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Abstract

This dissertation is comprised of three essays on various aspects of the long-term care

insurance (LTCI) market. In Chapter 1, I document the effect of state regulator election

cycles on insurance premiums and equilibrium supply. Utilizing the differential timing of

commissioner election cycles across states, this paper shows that insurance regulators’

political climates - including their election cycles, political capital, and political affiliation

- significantly affect insurance prices. Comparisons of commissioners nearing the end of

their term relative to commissioners just beginning their mandates suggest that premium

increase approvals fall most when regulators are up for re-election. Further correlative

evidence shows that high regulator stringency is related to increased insurer dropout

rates across states. In Chapter 2, I focus on the effect of LTCI provision on caregiver labor

force participation and poverty. Comparing couples with and without insurance before

and after a disability shock, I find that spouses in families with long-term care insurance

are significantly more likely to work and significantly less likely to fall into poverty five

years after disability onset. In Chapter 3, I develop a stylized structural model of the

LTCI market to analyze the effect of changing regulator incentives and other reforms on

market stability. Though the unpredictability of costs plays a larger role in limiting LTCI

supply than election frictions, addressing regulatory inefficiencies alone can still improve

social welfare.
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Introduction

Long-term disability shocks are a major source of economic risk for families. Not only do

they cause a loss in employment earnings for the impacted individual, long-term health

care is also expensive. Yet, health insurance costs for long-term disability have been

rising in recent years, fueling concerns about the financial stability of public and private

insurance programs. Understanding the full effect of long-term care insurance benefits on

family income is crucial for policy analysis. Moreover, the institutional causes of insurer

instability, such as industry regulation and how it may be impacted by future reforms,

are not well understood. In this dissertation, I study these questions, identifying causal

relationships through natural variation in insurance coverage and regulatory institutions.

Chapter 1, coauthored with Weiling Liu, analyzes how product mispricing and

regulators’ stringency jointly affected insurer dropout in the long-term care insurance

market over the past decade. This paper shows that insurance regulators’ political climates

- including their election cycles, political capital, and political affiliation - affect insurance

prices and insurer profit. Comparisons of commissioners nearing the end of their term

relative to commissioners just beginning their mandates suggest that premium increase

approvals fall most when regulators are up for re-election. In fact, moving from the year

before re-election to the year after re-election implies an aggregate premium change of

51 basis points. Higher regulator political capital is found to mitigate this effect. This

effect is larger for elected regulators than regulators appointed by the governor. Further

xii



correlative evidence shows that high regulator stringency is related to increased insurer

dropout rates across states. Therefore, while regulators are necessary to keep customers

from being price gouged, they also produce market frictions by slowing price adjustment.

These findings suggest that changing regulatory incentives may help stabilize the private

long-term care insurance market.

Chapter 2 examines the causal effects of long-term care insurance (LTCI) provision on

spousal labor supply among the elderly population. Having LTCI could obviate the need

for spouses to take time off work to provide health care, increasing family income by

avoiding the earnings decreases that come during and after temporary breaks from the

labor force. Comparing couples with and without insurance before and after a disability

shock, I find that spouses in families with long-term care insurance are significantly more

likely to work and significantly less likely to fall into poverty five years after the disability

onset. On average, having LTCI reduces the poverty rate by 2.5 percentage points. These

results highlight the fact that labor responses to income losses caused by health shocks

are often constrained by caregiving demands. These findings suggest a potential reason

for government subsidization of LTCI if its provision leads to a lower future burden on

public means-tested programs.

Chapter 3, coauthored with Weiling Liu, develops a structural model of the LTCI

market and explores how reforms to regulator incentives affect market stability and social

welfare. Motivated by the results discussed in Chapter 1, we estimate a dynamic model of

pricing and dropout decisions between a state regulator and an LTC insurer using novel

data on LTCI pricing from the National Association of Insurance Commissioners (NAIC).

In the model, premium increases fall when regulators are up for re-election due increased

emphasis on consumer surplus during election years. We find that removing election

cycle frictions increases consumer welfare but leaves LTCI supply relatively unaffected.

Correcting the consistent mispricing of LTCI policies (by improving actuarial assumptions

xiii



or combating adverse selection) leads to a larger reduction in insurer dropout rates than

removing election frictions. Furthermore, when price adjustments are less necessary

(i.e. when unexpected cost shocks are lower), election cycles have a smaller effect on

total welfare. These findings suggest that improving price forecasting in this market, in

conjunction with changing regulatory incentives (such as the recent establishment of an

interstate insurance regulatory body), will improve insurance demand and increase social

welfare.
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Chapter 1

The Effect of Political Frictions on

Long-Term Care Insurance Premiums

and Profits1

1.1 Introduction

Roughly 66% of Americans over age 65 are expected to need long-term care (LTC)—a

service that provides support for individuals who struggle with basic personal tasks such

as eating and dressing. The cost of LTC services in America is high and steadily rising.

For example, nursing homes, which are a popular form of LTC in the United States, have

increased their annual (nominal) costs from $65,185 in 2004 to $97,452 in 2017 (Genworth

(2017)). Yet, public financing options are limited. Medicare does not cover LTC beyond a

three-month period, and Medicaid only covers LTC for individuals who have little or no

financial assets. In order to address the high cost of LTC for an aging population, private

long-term care insurance (LTCI) was introduced in the 1980s to provide a safety net for

1Co-authored with Weiling Liu, Harvard University
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millions of Americans (Cohen (2016)).

Today, the LTCI market is unraveling. While the price of LTCI is rising for both new

and existing policy holders, some of the largest providers have chosen to withdraw from

the market. For example, the large life insurance company John Hancock stopped selling

new policies in December 2017. In March 2017, Penn Treaty, a mid-sized American LTCI

company, was forced to declare bankruptcy and liquidate its assets. Over 100 companies

were operating in the LTCI market at its peak, but less than 30 insurers are still selling

polices today (Cohen (2016)).

The existing literature on the causes of LTCI market failure has primarily focused on

demand-side issues in the market such as adverse selection. In many studies of insurance

markets, the effect of regulators is assumed to be negligible. However, in practice, LTCI

prices are strictly governed by state regulators, who face a difficult trade-off between

consumer protection and company solvency when costs are difficult to forecast. In this

paper, we examine how the mispricing of LTCI and regulatory frictions may have jointly

contributed to the market unraveling seen today. Using novel data on both insurance

premiums as well as premium change requests, we show that the political climates of

state regulators significantly affected the timing and size of premium changes in the LTCI

market. When a state experiences lower premium changes, we find that its insurers reap

lower profits and thus are more likely to drop out of the market.

We begin by providing evidence of mispricing in the LTCI market. For the largest 15

LTCI companies, we show that the estimated annual cost (based on pricing parameters

such as lapse rates and interest rates) is often different from the realized annual cost of

providing LTCI. In fact, between the years of 2009 to 2015, most of these firms consistently

underestimated the cost of LTCI. This implies that frequent price adjustments for LTCI

products are necessary.

However, because all prices on new policies as well as price changes on existing

2



policies must be approved by a state insurance regulator, regulatory frictions have a

significant effect on equilibrium outcomes in the LTCI market. In order to quantitively

capture regulator stringency, for each regulator we either measure the probability of

approving a rate increase request or the size of the rate increase approved. We then

examine how characteristics of the regulator, such as political capital and years left in

term, are correlated with stringency and thus affect price changes.

First, we find that the election cycles of insurance commissioners are significantly

correlated with LTCI price movements. Commissioner election cycles are a particularly

useful proxy for stringency because they move with state general elections, whose

schedules predate the LTCI market. Therefore, these elections are a plausibly exogenous

source of variation in LTCI pricing. We propose that when a regulator approaches

re-election, he or she will want to broaden their appeal to voters and minimize the

insurance premiums that their voters pay. Using a difference-in-difference design, we

find that average premiums increase significantly more when the state regulator is further

away from re-election. In fact, moving from the year before re-election to the year after

re-election implies an aggregate premium change of 51 basis points, which is roughly one

fifth of the unconditional average premium change. Using detailed premium request data,

we show that the observed change in average prices is likely driven by how insurance

regulators respond to premium change requests. When the state regulator is further

away from re-election, we find that he or she significantly (1) approves a larger number

of requests, (2) approves requests with a higher probability, and (3) grants a larger

magnitude of premium increases.2

Next, we look at the effect of the regulator’s political party, political capital, and

2The number of rate change requests submitted varies across states. As a result, while the number of
approved requests is related to the probability of approving a request, they are not identical measures.

3



campaign financing on LTCI prices.3 We find that Democratic regulators are significantly

more stringent than Republican regulators on average, though they are as sensitive to the

election cycle as Republicans. On the other hand, regulators who were elected by a greater

vote share or by a larger margin (relative to the runner-up) are significantly less sensitive

to election cycles. This suggests that regulators with more political capital feel less

re-election pressure. Lastly, we find that regulators with more campaign funding approve

lower price increases. This suggests that either wealthier regulators feel less pressure to

help insurers in exchange for campaign donations, or that the regulators re-elected most

often are those that emphasize consumer welfare. (Since revenues accumulate over time,

incumbent regulators are often wealthier than newer candidates.) Campaign financing

has no differential effect on stringency across the election cycle, suggesting that both

wealthy and poor commissioners feel election pressure.

We conclude our empirical analysis by studying the link between regulator stringency

and LTCI company dropout. We find correlative evidence that states with more stringent

regulators experienced a higher rate of company dropout. We also find that LTCI

companies in states with more stringent regulators experienced more profit loss, consistent

with a story of lower profits driving decreased insurance supply. In addition, we find

similar dropout and profit patterns in states with larger election frictions, suggesting that

profit shortfalls from election years accumulate over time, increasing the likelihood of

insurer exit from the market.

The rest of our paper is organized as follows. Section 2 provides a review of related

literature, while Section 3 provides relevant background information on the long-term

care insurance market. The data sources we are using are described in Section 4. In

Section 5, we show reduced form pricing results that show both political capital as well

3We use the full sample of states to analyze the effect of political party, and we use the subset of states
that directly elect their regulators for the latter two analyses.
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as election cycles can significantly predict the size and timing of price changes. In Section

6, we show suggestive evidence that company dropout by state can be explained by

regulator strictness and sensitivity to election cycles. Finally, Section 7 concludes.

