurers earn zero profits.

We now define the function P(·; ι) for each pricing scheme. Fix λim, the fair premiums

of each plan for each individual. The fair premiums are obtained using methods specified in

Appendix A. Under partial community rating with age-rating factors ai, P(·) is calculated as

follows. For the outside option, the premium is always zero: pcri0 = 0,∀i. For plans other than

the outside option, i.e., m ̸= 0,

pcrim = max{p̃crrim −max{aib2ls,i − capi}, 0}, (23)

p̃crim = ari

∑64
s=21 γsλsm∑64
s=21 γsas

+ τ cr, (24)

where b2ls,i = bo2ls,i+ τ cr is the base premium of the second-lowest Silver plan in the rating area

where individual i lives, and bo2ls,i is the observed value from data. p̃crim is the premium before

the APTC payment. γs is the share of enrollees of the same age as individual i among those who

choose a plan, implied by Φ. We apply the formula to standard plans and assign the values of

the standard Silver plans to their respective CSR plans. The per-enrollee budget for the insurer

is calculated as the difference between the cost and revenue: τ cr =
∑

i

∑
m ̸=0 sim(λim−p̃crim)∑

i(1−si0)
.

We solve for the equilibrium by starting with an initial value of Φ (we use the observed

data). Given the initial value, Φ0, we calculate pcr
0 = P(Φ0; ιcr), and update Φ1 using D(p0).
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We iterate the process until τcr is within the tolerance level. Once we find the solution, we then

calculate the age-specific transfer, T cr
i =

∑
ri=r

∑
m sim(λim−p̃crim)∑

ri=r(1−si0)
. We hold fixed T cr

i for the other

two pricing schemes.

Under the risk-based pricing schemes ιrb, P(·; ιrb) is defined as:

prbim = max{p̃rbim −max{brb2ls,i − capi}, 0}, (25)

p̃rbim = λim − T cr
i + τ rb, (26)

where brb2ls,i is the risk-based premium for the second-lowest Silver plan, calculated as the fair

premium for the plan plus τ rb. The fair premium for the second-lowest Silver plan is calculated

using equation (20). The per-enrollee budget for the insurer is calculated as the difference

between the cost and revenue: τ rb =
∑

i

∑
m ̸=0 sim(λim−p̃rbim)∑

i(1−si0)
. We solve for the equilibrium by

starting with an initial value of Φ (we use the equilibrium allocation under the partial community

rating calculated above). Given the initial value, Φ0, we calculate prb
0 = P(Φ0; ι

rb), and update

Φ1 using D(p0). We iterate the process until τ rb is within the tolerance level.

Under the full community rating schemes ιfull, P(·; ιfull) is defined as:

pfullim = max{p̃fullim −max{bfull2ls,i − capi}, 0}, (27)

p̃fullim = p̄m −∆Ti + τ full, (28)

where p̄m is the market average premium, calculated as the weighted average of plan m’s

premiums in the rating area where enrollee i lives for an age, where the weights are the age

share among those who choose a plan in the whole market. bfull2ls,i is the full-community rated

premium for the second-lowest Silver plan, calculated as the full-CR premium for the plan

plus τ full. We calculate the age-specific transfer term as ∆Ti = T cr
i − T full

i , where T full
i is

age-specific, calculated as
∑

i

∑
m sim(λim−p̃fullim )∑

i(1−si0)
among enrollees of a particular age. The per-

enrollee budget for the insurer is calculated as the difference between the cost and revenue:

τ full =
∑

i

∑
m ̸=0 sim(λim−p̄m−τfull)∑

i(1−si0)
.

We solve for the equilibrium by starting with an initial value of Φ (we use the equilibrium

allocation under the partial community rating calculated above). Given the initial value, Φ0,

we calculate pfull
0 = P(Φ0; ι

full), and update Φ1 using D(p0). We iterate the process until the

process converges to a fixed point of (Φ,p).23

23We numerically find the fixed point by calculating the l2-norm of the premiums between the two steps, and
terminate once the distance is below the tolerance level. We try different starting points and ensure the program
converges to the same fixed point.
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Appendix C. More Figures for Empirical Analysis

Figure C1: Service Share and Total Medical Expenditure Level by Age

Notes: We use the 2013 Truven MarketScan data to plot the graph. We first group individuals with positive

total medical expenditure into 20 quantiles. We then calculate the share of their expenditure from outpatient,

drugs, and inpatient (ignored category). The y-axis shows the share by total expenditure quantiles, separately

for three age groups: age 20-34, age 35-50, and age 51-64.

Figure C2: Simplifying Plan Designs: Robustness Checks

Notes: In California, and in some years, there might be two similar designs within a metal tier. For example, in

2017, there were two Bronze plans: one normal Bronze plan and another HDHP Bronze plan. The HDHP Bronze

plan has a simplified three-arm cost-sharing rule by design. While the normal Bronze plan has more complicated

designs, it is transformed into the three-arm design using the 2017 AV Calculator. We plot the premium levels

for these two plans by age. All values are for annual individual coverage.
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Figure C3: Share Choosing Gold by Plan Type and Age: California 2015-2020

Notes: Data from enrollment information through Covered California 2015-2020. The sample includes individuals

not eligible for CSR-variation plans. We calculate the share of enrollees choosing the Gold plan separately for

two types of enrollees: those choosing an HMO, and those choosing a PPO.