1.2 Related Literature

Our paper makes several contributions to existing research. First, we add to a rich

literature exploring the causes of long-term care insurance market failure. One branch

of this literature shows that the LTCI market is adversely selected. Brown et al. (2012),

Coe et al. (2015), Ko (2016), Mommaerts (2015), and Oster et al. (2010) all demonstrate

that individuals who are more likely to use nursing homes are more likely to purchase

LTCI. In addition, Hendren (2013) shows that the market has completely unraveled for

the highest cost individuals. Another branch of this literature shows that demand for the

product itself is low (Brown and Finkelstein (2007)). This may be either due to Medicaid

crowd-out of private LTCI (Braun et al. (2018), Brown and Finkelstein (2008)), the fact

that people don’t value bequests and thus prefer to spend down their savings (Lockwood

(2014)), or the consumers’ ability to fund LTC using home equity (Achou (2018), Boyer

et al. (2017), Davidoff (2010)).

Ours is one of the few papers to focus on supply-side causes of LTCI market failure,

though Brown and Finkelstein (2007) find that there is significant evidence of supply-side

inefficiencies in this market such as imperfect competition, large transaction costs, and

inability of insurers to diversify aggregate risk (see also Ameriks et al. (2016), Braun

et al. (2018)). Pricing inefficiencies have largely been the focus of actuarial and regulatory

reports, which point to underestimated morbidity rates and overestimated lapse rates as

the main culprits of the product mispricing seen today (Eaton (2016), Cohen et al. (2013),

Rubin et al. (2014)). If it is true that LTCI products are significantly underpriced, it is
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reasonable to assume that insurers will stop selling these unprofitable policies if they

cannot obtain timely rate increases. To our knowledge, we are the first to test this claim

systematically across the national LTCI market.

In addition, we contribute to previous literature that shows that the political concerns

of elected officals can have a significant influence on insurance market outcomes. It is

well-known that public officials try to deliver positive news to increase their popularity

when approaching re-election (MacRae (1977), Nordhaus (1975), Rogoff and Sibert (1988)).

Recent studies have applied this theory to insurance regulators. For example, Brown and

Dinc (2005) and Liu and Ngo (2014) show that bank regulators delay intervention for

failing banks until after election years, perhaps to deflect questions of their competency

and avoid generating unfavorable economic news that may influence consumers’ voting

behavior. Leverty and Grace (2018) extend this finding to the life insurance market.

However, to our knowledge, our paper is the first to demonstrate this effect in the context

of LTCI.

Finally, this paper also joins a nascent but growing literature that highlights the

unexpected costs of insurance company regulation. For example, Koijen and Yogo (2015)

show that life insurance companies sold long-term policies at steep discounts relative

to their actuarially fair value during the financial crisis. They further show that this

was driven by market frictions that interacted with statutory requirements. In addition,

Becker and Ivashina (2015) show that insurance companies reduce capital requirements

by holding highly rated bonds, but they also consistently reach for yield in the bond

market by holding higher yield bonds within a rating class. We will extend this literature

by highlighting how regulator stringency increases the speed of insurer dropout in the

LTCI market.
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1.3 Background on Long-Term Care Insurance

Long-term care is health care which provides assistance with basic tasks in everyday life

called Activities of Daily Living, or ADLs. ADLs include activities such as bathing, dress-

ing, getting in and out of bed, walking, using the toilet, and eating. The primary receivers

of LTC are the elderly, although others suffering from disabling chronic conditions, injury,

and mental illness may benefit as well.

LTC concerns affect many people. Ko (2016) estimates that about 68% (79%) of 60

year old men (women) will need LTC at some point in their lives. Yet, the long-term care

insurance market is fairly small; less than 10% of individuals over the age of 60 have

private LTCI (Brown and Finkelstein (2007)). In addition, the risk of being unprepared for

LTC is high, given the large and rising costs of nursing homes, assisted living facilities,

and paid home care. In 2014, there were 7.2 million LTCI policies in force that collected

an estimated $11.5 billion in premiums. However, according to the National Association

of Insurance Commissioners (NAIC), due to the uncapped nature of some policy payouts,

the maximum potential value of all in-force policies was $1.98 trillion (Cohen (2016)).

While LTCI was a popular product when it was first marketed in the 1980s, today, the

market suffers from both rising premiums and declining supply. Large premium changes

of up to 80% for existing LTCI policy holders have made national headlines in the last

few years (Fernandes (2017), Gleckman (2016), Terhune (2017)). According to Cohen et al.

(2013), average premiums increased from $1,050 in 1995 to $2,283 in 2010. Using NAIC

reporting forms from 1995 to 2015, we show in Figure 1.1 that both the number of new

policy holders as well as active companies in the LTCI market have steadily declined.

While roughly 100 companies were in the market in the early 2000s, only about 40 remain

today. On the right-hand side, we also plot the average annual premiums in our data for

both new and existing polices, which are steadily trending up. While the average annual
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premium was only about $1,020 in 1995, it is a little above $1,500 in 2015.4

Typical LTCI contracts provide daily payments that cover facility care or paid home

care for beneficiaries if certain conditions are met. Often, this occurs if the beneficiary

cannot perform more than two ADLs. Pricing can vary based on age, gender, underwriting

class determined by health conditions, and of course, benefit size.5 The typical LTCI

consumer buys a policy and starts paying premiums around age 50-60, but he or she

may not start collecting claims until age 70-80. This substantial delay between premium

collection and claims payout is illustrated for a typical policy in Figure 1.2.

(a) New Buyers and Active LTCI Companies (b) Average Annual LTC Premiums

Source: Author’s calculations using NAIC LTC Experience Forms.

Figure 1.1: Summary of LTCI Market Trends, 1995-2015

4In real terms, these values are roughly flat. In 2018 dollars, these values are $1,705 in 1995 and $1,613
in 2015 respectively. However, over this period, plans were also being offered with lower benefits, such as
maximum benefit caps. Thus, the value of the plans was generally falling.

5Gender-based pricing was adopted in 2013 for some but not all states.
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LTCI policies are difficult to price. Many LTCI products are uncapped, so that the

final payout of the policy is uncertain at the time of purchase. Some individuals may

never need it, but others may collect annual benefits for many years. This produces

more uncertainty compared to other long duration but fixed payment products such

as life insurance. Furthermore, since the 1980s, several pricing assumptions that were

initially made have proven to be wrong. Interest rates in the last two decades have been

lower than expected, while the costs of health care have risen faster than predicted. In

addition, the assumed lapse rate, or the rate at which customers stop paying premiums,

was based on disability insurance experience and was too high for the LTCI market.6

Finally, mortality rates have been lower than expected, which, in the context of long-term

care, has led to higher claim durations and severity of illnesses (Bodnar (2016)).

Figure taken from Bodnar (2016)

Figure 1.2: Example Cash Flow for a Typical LTCI Policy

6Private LTCI policies are required to be guaranteed renewable, which means that it may only be
canceled if the consumer fails to make an annual payment. Canceled policies are nonrefundable.
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A summary of the pricing challenges that companies have experienced over time

is illustrated in Figure 1.3. The top 15 LTCI companies (by premiums sold) have had

difficulty matching expected to actual costs over the past decade. The depicted paths

of these companies tend to lie to the right of the 45-degree line, suggesting that actual

claims paid were consistently higher than expected between the years of 2009 and 2015.

In fact, these companies seemed unable to adjust their premiums accurately over time.

While adverse selection may explain part of this mispricing, incorrect pricing assumptions

combined with slow price adjustments may have also contributed to this phenomenon.

Source: Authors’ calculations using NAIC Long-Term Care Experience Forms, 2009-2015

Figure 1.3: Actual To Expected LTCI Claims for Top 15 Companies, 2009-2015

When LTCI policies are underpriced, insurers will require premium increases to

stay profitable. Since all new prices and price changes must be approved by the state

insurance commissioner, these regulators represent a significant pricing friction in this
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market (Brewster and Gutterman (2014)). In most states, the insurance commissioner is a

political position, either directly elected or appointed by the state governor to serve terms

of approximately four years. Figure 1.4 shows that, even within one company (Genworth),

approval rates vary greatly by state. This suggests that regulators have significant leeway

in deciding what rate increases are appropriate. Since the state commissioner has an

implicit obligation to protect their constituents, the consumers of LTCI, he or she may be

very reluctant to allow large premium changes. In a survey of 26 LTC insurance carriers,

Gordon and Pahl (2016) find that 84% of rate increase rejections from 2013-2016 were due

to political caps or non-actuarial reasons (e.g. requested increase is “unreasonable").

Anecdotally, industry leaders have echoed the notion that regulators have been slow to

allow price increases. Genworth, one of the largest LTCI providers, has stated that “[The]

Massachusetts [regulator] lags behind virtually every other state in taking timely action in

response to rate increase filings and in granting necessary rate increases” (Bartlett (2017)).

In its annual 10Q statement, Genworth also makes it clear that regulatory frictions in

price adjustment has led to its dropout from specific states: “We have suspended sales in

Hawaii, Massachusetts, New Hampshire, and Vermont, and will consider similar actions

[. . . ] in other states where we are unable to make satisfactory rate increases...” (Genworth

(2018)).

1.4 Data

The data for this study are assembled from a variety of sources. First, we collect annual

average premiums and claims data from the National Association of Insurance Com-

missioners (NAIC) Long-Term Care Experience Reports. These are regulatory filings

for all insurance companies who sold LTCI policies in the preceding year. This filing

became mandatory beginnning in 2009. Before this, companies were required to file
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only when they changed their LTCI premium rates. We collect or impute data for all life

insurance companies which filed a NAIC report between 1995 and 2015. Each observation

represents a single company, year, and state. For each observation, we observe average

premiums, average claims, and total lives in force.7

Next, detailed price change request and approval decision data come from the Califor-

nia Long-Term Care Rate and History Guide. These data are reported by LTC insurers at

the request of the California insurance regulator. This dataset contains a detailed rate

request and outcome history from 2007-2016 for all LTCI policies sold by any company

that wrote LTCI policies in California in 2017. In addition to its rate increase history in

California, each company must submit its rate increase history in all other states in which it

sold LTCI. Based on our rough estimates, this sample covers 64% of nationwide company

activity from 2009-2015. The data contain one observation for each policy, company, state,

and year.

Also, we hand-collect political data on election cycles and voting outcomes for each

state and year from 1995 to 2016 through the states’ Secretary of State election results

websites. For the 12 states that elect the insurance commissioner directly, we collect the

winning candidate’s name, political party, winning vote share, as well as winning margin

(over the runner-up). For states that appoint their insurance commissioner through

their elected governor, we collect the insurance commissioner’s name and political party.

Alaska, Virginia, and New Mexico appoint commissioners by committee without term

limits, so they are dropped from our election sample.

Finally, there are 11 states8 that also report campaign finance information on their

7Note that state-level expected premiums and claims are only reported in the first version of the
Long-Term Care Experience Reports, between 1995 and 2008. National-level expected claims only are
reported from 2009-2015.

8California, Florida, Georgia, Kansas, Louisiana, Mississippi, Montana, North Carolina, North Dakota,
Oklahoma, and Washington report finance data. Delaware does not.
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Secretary of State websites. For each year and each state, we collect the total cash on hand

of the regulator at the beginning of the year. We also note the total contributions received

and total expenditures reported during each calendar year.

1.5 Reduced Form Rate Results

In this section, we demonstrate that regulators’ political cycles, political capital, party

affiliation, and campaign financing all significantly affect premiums in the LTCI market.

We find that when a regulator is closer to an election year, he or she is significantly less

likely to approve a premium change request as well as more likely to approve a lower

premium change amount. On the other hand, we find that companies submit fewer

premium change applications and apply for smaller increase amounts when the regulator

approaches re-election, although this is not statistically significant.

Political capital, as measured by either winning vote share or vote margin between the

winner and the runner-up, is positively correlated with regulator strictness. Regulators

with more political capital are also significantly less affected by election cycle pressures.

Democratic regulators are tougher on premium changes. We find that they are

significantly less likely to approve rate changes as well as significantly more likely to

approve a smaller rate increase on average. Perhaps not surprisingly, we find that they

are as sensitive to election cycles as other regulators.

Examining campaign contributions, we find that regulators who have more cash on

hand are more stringent on price increase requests. This could be because their strong

financial position makes them less affected by pressure from insurance companies, or it

may be the case that regulators who serve longer terms (which are correlated with cash

on hand) are able to do so because they pay more attention to consumer demands.

Finally, as a robustness test, we utilize the granularity of our dataset to match premium
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change requests on a set of detailed criteria including company name, policy number,

policy characteristics, date of request, and size of the requested increase. We find evidence

that election cycles matter even for near-identical price increase requests submitted to

different states. Within a matched group, the request is more likely to be approved by the

state regulator that is further away from an election year.

1.5.1 General Research Design

To study the effect of insurance regulators on average prices and price increase requests

in the LTCI market, we estimate the following baseline regression:

outcomeist = β1Xst + αi + αs + αt + εist,

for company i in state s and year t.

For the independent variable, Xt, we use variation in the timing of election cycles

across states, regulators’ political affiliations, regulators’ political capital, or regulators’

campaign contributions. Company-level outcomes include the percentage point change

in average premium increases and the approval probability of open filings.

1.5.2 Regulator Election Cycles

In the LTCI market, regulators are public officials who are either directly elected or (more

commonly) appointed by the governor of his or her state. The governor is always an

elected official. With a few exceptions, these election cycles are four years in length. In

this subsection, we will examine the effect of the election process on prices in this market.

We hypothesize that when the regulator is closer to re-election, he or she is more hesitant

to approve large rate increase requests which bring a lot of negative press. Subsequently,

average rate increases in his or her state are significantly lower. Because the timing of
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election cycles is exogenous (that is, the scheduling of state general elections long predates

the long-term care insurance market), our estimates of β1 can be interpreted as estimates

of the causal effect of election cycles on company and market outcomes.

In Figure 1.5, across all states, we show a binscatter with years left until re-election on

the x-axis and average annual change in premiums on the y-axis, residualized on state

and year fixed effects. We see that as the regulators get closer to an election year, average

annual premium changes become lower.

Note: The scatterplot graphs average premium changes by regulator term length, controlling for state and year fixed
effects. The data sample is drawn from the NAIC Long-Term Care Experience Forms, 1997-2015.

Figure 1.5: Annual Average Premium Increase Across the Election Cycle

The relationship between election cycles and the average annual premium change

across all states is statistically tested in Table 1.1, where we regress annual premium

changes on regulators’ years left in term, controlling for state and year fixed effects. We

find that moving from the year before re-election to the year after re-election implies an

average rate increase of 0.51 percentage points. This is roughly a fifth of the baseline rate
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change (2.7 percent) in the LTCI market.

It is important to note that the previous results describe aggregate price movements in

the market. Premiums, however, vary for many reasons other than regulator behavior. For

example, aggregate premiums are an average of the prices of both new and old policies,

so they vary as the age and health distribution of new customers change. They also vary

depending on insurer application behavior and market structure considerations. Thus,

next, we will focus specifically on analyzing regulator behavior across the election cycle.

Table 1.1: Effect of Election Year on Average Premium Increase (%)

Annual Increase (%)

(1) (2)

Years Left in Term 0.17* 0.17*
(0.07) (0.07)

Constant 2.06*** -1.67**
(0.52) (0.54)

Mean Dependent Variable 2.70 2.70
State FE and Year FE Yes Yes
Company FE No Yes
Number of Observations 51,437 51,437
R-squared 0.01 0.03

Note: The table displays the effects of regulator election cycle on average LTCI premium increases (measured in
percentage points). The estimating sample includes all states. Standard errors, in parentheses, are clustered by state.

Levels of significance: + 10%, * 5%, ** 1%, *** 0.01%.

In Table 1.2, we examine various measures of regulatory behavior. In the first column,

we can see that as regulators get closer to re-election, they approve significantly lower

premium increases. As the regulator moves from the year before re-election to just elected,

he or she approves larger premium increases by 1.5 percent on average. This is a small
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but still significant portion of the average approved increase size, which is 12 percent.

Going from column 2 to column 4, we find that as the regulator moves from the year

before re-election to just elected: the regulator approves 0.21 more policies, which is a 12

percent increase from the baseline approval of 1.7 policies; the regulator has a 5.1 percent

higher chance of approving an open policy (a policy request which was submitted in the

current year or remained outstanding from a previous year); and the regulator has 5.7

percent higher change of approving a new policy (a policy request which was submitted

in the current year). Results in the first and fourth column are significant at the 95%

confidence level, while results in the third column are significant at the 99% confidence

level.

If it is well known that regulator actions are correlated with election cycles, it might

seem natural for insurance companies to try and time premium change requests, either

by requesting approvals more often or asking for bigger premium increases right after

elections. However, as we see in Table 1.3, insurance companies’ decisions do not seem to

be significantly affected by election cycles. As expected, when the state regulator goes

from the year before election to the year just after election, companies on average ask

for 0.09 percentage point higher increases (column 1) as well as submit 0.12 more rate

increase requests (column 2). However, both magnitudes are small, and neither of these

relationships are statistically significant.

There are two potential reasons behind the lack of company response to the cycles.

First, many companies sell LTCI policies in multiple states. Since request applications are

costly to put together, companies usually apply for a rate increase in all the states a policy

is sold in at once, even if the different states have different election cycles (Gordon and

Pahl (2016)). Second, companies are more inclined to request rate increases in election

years because delaying a rate increase request is costly. Because premiums are designed

to be constant over the life of the policy, the longer a company waits for a rate request, the
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Table 1.3: Company Behavior Across the Election Cycle

(1) (2)
Size of Requested Increase Number of Requests

Years Left in Term 0.03 0.04
(0.13) (0.03)

Constant 11.95*** 2.91***
(0.92) (0.26)

Mean Dependent Variable 10.20 1.92
State FE and Year FE Yes Yes
Company FE Yes Yes
Number of Observations 19,141 19,141
R-squared 0.11 0.19

Note: The table displays the effects of regulator election cycle on the magnitude and number of rate requests,
respectively. Standard errors, in parentheses, are clustered by state. Levels of significance: + 10%, * 5%, ** 1%, ***

0.01%.
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larger the future rate change they must submit. However, there is a tradeoff between the

size of a rate request and probability of getting it approved, a finding which is reinforced

in Gordon and Pahl (2016).9

Source: Authors’ calculations using the California Long-Term Care Rate and History Guide.

Figure 1.6: Tradeoff Between Rate Increase Requested and Probability of Approval

Political Party, Political Capital, and Campaign Contributions

If it is true that changing re-election pressure drives differential behavior across the

election cycle, other factors that affect political pressure should also have predictable

effects on regulators and insurance prices. In this section, we examine three such factors -

political capital, political party, and campaign funding.

We hypothesize that political capital alleviates re-election pressure and increases ap-

proval rates. In addition, because Democratic regulators generally favor regulation more

9See Figure 1.6 for a demonstration of this using our rate request data.
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than Republicans, they should have lower approval rates. Finally, since corporations are

often large financial contributors to political campaigns, candidates with more campaign

contributions should have higher approval rates.10

In Table 1.4, we regress our two measures of regulator strictness, probability of

approving a rate increase request and size of approved increases, on winning vote

percentage. We use the vote share from the latest election for each incumbent regulator.

We restrict the sample to only the states which directly elect, as opposed to appoint, their

regulator.1112 We think of this as a proxy for political capital of the regulator; regulators

who have more political capital should be elected with a higher share of votes. In columns

1 and 3, we regress only on election vote percentage, while in columns 2 and 4, we also

interact vote percentage with the regulator’s election cycle. We find that regulators with

higher political capital are less sensitive to election cycles, as evinced by the negative and

significant coefficient on the interaction term. They are also more likely to be lenient, but

this result is only statistically significant in columns 3 and 4.

Next, in Table 1.5, we examine winning voting margins as an alternative measure of

political capital, defined as the winner’s vote share minus the runner-up’s vote share

in the last election. Looking at columns 2 and 4, we find that higher political capital

significantly predicts a higher average probability of approval of any rate increase request

as well as a higher average approved increase. In addition, like in Table 1.4, we find that

regulators with higher political capital are significantly less sensitive to election cycles. On

average, a one standard deviation increase in winning margin would increase approval

probability by 4.5 percentage points and lower the cumulative effect of election cycles by

10However, because our measure of campaign finances doesn’t distinguish between industry and
consumer contributions, this hypothesis cannot be fully tested.

11Appointed regulators do not have winning vote percentages.

12See Table A.2 for a list of states that directly elect their commissioner.
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Table 1.4: Effect of Winning Percentage on Rate Request Decisions

Approval Probability Size of Approved Increase

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

Years Left in Term 2.02* 7.48* 0.65* 6.32*
(0.71) (3.23) (0.21) (2.18)

Election Vote Percentage 0.03 0.29 -0.07* 0.20+
(0.17) (0.20) (0.03) (0.10)

Years Left in Term × Election Vote Percentage -0.09+ -0.10*
(0.05) (0.04)

Constant 10.37 -4.97 5.14* -10.77
(14.73) (17.11) (2.12) (6.80)

Mean Dependent Variable 56.69 56.69 11.86 11.86
State FE and Year FE Yes Yes Yes Yes
Company FE Yes Yes Yes Yes
Number of Observations 2,102 2,102 2,102 2,102
R-squared 0.24 0.24 0.15 0.16

Note: The table displays the effects of political capital on the percentage of all open applications approved and
magnitude of approved rate increases, respectively. Election Vote Percentage is a continuous variable representing the
share of votes the current regulator received in the last election. The estimating sample includes all states that directly
elect their commissioner. Standard errors, in parentheses, are clustered by state. Levels of significance: + 10%, * 5%,

** 1%, *** 0.01%.

3.2 percentage points or 33%.