Figure C4: Share Facing Dominated Gold Plan by Age: Federal Exchange 2017

Notes: Data from states using Healthcare.gov in 2017. Plan designs are for individual, first-tier in-network

coverage. The y-axis denotes the fraction of counties with at least one Gold plan dominated by a Bronze plan

with the same other attributes for a particular age. We exclude counties without comparable Gold-Bronze pairs

in each case, and the number of counties used in the calculation is labeled in the legend.
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Figure C5: Robustness Check: Linear Bronze Plan

Notes: We replace the 2017 Covered California Bronze plan by a constant coinsurance plan with the same AV

(0.61). We then calculate the difference between the community-rated premiums and the fair premiums for the

Gold plan and the counterfactual Bronze plan.

Figure C6: Robustness Check: Alternative Distributions

(a) Increasing Old-Young Gap (b) Decreasing Old-Young Gap

Notes: The figures show the community-rated and fair premium difference between the Gold and Bronze plans

using alternative total medical loss distributions across ages. The overall across-age average is the same as the

baseline. However, in panel (a), we increase the age differentials of the mean total uncovered medical expenditure,

while in panel (b), we decrease the differentials.
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Figure C7: Distribution of Gold-Bronze Premium Ratios by Insurers in 2017

Notes: We calculate the Gold-Bronze premium ratios for all comparable pairs (having the same network type,

offered by the same insurer, and in the same rating area), and plot the distribution by insurers in 2017.
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Figure C8: Gold and Bronze Enrollees’ Age Shares By Insurers

Notes: We calculate, for each 2017 insurer, the share of enrollees of a particular age if they choose that insurer’s

Bronze plan (red circle) or Gold plan (blue triangle).
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Figure C9: Correlation between Gold-Bronze Premium Ratio and Expected Cost Difference

Notes: We plot, for each 2017 insurer, the Gold-Bronze premium ratio (mean if the insurers have multiple ratios

for their comparable pairs) against the Gold-Bronze expected cost difference. The expected cost for each insurer

and tier is calculated as the inner product of the expected total medical expenditure of each age (imputed from

the baseline distribution) and a vector of the age shares of enrollees choosing that insurer and metal tier. The

size of the bubble is proportional to the number of enrollees in that insurer. The line fit and the correlation

number is weighted by the number of enrollees of that insurer.
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Figure C10: Robustness Check with Single Inflation Factor: Premium Distortions

Notes: The y-axis shows the annual premium distortion, calculated as the difference between the Gold-brozne

premium gap under the current partial community rating and the risk-based pricing. We plot the value separately

for the baseline assumption (“benchmark”) and under the assumption that there is a single inflation factor (“single

factor”).

58



Figure C11: Equilibrium Net Premiums under Three Pricing Schemes

(a) Panel A. Bronze (b) Panel B. Silver

(c) Panel C. Gold

Note: The y-axis indicates the annual net premiums (total premiums minus the APTC subsidies) for individual

coverage, averaged across the sample. “Full CR” refers to full community rating with age-specific side transfers.

“Partial CR” refers to partial community rating by age (3:1 ratio). “Risk-based” refers to risk-based pricing with

age-specific side transfers.
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Figure C12: No Insurance Rates By Income

Notes: The three panels represent three types of enrollees by income. “No CSR/APTC” refers to enrollees whose

income is above 400 FPL, so they are not eligible for CSR plans or APTC. “APTC” refers to middle-income

enrollees (between 250 and 400 FPL) who are only eligible for APTC, and the “CSR+APTC” group refers to

enrollees whose income is between 100 to 250 FPL and eligible for both.

Figure C13: Bronze Enrollment Shares Among Enrollees Choosing A Plan By Income

Notes: The three panels represent three types of enrollees by income. “No CSR/APTC” refers to enrollees whose

income is above 400 FPL, so they are not eligible for CSR plans or APTC. “APTC” refers to middle-income

enrollees (between 250 and 400 FPL) who are only eligible for APTC, and the “CSR+APTC” group refers to

enrollees whose income is between 100 to 250 FPL and eligible for both.
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Figure C14: Silver Enrollment Shares Among Enrollees Choosing A Plan By Income

Notes: The three panels represent three types of enrollees by income. “No CSR/APTC” refers to enrollees whose

income is above 400 FPL, so they are not eligible for CSR plans or APTC. “APTC” refers to middle-income

enrollees (between 250 and 400 FPL) who are only eligible for APTC, and the “CSR+APTC” group refers to

enrollees whose income is between 100 to 250 FPL and eligible for both.

Figure C15: Gold Enrollment Shares Among Enrollees Choosing A Plan By Income

Notes: The three panels represent three types of enrollees by income. “No CSR/APTC” refers to enrollees whose

income is above 400 FPL, so they are not eligible for CSR plans or APTC. “APTC” refers to middle-income

enrollees (between 250 and 400 FPL) who are only eligible for APTC, and the “CSR+APTC” group refers to

enrollees whose income is between 100 to 250 FPL and eligible for both.
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