In Table 1.6, we examine the effect of the regulator’s political party on rate request

outcomes. We find that Democrats are stricter; they are 8% less likely to grant a rate

increase, and they approve rate increases that are 4% lower on average. The economic

magnitudes of these differences are large, and they are even larger than all the observed

variation over the election cycle. However, as hypothesized, Democrats are no more

sensitive to the election cycles as other parties.

Finally, we analyze the effect of campaign finances on regulator behavior. CashonHand

23



Table 1.5: Effect of Winning Margin on Rate Request Decisions

Approval Probability Size of Approved Increase

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

Years Left in Term 2.00* 3.15* 0.64* 1.78**
(0.70) (1.00) (0.21) (0.54)

Winning Vote Margin 0.06 0.21* -0.02 0.12*
(0.08) (0.09) (0.01) (0.04)

Years Left in Term × Winning Vote Margin -0.05+ -0.05*
(0.03) (0.02)

Constant 11.46 8.01 2.12 -1.29
(11.24) (11.61) (2.07) (2.92)

Mean Dependent Variable 56.69 56.69 11.86 11.86
State FE and Year FE Yes Yes Yes Yes
Company FE Yes Yes Yes Yes
Number of Observations 2,102 2,102 2,102 2,102
R-squared 0.24 0.24 0.15 0.16

Note: The table displays the effects of political capital on the percentage of all open applications approved and
magnitude of approved rate increases, respectively. Winning Vote Margin is a continuous variable representing the
difference in share of votes the current regulator received over the closest runner-up in the last election. The higher the
margin, the more votes the current regulator received. The estimating sample includes all states that directly elect
their commissioner. Standard errors, in parentheses, are clustered by state. Levels of significance: + 10%, * 5%, **

1%, *** 0.01%.
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Table 1.6: Effect of Political Party on Rate Request Decisions

Approval Probability Size of Approved Increase

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

Years Left in Term 1.65** 1.37 0.44* 0.47+
(0.60) (0.83) (0.18) (0.27)

Democrat -8.34** -9.85** -3.93*** -3.79**
(2.43) (3.61) (0.91) (1.31)

Years Left in Term x Democrat 0.60 -0.05
(1.34) (0.43)

Constant 58.44*** 59.16*** 18.78*** 18.71***
(4.89) (5.13) (1.42) (1.64)

Mean Dependent Variable 50.09 50.09 12.35 12.35
State FE and Year FE Yes Yes Yes Yes
Company FE Yes Yes Yes Yes
Number of Observations 8,270 8,270 8,270 8,270
R-squared 0.22 0.22 0.17 0.17

Note: The table displays the effects of political party on the percentage of all open applications approved and
magnitude of approved rate increases, respectively. Democrat is a dummy variable equaling 1 if the current insurance
commissioner (or governor) identifies with the Democratic Party and is 0 otherwise. The estimating sample includes

all states. Standard errors, in parentheses, are clustered by state. Levels of significance: + 10%, * 5%, ** 1%, ***
0.01%.
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in Columns 1-3 in Table 1.7 is defined as the stock of money a regulator has already

amassed at the beginning of each year. The results from these columns show that the

wealthier a candidate’s campaign is, the stricter they are with premium increase requests.

This may be because they have more political capital and feel less pressure to raise

donations from corporations in the industry. Conversely, columns 4-6 show that higher

flows of campaign contributions in the same year are correlated with higher approval

rates. This reinforces the hypothesis that same-year campaign contributions may come

from corporations in exchange for favor from the regulator. However, columns 3 and 6

show that campaign finances do not significantly affect re-election pressure; wealthy and

non-wealthy candidates alike feel this pressure, and while this effect is always positive, it

is only significant in columns 2 and 5.

Robustness using Matched Request Design

In the above regressions, we cannot be sure that the characteristics of the policies applying

for rate increases do not systematically change across the election cycle. If so, they would

confound the estimated effects of election cycles on approval rates. In this section, we

address this concern through a matched request design.

Empirically, we find that many companies choose to submit an increase request for a

multi-state policy to multiple states at once (see Figure 1.7). This may help reduce the cost

of preparing all the necessary data to submit a request. In our data, about 3,800 requests

were submitted to two states at the same time, and 1,500 were submitted to three states at

the same time. We identify whether any two requests in our data are for the same policy

by matching on the following detailed criterion: company name, policy number, policy

type (e.g. Group or Individual), policy category (e.g. Home Care Only, Comprehensive,

Nursing Facility Only, Tax Qualified), time of submission, and size of requested increase.

For each of the applications within a matched set, we assigned them the same matched
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application id (αijt).

Source: Authors’ calculations using the California Long-Term Care Rate and History Guide. Requests submitted to
multiple states were determined to be for the same LTCI policy if the two (or more) submissions fulfilled the criteria

listed in the text.

Figure 1.7: Distribution of Multi-State Rate Increase Requests

For each company i, matched application j, state s, and year t, we estimate:

outcomeijst = αijt + αs + yrs left in termst + εist

The outcomes that we examine include the probability of approving a rate change

request, the approved rate change, and the time until the application becomes approved.

We show the effects of regulator election cycles on matched requests in Table 1.8. We find

evidence that even for the same rate request, a regulator is more likely to approve the

increase in the states where the regulator is further from an election year. The magnitude

of this effect is the same as that in Table 1.2. This effect is not driven by regulator timing

of approvals; time between application and approval does not vary across election cycles.
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However, with request fixed effects, election cycles don’t seem to have any significant

effect on the size of the increase granted.

Table 1.8: Differential Regulator Behavior Regarding the Same Application

(1) (2) (3)
Size of Increase Approval Probability Days Until Approval

Years Left in Term 0.076 1.28** -1.84
(0.23) (0.47) (1.97)

Constant 24.6*** 94.4*** 83.3***
(1.44) (1.96) (11.6)

Mean Dependent Variable 21.44 88.22 155.91
Request FE Yes Yes Yes
State FE Yes Yes Yes
Number of Observations 8,022 8,022 7,210
R-squared 0.67 0.64 0.62

Note: The table displays the effects of regulator election cycle on regulator behavior, controlling for application fixed
effects. Standard errors, in parentheses, are clustered by application. Units of columns (1) and (2) in percentage

points. Levels of significance: + 10%, * 5%, ** 1%, *** 0.01%.

1.6 Reduced Form Dropout Results

Election cycles increase profit shortfalls in election years; in effect, election cycles increase

regulatory stringency. Overcoming a profit shortfall requires higher future approval rates,

which these are harder to get approved by regulators since they are bigger price shocks

for consumers. Thus, over time, this pricing friction can interact with and amplify other

factors, such as low demand and adverse selection, and accelerate the shrinkage of the

market over time. In this section, we empirically examine the reduced form link between
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overall regulator stringency and insurance company dropouts. Additionally, we find

some correlative evidence that higher election sensitivity specifically correlates with lower

profits and more company dropouts.

For regulator stringency to affect insurer dropout through low prices, insurance

companies must consistently capture lower than expected profits over time. To test this, we

construct a rough measure of cumulative actual and expected profits, which is calculated

as total premiums collected minus total claims paid out, and expected total premiums

collected minus expected total claims, respectively.13 In Figure 1.8a, we compare the

cumulative state-level profits of companies in high friction and low friction states. Election

friction is calculated by regressing approval rate on election cycles for each state from

2007-2016. High friction states are the half of states with the highest estimated election

cycle effects. Over time, companies in high friction states experience lower cumulative

profits, suggesting that they are not able to recuperate profit shortfalls experienced in

election years.

Figure 1.8b shows that this gap also exists between actual and expected cumulative

profits; not only are companies in high friction states experiencing lower profit growth,

they are also experiencing lower profit growth than they had expected. This suggests that

they are not able to adjust actual premiums over time to meet expectations.

Figure 1.9 also shows cumulative profits against overall regulator stringency, where

regulator stringency is measured by average approval rates (on premium increase requests)

across 2007-2016. Stringent regulators are defined as regulators in the half of states with

the lowest average approval rates over our sample. Although actual cumulative profits

are comparable between strict and lax regulators (see Figure 1.9a), the gap between actual

and expected profits is much larger for more stringent states (see Figure 1.9b). The gap

13For the expectations analysis, we use NAIC data from years 1995-2008, the only years for which we
have state-level data on expected profits and expected claims.
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(a) Actual Profits (b) Actual Minus Expected Profits

Source: Author’s calculations using the California Long-Term Care Rate and History Guide and NAIC LTC
Experience Reports. Note that high friction states are states where election cycles are estimated to have a larger effect

on regulator behavior. See text for details.

Figure 1.8: The Correlation Between State Frictions and Cumulative Profits, 1995-2008

between actual and expected profits is a more complete comparison of the total potential

profit on a policy over its lifetime, and based upon this, it appears that policies sold in

more stringent states ultimately lost more profits.14

Turning to cumulative dropout rates, Figure 1.10 shows that higher regulator strin-

gency is correlated with faster dropout over time. Although our measure of dropout in

these graphs is crude1516, stricter states or states with high election frictions always have

14Actual cumulative profits may be inherently different between states, because they are strongly affected
by consumer and policy characteristics such consumers’ age and policy durations. Since expected profits
take these pricing parameters into account, they may paint a more holistic picture of profits over a policy’s
lifetime.

15Because the NAIC data do not contain a measure of dropout, we identify whether a company has
dropped out of the state market if we do not see any filing for LTCI advertising approvals in the NAIC
System for Electronic Rates and Forms Filing (SERFF) database, an electronic database for recent NAIC
filings. All companies must file for approval before using an advertisement for LTCI. We collect SERFF ad
data from 2009-2015, the years for which NAIC data are most complete. Dropout rates are cumulated since
2009.

16Calculating state stringency or friction using a limited data sample from 2009-2015 yields very similar
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(a) Actual Profits (b) Actual Minus Expected Profits

Source: Author’s calculations using the California Long-Term Care Rate and History Guide and NAIC LTC
Experience Reports.

Figure 1.9: The Correlation Between Regulator Stringency and Cumulative Profits, 1995-2008

a higher number of dropouts than lax states. In fact, in Figure 1.10b the dropout gap

between high friction and low friction states appears to widen over time. Combined with

Figures 1.8 and 1.9, these graphs suggest that election cycles lower cumulative profits

which lead to faster insurer dropout. We conduct a robustness test using national-level

data (for which we have a more accurate dropout measure) in Section 1.6.1.

1.6.1 Robustness Check on Dropout Data

Although we must imperfectly infer company dropout at the state level for each company,

the NAIC provides national-level company dropout data (whether a company is still

selling new policies) starting in 2009. Thus, in this subsection, we conduct a robustness

test of our dropout results using this national data. Because it is not constructed or

inferred, this dropout data are more reliable that those used in Figure 1.10.

results.
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(a) Company Dropout Rate by Regulator Stringency (b) Company Dropout Rate by Election Cycle Frictions

Source: Author’s calculations using the California Long-Term Care Rate and History Guide and NAIC SERFF
Database. Note that high friction states are states where election cycles are estimated to have a larger effect on

regulator behavior. See text for details.

Figure 1.10: The Correlation Between Regulator Stringency and Dropout Rates, 2009-2015

In order to estimate the effect of regulator stringency on national-level dropout, we

run a company-level analysis utilizing variation in companies’ geographic concentrations.

LTCI companies concentrate in very different geographies (see Figure 1.11). For example,

Bankers Fidelity is largely concentrated in the southeast and Texas, while Unum is

more dispersed, with its highest concentration in the West Coast and the Midwest. This

geographic variation allows us to run regressions at the company level, where each

company is “treated” by their market concentration in each state multiplied by either the

regulatory stringency (as measured by average approval rate) or the average sensitivity of

that state’s regulator to election cycles.

In Table 1.9, we find correlative evidence that company dropout is positively correlated

with election cycle sensitivity, number of rate increase applications received, and cost

of the insurance (claims paid). We find that company dropout is negatively correlated

with number of rate increase applications approved and gross profit of the insurance
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Source: Author’s calculations using the NAIC LTC Experience Reports.

Figure 1.11: Geographic Concentrations of Bankers Fidelity and Unum

(premiums collected).

1.7 Conclusion

Markets in which financial products are difficult to price present significant regulatory

challenges. The LTCI market is a relatively new insurance market, characterized by

high cost uncertainty due to the long-term nature of the insurance product. Its pricing

difficulties have led to repeated interactions between insurance companies and regulators.

Examining these interactions over the last two decades, we present new evidence that

regulatory frictions caused by political pressures significantly affected premium changes

in the LTCI market. This may partially explain the steady decline in company participation

in the market in recent years.

First, we proxy for regulator stringency using the likelihood a premium change is
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approved as well as the size of the premium change approved. Then, we show that

the regulator is more stringent when he or she has lower political capital or is closer

to re-election. Correlative empirical evidence shows that states with tougher regulators

tend to experience lower insurer profits and higher rates of insurer dropout. To quantify

the effect of these pricing frictions on market stability, we propose a stylized structural

model in which both the regulator and insurer of LTCI are forward-looking and rational

in Chapter 3 of this dissertation.

Not only do these findings have social implications for the millions of Americans

entering old age who will likely have to consider methods of self-funding long-term care

services, there are also some valuable lessons from the LTCI market which can be applied

to the regulation of novel financial products in the future. We leave it to future research

to quantify the impact of supply-side factors on the size of the private long-term care

insurance market relative to established demand side factors such as adverse selection.
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Table 1.9: Regression of Dropout on State Characteristics

Nationwide Dropout Probability
(1) (2) (3) (4)

Election Pressure (state-weighted) 0.57** 0.30
(0.17) (0.20)

Applications Received (state-weighted) 0.002** 0.002*
(0.001) (0.001)

Rate Applications Approved (state-weighted) -0.002 -0.002
(0.001) (0.001)

Annual Earned Premiums (Mil) -0.09* -0.07*
(0.04) (0.03)

Annual Claims Paid (Mil) 0.12 0.10
(0.08) (0.08)

Constant 0.28+ -0.63* 0.97** -0.26
(0.17) (0.32) (0.11) (0.35)

Number of Observations 218 218 218 218
Pseudo R-squared 0.06 0.11 0.11 0.18

Note: The table displays the effects of various company-level characteristics on company dropout. Observations are at
the company level. The outcome variable is a dummy variable indicating 1 if the company is not currently selling
LTCI. Election pressure is the magnitude of the election cycle effect in each state. The first three LHS variables are
state-weighted, meaning that election pressure, number of applications received by each state, and the number of

applications approved in each state is averaged across all the states each company operates in, weighted by the
percentage of its premiums earned in that state. Outcome variables are measured in percentage points. Standard

errors are in parentheses. Levels of significance: + 10%, * 5%, ** 1%, *** 0.01%.
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Chapter 2

Long Term Care Insurance and Spousal

Labor Supply

2.1 Introduction

Long-term disability is one of the largest financial risks faced by elderly Americans and

their families. In 2004, formal long-term care expenses in the United States totaled $135

billion, or 7% of all health expenditures for all ages. According to the Department of

Health and Human Services, over 70% of those currently over the age of 65 will need

long-term care at some point in their lifetime, and 10% will need institutional care with

an average (nominal) annual cost of approximately $90,000 per year.

Despite this risk, few families are financially prepared for this eventuality. Medicare

and acute health insurance do not cover long-term care expenses, and the private long-

term care insurance market is small and declining. Furthermore, according to estimates

from the Congressional Budget Office, in 2000, only 7% of seniors had over $50,000 in

savings, the cost of a one year stay in a nursing home at the time. While Medicaid pays a

substantial portion of all long-term care expenses in the United States each year, many
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adults also serve as informal (i.e. unpaid) caregivers for their parents and spouses. In

2009, The Department of Health and Human Services estimates that 1 in 4 adults served

as an unpaid caregiver to an adult or child, and 14% of those who care for older adults

were themselves age 65 or more. Chari et al. (2014) place the annual implicit cost of

informal caregiving at an additional $520 billion per year. In sum, informal caregiving

represents a large (and largely unaccounted for) use of economic resources in society.

In this paper, I study the effects of long-term care insurance (LTCI) coverage on

the economic outcomes of spouse caregivers. Private insurance coverage may affect

caregivers because it decreases the cost of facility care or paid home care after disability

onset, reducing the need for family caregivers to leave the work force to donate time

to informal care. Previous research has linked the incidence of informal caregiving to

decreased labor force participation, and other studies have shown formal and informal

care are substitutes. However, except for Coe et al. (2015), no study has yet shown that

long-term care insurance can increase employment. Coe et al. (2015) found that LTCI

increases the labor force participation of child caregivers, but it is unclear whether these

results generalize to spouses as well. Spousal behavior is important to study because

they account for a significant portion of informal caregiving efforts, and they have a large

financial stake in the caregiving decision.

I hypothesize that the provision of long-term care insurance increases spouse earnings

through various mechanisms. First, fewer spouse labor force exits to provide informal

care will increase earnings in the short run. If these temporary breaks from the workforce

would have led to human or firm-specific capital loss, necessitating the switch to lower

paying jobs after a caregiving spell, then having insurance will also increase income over

the long run. Furthermore, if LTCI reduces the likelihood of falling into poverty in the

longer term, then there could also be a positive economic spillover from LTCI provision

on government means-tested programs such as Medicaid. In that case, the net social cost
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of private insurance provision could be smaller than previously believed.

A necessary condition for such an externality is that insurance affects individual

utilization of formal care. Therefore, this chapter begins by analyzing the price sensitivity

of medical care decisions among the elderly. In this paper, I confirm the results of existing

literature that show that formal and informal care are substitutes.1 I next examine whether

having insurance increases labor force participation and reduces poverty and thus affects

Medicaid eligibility.

This study uses a difference-in-difference design with data from the Health and

Retirement Study. I compare the outcomes of caregivers with and without insurance

before and after the onset of a chronic illness. I find that nursing home use after disability

onset increases with insurance coverage, with a subsequent offset in informal caregiving

and increase in spouse employment. Insurance also decreases the likelihood of poverty

after disability onset. These effects are larger among younger spouses, increase with

severity of illness, and hold among the Medicaid-eligible population.

The paper proceeds as follows. Section 2 describes previous work in this area. Section

3 describes the current state of the long-term care insurance market. Section 4 describes

the empirical strategy of this study. Sections 5 and 6 present the basic results. Section 7

explores heterogeneous effects by various demographic characteristics. Section 8 presents

the results of robustness checks. Section 9 concludes.

2.2 Related Literature

This study adds to three branches of existing literature. First, a large and extensive body

of work documents a significant negative correlation between caregiving and labor force

participation (Bittman et al. (2016), Bolin et al. (2008), Crespo and Mira (2010), Ettner

1My results are consistent with other studies, lending support to the study design.
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(1995), Lee and Tang (2013), Lilly et al. (2010), Pavalko and Artis (1997), Van Houtven

et al. (2013)). Fewer studies look at the effect of caregiving and other economic outcomes,

though Wakabayashi and Donato (2005), Yun et al. (2005), and Butrica and Karamcheva

(2014) show that parental caregiving is significantly correlated with increased likelihood

of falling into poverty through the reduced likelihood of working. Except for Butrica and

Karamcheva (2014), all the studies listed above focus on the effects of caregiving for a

parent as opposed to a spouse. The focus of this paper will be spousal outcomes such as

caregiving and employment decisions.

A second body of work uses exogeneous variation in the cost of long-term care

insurance (through variation in Medicaid eligibility rules, tax incentives for long-term

care, or home care subsidy reforms) to identify the effect on insurance on the incidence of

informal caregiving (Mommaerts (2018), Loken et al. (2008), Coe et al. (2015), Ko (2016)).

However, these papers do not address the effect on labor outcomes. Combining these

two literatures, this study shows that long-term care insurance coverage should increase

employment.

My paper also contributes to the numerous studies that have analyzed spousal labor

supply responses as a self-insurance mechanism for individuals’ (permanent) wage and

unemployment shocks2 (see Heckman and MaCurdy (1980), Lundberg (1985), Stephens

(2002), Autor et al. (2017), and Blundell et al. (2016)). For example, Fadlon and Nielsen

(2016) use a similar research design and administrative data from Denmark to show that

widows generally increase their labor supply after the death of their spouse due to a

large income effect. My findings of spousal responses to long-term disability shocks

are consistent with these studies, but I provide new evidence on the important role

of long-term care insurance in facilitating these responses. In this context, insurance

provision may be welfare increasing if workers are myopic (i.e., do not account for the

2Also known as the added worker effect.
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probability of future disability shocks) when making the insurance purchase decision.

2.3 The Long-Term Care Insurance Market in the United

States

Long-term care is not acute medical care, but rather custodial care that people are more

likely to need as they age (Katz et al. (1963)). It is defined as assistance with performing

Activities of Daily Living (ADLs) (such as dressing, bathing, eating, getting in and out of

bed, and using the toilet). People typically require long-term care as a result of disabling

chronic conditions, injury, developmental disabilities, or severe mental illness. Individuals

are more likely to need long-term care as they age because the elderly are more likely

to develop chronic, disabling conditions such as frailty and degenerative neurological

disorders.

The long-term care insurance market is relatively young and modern insurance

products were introduced in the late 1980s. Long-term care insurance generally provides

a daily benefit to be used for skilled home care, hospice care, assisted living facilities,

and nursing homes. Most policies pay benefits when an individual reports at least

two ADL limitations. Premiums are conditional on age, gender, and health conditions.

Most policies are sold to individuals, unlike acute health insurance, which are generally

provided as group policies by private employers.

Over the past two decades, long-term care insurance premiums have tripled, and

coverage rates have plummeted. Currently, private insurance funding accounts for less

than 5% of total formal care spending (Mommaerts (2015)). There is much debate over the

causes of this low coverage, though demand side failures such as crowd-out of demand

from Medicaid (Brown and Finkelstein (2008)), and adverse selection (Hendren (2013),

Mommaerts (2015), Ko (2016), Oster et al. (2010)) is often cited. It is likely that the
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unpredictability of cost forecasting (Cohen (2016), Eaton (2016), Rubin et al. (2014)) and

administrative costs (Brown and Finkelstein (2007)) also play some role in limiting supply.

In sum, using the HRS 1998-2010, Ko (2016) finds that only 13% of individuals aged 60

and over own some form of private long-term care insurance.

2.4 Empirical Strategy and Data

2.4.1 Data

I use data from the 1998-2014 waves of the Health and Retirement Study (HRS), a

nationally representative longitudinal survey of older Americans that began in 1992.3

The length of each HRS wave is two years. For a large sample of respondents, the HRS

contains a wealth of detailed information on participating families’ labor supply, family

structure, income, employment, insurance, and health. I use the sample of couples who

were married or partnered for at least four years in the 1998 to 2014 waves of the HRS.

Each individual observation in the sample is linked to the health and demographic

variables of their spouse. In total, I have an unbalanced panel of 10,089 families.

Table 2.1 presents means of the data; it compares demographic variables of people

with spouses who have long-term care insurance versus people with uninsured spouses.

Overall, approximately 13% of individuals in the HRS have private long-term insurance

coverage in any given year. The two groups look similar across many dimensions. Fifty

percent of both groups are female and living near their children. Each family has, on

average, about 3 children and 30% of each group work. Both groups are also equally likely

to experience a disability shock, about 2%. People whose spouses have long-term care

insurance are, on average, two years older and are more likely to have some post-high

3The HRS (Health and Retirement Study) is sponsored by the National Institute on Aging (grant
number NIA U01AG009740) and is conducted by the University of Michigan.
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school training. In addition, they are much less likely to be black and are more likely

to have health insurance. In all my analyses, Medicaid recipients are excluded from the

estimating sample.

2.4.2 Empirical Strategy

I compare families with and without insurance before and after a disability shock, by

estimating a difference-in-difference model of the form:

yit = β1insuri ∗ disabilityshockit + β2insuri + β3disabilityshockit

+ insuri ∗ yeart + yeart + β4Xit + εit (2.1)

where yit is an outcome for (potential) caregiver in family i (outcomes include dummy

variables representing: whether work, whether work full-time, in poverty, spouse in

nursing home, co-residence with spouse, divorced, and whether child gives care), disabili-

tyshock is a dummy variable that indicates that the spouse has experienced a disability

shock, and Xit is a rich vector of demographic, financial, and health controls.4 A disability

shock is defined as the first wave the spouse reports at least two ADL limitations while in

the previous period they had none.5 To keep the insurance groups consistent over time,

I define insur as a dummy variable equaling 1 if the spouse has LTCI at the time of or

two years before disability onset. For those observations whose spouses never experience

disability onset, I classify them as having LTCI if the spouse reports having LTCI in

any wave of the survey. Following previous literature (Coe et al. (2015), Mommaerts

(2018)), I use co-residence as a proxy for informal caregiving. β3 is the expected change

4All regressions include controls for age, age squared, spouse age, number of children, whether child
lives within 10 miles, spouse and respondent health, race, gender, gender and age interactions, spouse and
respondent education, spouse health insurance status, household wealth quantile, and whether spouse has
two or more ADLs.

5Having at least two ADL impairments is the most common benefit trigger for LTCI policies.
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Table 2.1: Characteristics of Insured and Uninsured Individuals, 1998-2014

No LTCI Has LTCI

Age 64.58 66.78
(40.25) (73.64)

Post HS Education 0.414 0.586
(0.493) (0.493)

Black 0.0465 0.0270
(0.211) (0.162)

Female 0.499 0.516
(0.500) (0.500)

Number of children 3.365 3.105
(2.048) (1.895)

Child Lives <10 Miles 0.506 0.464
(0.500) (0.499)

Any Work 0.396 0.333
(0.489) (0.471)

Full-Time Work 0.268 0.222
(0.443) (0.416)

Spouse has Health Insurance 0.906 0.974
(0.292) (0.160)

Has Disability 0.0224 0.0211
(0.148) (0.144)

Number of Families 9,477 2,978
Number of Individuals 85,872 12,210

Note: The first column shows summary statistics for all individuals in the Health and Retirement Study Core Survey,
years 1998-2014, who indicated that their spouse does not have long-term care insurance in the current survey year.

Standard deviations are reported in parentheses. Observations are at the individual-year level. The data sample
includes all married or partnered individuals and their spouses. Post HS Education is a dummy variable equaling 1 if

the respondent indicates more than 12 years of education. Any Work is a dummy variable indicating 1 if the
respondent reports working more than 0 hours per week on average. Spouse has Health Insurance is a dummy
variable equaling 1 if the respondent indicates that their spouse has health insurance, not including LTCI. Has

Disability is a dummy variable equaling 1 if the respondent’s spouse has experienced a disability shock. A disability
shock is defined as the first year the spouse reported two or more ADL limitations while they reported 0 ADL

limitations in the previous wave.
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in the dependent variable associated with the onset of a health shock, controlling for

calendar year of onset. In this model, the coefficient of interest is β1, which identifies the

additional effect of insurance on outcomes between the unhealthy and healthy families.

Heterogeneous effects across different demographic groups are analyzed by restricting

the above specification to only individuals of certain ages, genders, and education levels.

Each group is tested separately. All standard errors are clustered at the family level.

The empirical approach looks at whether there is a break in any pre-existing differences

in outcome levels after the shock between insured and uninsured households. I leverage

variation that occurs within insured and uninsured families, comparing outcomes relative

to the pre-shock period and within the same t years relative to disability onset between

the two groups. Intuitively, this empirical approach captures the extent to which insured

and uninsured families who experienced disability shocks earlier also experienced earlier

divergences in economic outcomes, compared to families who experienced later shocks.

The model allows for (time-varying) average differences in outcome levels between

the insured and uninsured group as they are absorbed by the insur fixed effect and the

interaction term insur ∗ year, so I do not need to assume average outcome levels are the

same between these two groups. The identifying assumption is that absent the shock, any

pre-period differences in outcomes between insured and uninsured households would

have remained on the same average levels. This implies that families within the insured

and uninsured groups would have had the same average outcomes if, counterfactually,

no disability shock had occurred. This condition is met if we assume exogeneity of the

shock conditional on the model covariates.

This assumption might be violated if there were other contemporaneous shocks

affecting the outcome variable and the timing of the shock for insured but not uninsured

households. The specificity of this condition makes potential threats to identification

unlikely. Because the exact timing of severe health shocks may be hard to predict, insured
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families are unlikely to be systematically changing their behavior more than two years

before the shock relative to uninsured families. Other factors that may be correlated

with health shock onset and work outcomes (such as family relationship stress) are also

unlikely to affect insured families more than uninsured families.

If the timing of the shock is unrelated to the model covariates, outcome differences

should have no trend between each insurance group for the years before the health shock,

conditional on all covariates. I conduct this check as a partial test of the identifying

assumption.6

2.5 Graphical Analysis

Figure 2.1 plots the average rates of co-habitation, nursing home use, work, and poverty

by spouse LTC insurance status before and after a disability shock. Several discontinuities

that preview our ensuing difference-in-difference results are apparent in these graphs.

Before the shock, rates of co-habitation and nursing home use are similar for both groups.

However, the changes in the rates of these dependent variables after disability onset

suggest that nursing home use increased more for insured families and co-habitation,

a common proxy for intensive caregiving, decreased more. In addition, the decrease

in full-time employment rates slowed after a shock for families with insurance, relative

to uninsured families, whose rates of employment continued to fall. Though trends in

poverty for insured and uninsured families were both similar before the disability shock,

the probability of poverty visibly decreased two years after the shock for insured families,

relative to the non-insured group. These empirical averages suggest that insurance allows

6This test of the identifying assumption was chosen instead of limiting the analysis sample to only
families experiencing sudden, unexpected outcomes like heart attacks, sudden falls, or cancer. These
disability shocks are more likely to satisfy the strict exogeneity assumption, since responses to these shocks
will be unlikely to be correlated with lags in health. However, data size limitations limit my ability to
conduct this analysis.
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spouses to return to work instead of caregiving and protects household income when

using a nursing home.

Figure 2.2 shows the rates of co-residence, nursing home use, work, and poverty by

age and insurance status after the onset of disability. The patterns seen in Figure 2.1

appear to hold across all age groups. Again, there is correlative evidence that when

families need long-term care, they are price sensitive; when covered by an insurance policy,

families are more likely to use formal care (proxied by nursing home care) and substitute

away from informal care (proxied by co-habitation) across all ages. However, having

LTCI is associated with more employment for individuals below the retirement age.7

Insured families in the first age quintile are also associated with the lowest co-habitation

rates, highest employment rates, and lowest poverty rates, relative to other age groups.

This suggests that poverty is reduced through increased work for younger families.

Even though older insured families don’t respond to disability onset with increased

employment, they still have lower poverty rates than older uninsured households. Thus,

the mechanisms through which LTCI reduces poverty may vary by age. For example, if

older families are physically less able to provide informal care and more likely to use

expensive nursing home care, having LTCI could still have a bigger impact on the income

of older insured versus uninsured families if, for example, insured families do not have

to reduce their household income to qualify for Medicaid.

2.6 Insurance Provision and Economic Outcomes

I statistically explore the effect of insurance on potential spouse caregivers’ substitution

away from informal care and substitution into labor force participation; that is, whether

work and informal caregiving are substitutes. Next, to test whether these choices affect

7The first age quintile spans ages 50-57, and the second covers ages 58-63.
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(a) Rates of Co-habitation (b) Spouse Nursing Home Usage Rate

(c) Full-Time Employment Rate (d) Poverty Rate

Note: The scatterplot shows average outcomes binned by survey wave relative to spouse disability onset and insurance
status. All outcomes are dummy variables. The data sample is comprised of individuals drawn from the Health and
Retirement Study Core Survey, years 1998-2014. The sample includes only married or partnered individuals. See text

for details.

Figure 2.1: Economic Outcomes Before And After Spouse Disability Onset, by Insurance Status
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(a) Rates of Co-habitation, After Spouse Disability
(b) Spouse Nursing Home Usage Rate, After Spouse

Disability

(c) Employment Rate, After Spouse Disability (d) Poverty Rate, After Spouse Disability

Note: The scatterplot shows average outcomes after a spouse disability shock, binned by respondent age quintiles and
insurance status. The data sample is comprised of individuals drawn from the Health and Retirement Study Core,

years 1998-2014. The sample includes only married or partnered individuals. See text for details.

Figure 2.2: Economic Outcomes After Spouse Disability Onset, by Insurance Status and Age
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poverty, I show the results of the main specification using poverty status as the outcome

of interest.

Columns (1)-(2) in Table 2.2 show the results from regressing probability of co-

residence, a proxy for intensive caregiving, on insurance status interacted with disability

status. Each column represents a different regression specification. Average co-residence

and spouse nursing home rates after disability are reported at the bottom of the table.

The co-residence rate and nursing home rate do not add up to 1 because 1% of survey

respondents report living apart from their spouse but that their spouse does not live

in a nursing home, and 4% of respondents report living together with their spouse in

a nursing home after disability onset. Across both columns, the estimated insurance

effect is negative and significant. On average, having insurance reduces the likelihood of

co-residence by 4 percentage points, or 4%, after a disability shock, and this effect persists

four years after the shock onset. Column 2 explores the dynamic pattern of coefficients

by showing the effects for 4 years before, 2 years before, the first year of, 2 years after,

and 4 years after the shock; the results are shown graphically in Figure 2.3. There is an

immediate drop in probability in the first year a disability shock is reported, and the

probability of co-residence remains negative over time. Because there does not appear to

be a significant difference in co-residence rates between the groups before the disability

onset, this graph suggests that insurance coverage causes the estimated difference in

effect. Note that as time after the disability shock increases, all effects are estimated more

imprecisely because the sample size decreases.

Columns (3)-(4) of Table 2.2 display the results of a regression of nursing home usage

on insurance status interacted with disability status. As opposed to the co-residence

results, these results show that insurance coverage positively and significantly predicts

the probability of entering a nursing home, suggesting that a spouse who moves out after

a disability shock moves into a nursing home. On average, having insurance increases
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Table 2.2: Effect of Having Insurance on Probability of Co-residence With Spouse and Nursing Home Use
after Spouse Disability Onset

Living With Spouse Spouse in Nursing Home

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

Has LTCI x Has Disability -0.040+ 0.057*
(0.022) (0.025)

Has LTCI x Four Years Before Shock 0.008+ -0.003
(0.005) (0.002)

Has LTCI x Two Years Before Shock 0.005 0.018
(0.009) (0.015)

Has LTCI x Year of Shock -0.085** 0.100**
(0.032) (0.037)

Has LTCI x Two Years After Shock -0.059 0.069
(0.042) (0.048)

Has LTCI x Four Years After Shock -0.028 0.049
(0.058) (0.062)

Mean Dependent Variable After Disability 0.927 0.927 0.099 0.099
Number of Families 10,003 10,003 10,003 10,003
Number of Individuals 91,880 91,880 91,880 91,880

Note: The table displays treatment effects on caregiving outcomes based on difference in difference regressions.
Standard errors are in parentheses. The outcome variable in columns (1)-(2) is an indicator variable that is equal to 1
if the respondent lives with their spouse in the survey year. The outcome variable in columns (3)-(4) is an indicator
variable that is equal to 1 if the respondent’s spouse lives in a nursing home. Has LTCI is an indicator variable that is

equal to 1 if the respondent’s spouse had LTCI. Has Disability is a dummy variable equaling 1 if the respondent’s
spouse experienced a disability shock. A disability shock is defined as the first year the spouse reported two or more

ADL limitations while they reported 0 ADL limitations in the previous wave. The analysis sample excludes families
qualifying for Medicaid. Standard errors are clustered at the family level. Levels of significance: + 10%, * 5%, ** 1%,

*** 0.01%.
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(a) Difference in Rate of Co-habitation (b) Difference in Nursing Home Usage Rate

Note: The two figures display regression coefficients and associated 90% confidence intervals for the difference in the
outcomes between insured and uninsured families after a disability shock, i.e. the reported coefficients from Table 2.2
columns 2 and 4. The coefficients before the shock are normalized to zero. In Figure 2.3a, the outcome variable is an
indicator variable that is equal to 1 if the respondent lives with their spouse. The outcome variable in Figure 2.3b is an

indicator variable that is equal to 1 if the respondent’s spouse lives in a nursing home.

Figure 2.3: Effect of Having Insurance Relative to No Insurance on Probability of Cohabitation and
Nursing Home Use After Disability Onset

the likelihood of nursing home use by 5.7 percentage points, or 57%, after a disability

shock. The response dynamics are represented in Figure 4b. Again, the results suggest

that there were no differences in nursing home trends between insured and uninsured

families before disability onset. Thus, the estimated decline appears to be a causal impact

of the shock.

Next, columns (3)-(4) of Table 2.3 presents the results from regressing a work dummy

variable (defined as reporting nonzero hours of paid work per week on average) on

insurance status interacted with disability status. Columns (1)-(2) use a full-time work

dummy (defined as reporting more than 40 hours of work per week on average) as the

outcome of interest. The results show that labor force participation is also increased when

the ill spouse has long-term care insurance coverage. This result is consistent with the

hypothesis that insurance decreases the incidence of informal caregiving, giving spouses

52



Table 2.3: Effect of Having Insurance on Probability of Working after Spouse Disability Onset

Full-Time Work Any Work

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

Has LTCI x Has Disability 0.061* 0.074*
(0.025) (0.029)

Has LTCI x Four Years Before Shock -0.012 -0.016
(0.029) (0.036)

Has LTCI x Two Years Before Shock -0.008 -0.020
(0.026) (0.031)

Has LTCI x Year of Shock 0.001 0.025
(0.023) (0.031)

Has LTCI x Two Years After Shock 0.104* 0.097*
(0.041) (0.047)

Has LTCI x Four Years After Shock 0.013 -0.043
(0.051) (0.058)

Mean Dependent Variable After Disability 0.125 0.125 0.219 0.219
Number of Families 10,003 10,003 10,003 10,003
Number of Individuals 91,880 91,880 91,880 91,880

Note: The table displays treatment effects on work outcomes based on difference in difference regressions. Standard
errors are in parentheses. The outcome variable in columns (1)-(2) is an indicator variable that is equal to 1 if the
respondent works more than 40 hours per week on average in the survey year. The outcome variable in columns

(3)-(4) is an indicator variable that is equal to 1 if the respondent works nonzero hours on average in the given year.
Has LTCI is an indicator variable that is equal to 1 if the respondent’s spouse had LTCI. Has Disability is a dummy
variable equaling 1 if the respondent’s spouse experienced a disability shock. A disability shock is defined as the first
year the spouse reported two or more ADL limitations while they reported 0 ADL limitations in the previous wave.

The analysis sample excludes families qualifying for Medicaid. Standard errors are clustered at the family level. Levels
of significance: + 10%, * 5%, ** 1%, *** 0.01%.
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(a) Difference in Probability of Any Paid Work (b) Difference in Probability of Full-Time Work

Note: The two figures display regression coefficients and associated 90% confidence intervals for the difference in the
outcomes between insured and uninsured families after a disability shock, i.e. the reported coefficients from Table 2.3

columns 2 and 4. The coefficients before the shock are normalized to zero. In Figure 2.4a, the outcome variable is
indicator variable that is equal to 1 if the respondent works more than 40 hours per week on average in the survey

year. The outcome variable in Figure 2.4b is an indicator variable that is equal to 1 if the respondent works nonzero
hours on average in the survey year.

Figure 2.4: Effect of Having Insurance Relative to No Insurance on Probability of Work, Before and After
Disability Onset

the time they might not otherwise have had to continue working. Column 1 shows that

on average, having insurance increases the likelihood of full-time work by 6 percentage

points or 50% after a disability shock. Column 2 describes the response dynamics. Unlike

previous responses, the differential effect on work does not appear significant until two

years after the initial disability onset. This could be rationalized, for example, if insured

spouses do not prefer to work initially or take care of their partners part-time. As time

goes on, having insurance allows spouses to return to work if they need extra income,

whereas uninsured families do not have that option. This could also be statistical noise,

due to the small number of families that experience disability shocks and that are insured.

The baseline results from Tables 2.2 and 2.3 suggest two channels through which

insurance has a positive impact on family finances after disability onset. First, it makes
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Table 2.4: Effect of Having Insurance on Probability of Being in Poverty after Spouse Disability Onset

Probability of Poverty

(1) (2) (3)
All Individuals All Individuals Age<70 Only

Has LTCI x Has Disability -0.025+
(0.015)

Has LTCI x Four Years Before Shock 0.024 0.101
(0.022) (0.096)

Has LTCI x Two Years Before Shock 0.018 0.066
(0.023) (0.072)

Has LTCI x Year of Shock -0.003 0.006
(0.023) (0.053)

Has LTCI x Two Years After Shock -0.059*** -0.069*
(0.017) (0.027)

Has LTCI x Four Years After Shock 0.014 0.064
(0.049) (0.141)

Mean Poverty Rate After Disability 0.097 0.097 0.130
Number of Families 9,228 9,228 7,519
Number of Individuals 67,838 67,838 42,171

Note: The table displays treatment effects on a poverty indicator variable equaling 1 if the respondent’s household
income is below the poverty threshold. Standard errors are in parentheses. Has LTCI is an indicator variable that is
equal to 1 if the respondent’s spouse had LTCI. Has Disability is a dummy variable equaling 1 if the respondent’s

spouse experienced a disability shock. A disability shock is defined as the first year the spouse reported two or more
ADL limitations while they reported 0 ADL limitations in the previous wave. Column 3 limits the analysis to only
respondents younger than 70 years. Standard errors are clustered at the family level. Levels of significance: + 10%, *

5%, ** 1%, *** 0.01%.
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formal care options (such as nursing homes) cheaper, and we see nursing home use

increase. Because formal care take-up increases, informal caregivers have time to return

to work, generating more family income. Table 2.4 explores the poverty effects of this

substitution. Across all specifications, having long-term care insurance reduces the

likelihood of spousal poverty after a disability shock. The first column shows that on

average, the household poverty rate falls 2.5 percentage points or 26% after disability

onset if the disabled individual was insured.8 The dynamics of this response are reported

in column 2 and shown graphically in Figure 2.5. The graphical results suggest that

there were no significant differences in poverty trends between insured and uninsured

families before disability onset. The third column shows that these dynamics hold when

excluding individuals above age 70, likely because younger people are more likely to

increase work with insurance.9 Taken together, these results show that LTCI increases

labor force participation and decreases financial resources spent on caregiving, leading to

a modest decline in caregiver poverty.

Finally, Table 2.5 presents the effect of having LTCI, relative to having no insurance, on

other outcomes of interest. The point estimates go in the expected directions: insurance

increases divorce10, decreases co-residence with (and perhaps informal caregiving from)

children, increases the probability of hiring professional home care services, and decreases

the mortality rate of the disabled spouse, though most of the effects are measured

imprecisely. It is reassuring that having insurance does not significantly affect mortality

rates after disability onset, suggesting that changing mortality is not confounding the

8This measured effect is large, perhaps due to the small number of families in my sample who have
insurance, experience a disability shock, and are in poverty.

9Heterogeneous effects by age are discussed in more detail in the next section.

10Since disability onset decreases the divorce rate, having insurance may lessen the pressure that
potential caregivers feel to stay married to (and care for) their spouse. Having insurance may also lessen
the financial dependence of the disabled individual on their healthy spouse.
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Note: The figure displays regression coefficients and associated 90% confidence intervals for the difference in poverty
rate between insured and uninsured families after a disability shock, i.e. the reported coefficients from Table 2.4
column 2. The coefficients before the shock are normalized to zero. The outcome variable is an indicator variable

equaling 1 if the respondent’s household income is below the poverty threshold.

Figure 2.5: Effect of Having Insurance Relative to No Insurance on Probability of Being in Poverty, Before
and After Disability Onset

estimated effect of insurance on other outcomes in the above regressions. Perhaps

surprisingly, having insurance increases monetary transfers from children to adults,

although again, the results are insignificant.

2.7 Heterogeneous Effects

2.7.1 Age, Education, Child Proximity, and Gender

Figure 2.6 depicts heterogeneous effects of insurance on work, by age, education, child

proximity, and gender. Again, we see that insurance coverage increases the likelihood of

work for the caregiving spouse and that this effect is larger for younger individuals not
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yet retired in Figure 2.6a.11 Figure 2.6b depicts LTCI effects by education level. Overall,

having insurance has a larger effect on work for spouses with a high school education or

less. Because less educated families have a lower opportunity cost of work, they are more

likely to provide informal care when their spouse falls ill. Therefore, insurance is more

able to affect the work responses of these spouses. Figure 2.6c depicts heterogeneous

results by child proximity. The effect of insurance on work is larger for families who have

children living nearby. If a child lives within 10 miles of their parents, the family has an

additional source of informal care when a parent experiences a disability shock; thus,

the cost of informal care for these families is lower than for others. Insurance would be

expected to have a larger effect in these families because they would be more likely to use

informal care in the absence of private insurance. Figure 2.6d depicts the effect of having

LTCI after a disability shock by gender. Ex ante, we might expect insurance to have a

larger effect on female spouses, because they are more likely to be informal caregivers.

However, there are no significant differences in work patterns across gender.

Figure 2.7 depicts heterogeneous effects on co-residence rates (a proxy for informal

caregiving) by demographic groups. Among younger families, co-residence falls after

disability onset. However, unlike the patterns of work in Figure 2.6a above, co-residence

decreases similarly for older, as well as younger, families. This is because age affects

nursing home entry as well; at disability onset, older spouses are less able to provide

informal care, and thus are more likely to use nursing homes or other professional

services after disability onset. Figures 2.7b and 2.7c confirm the above findings that less

educated families and those with nearby children are less likely to provide informal care

when they have insurance, thus providing them the time to return to the labor force.

Figure 2.7d shows that, with insurance, wives are more likely to decrease informal care

for their ill husbands than vice versa. This could be because wives are more likely to

11See Appendix A Table B.2 for additional analyses on work effects by age.

59



(a) Effect of LTCI on Employment Rate, by Age (b) Effect of LTCI on Employment Rate, by Education

(c) Effect of LTCI on Employment Rate, by Child
Proximity (d) Effect of LTCI on Employment Rate, by Gender

Note: The figure displays regression coefficients and associated 90% confidence intervals for the difference in work
outcomes between insured and uninsured families after a disability shock, from a regression of each indicator outcome

variable on LTCI status interacted with dummy variables for each wave before and after the disability shock. The
analysis for each demographic group is limited to only those respondents that belong to the specified demographic
group. All coefficients before the shock are normalized to zero. Standard errors are clustered at the family level.

Figure 2.6: Effect of Having LTCI on Employment After Disability Onset, by Age, Child Proximity,
Education, and Gender
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provide informal care than husbands, so there are more opportunities to substitute to

formal care when insurance is available. However, women don’t necessary increase labor

force participation when using formal care.12

2.7.2 Disability Severity

The severity of the spouse’s disability, measured as the number of ADL limitations a

spouse has, should also affect the magnitude of the insurance effect. The more help a

spouse needs, the more time intensive and difficult any informal caregiving must be, and

the less likely the informal caregiver can undertake any paid work. Table 2.6 confirms that

the benefit of LTCI increases with the severity of the disability shock. On average, each

additional spouse ADL limitation increases the likelihood of nursing home utilization by

2.2 percentage points and increases the likelihood of caregiver labor force participation

by 1.9 percentage points.

2.7.3 Medicaid Effects

The above analyses excluded families with Medicaid from the analysis sample. However,

Medicaid also covers long-term care expenses. It pays daily allowances for formal care

after the onset of a disability. Therefore, it should have the same effects on potential

caregivers as private LTCI. Table 2.7 shows that this is true. Excluding families with LTCI

from the analysis, having Medicaid also decreases informal caregiving, increases nursing

home usage, and increases caregiver labor force participation.

12They may feel less pressure to increase work because males are traditionally the primary breadwinners
in the family.
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(a) Effect of LTCI on Co-residence, by Age (b) Effect of LTCI on Co-residence Rate, by Education

(c) Effect of LTCI on Co-residence, by Child Proximity (d) Effect of LTCI on Co-residence, by Gender

Note: The figure displays regression coefficients and associated 90% confidence intervals for the difference in
co-residence outcomes between insured and uninsured families after a disability shock, from a regression of each
indicator outcome variable on LTCI status interacted with dummy variables for each wave before and after the

disability shock. The analysis for each demographic group is limited to only those respondents that belong to the
specified demographic group. All coefficients before the shock are normalized to zero. Standard errors are clustered at

the family level.

Figure 2.7: Effect of Having LTCI on Spousal Co-Residence After Disability Onset, by Age, Child
Proximity, Education, and Gender
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Table 2.6: Effect of Disability Severity after Disability Onset

(1) (2) (3) (4)
Living with Spouse Spouse in NH Any Wk Full-Time Wk

Has LTCI x Number of ADLs -0.016+ 0.022* 0.019* 0.013*
(0.009) (0.010) (0.008) (0.006)

Has LTCI 0.002* 0.001 -0.004 0.013
(0.001) (0.001) (0.009) (0.009)

Number of ADLs -0.005 0.017*** -0.007 -0.003
(0.003) (0.004) (0.005) (0.004)

Mean Dependent Variable 0.988 0.005 0.370 0.246
Number of Families 10,003 10,003 10,003 10,003
Number of Individuals 91,880 91,880 91,880 91,880

Note: The table displays treatment effects on indicator outcomes based on difference in difference regressions.
Standard errors are in parentheses. Has LTCI is an indicator variable that is equal to 1 if the respondent’s spouse had
LTCI. Number of ADLs counts the number of ADL limitations a spouse reports, given that they have experienced a
disability shock. The maximum number of ADLs reported is 5. A disability shock is defined as the first year the spouse

reported two or more ADL limitations while they reported 0 ADL limitations in the previous wave. The analysis
sample excludes families qualifying for Medicaid. Standard errors are clustered at the family level. Levels of

significance: + 10%, * 5%, ** 1%, *** 0.01%.
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Table 2.7: Effect of Medicaid after Disability Onset

(1) (2) (3) (4)
Living with Spouse Spouse in NH Any Wk Full-Time Wk

Has Medicaid x Has Disability -0.107*** 0.136*** 0.062** 0.063**
(0.022) (0.025) (0.024) (0.020)

Has Medicaid -0.022+ 0.031** -0.111*** -0.092***
(0.012) (0.010) (0.021) (0.018)

Has Disability 0.002 0.022** -0.034* -0.034**
(0.007) (0.008) (0.015) (0.012)

Mean Dependent Variable 0.984 0.009 0.358 0.233
Number of Families 8,796 8,796 8,796 8,796
Number of Individuals 71,545 71,545 71,545 71,545

Note: The table displays treatment effects on indicator outcomes based on difference in difference regressions.
Standard errors are in parentheses. Has Medicaid is an indicator variable that is equal to 1 if the respondent’s spouse
has Medicaid. Has Disability is a dummy variable equaling 1 if the respondent’s spouse experienced a disability shock.
A disability shock is defined as the first year the spouse reported two or more ADL limitations while they reported 0
ADL limitations in the previous wave. The analysis excludes families with private LTCI. Standard errors are clustered

at the family level. Levels of significance: + 10%, * 5%, ** 1%, *** 0.01%.
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2.8 Matched Sampling Analysis

Because relatively few families have LTCI, the baseline analysis sample is unbalanced.

The size of the control and treatment group are very different, and the two groups may

not be very comparable. This may generate noisy estimates of the effect of insurance

provision. Therefore, as a further robustness check, I implement a matched sampling

procedure to select a more comparable control group to efficiently identify the covariates

of interest (Rosenbaum and Rubin (1985)). I estimate a difference-in-difference design

in which I compare families that experienced a disability shock in a given year to a

comparison group of families (placebo families) with similar lagged characteristics but

did not experience a shock, then further compare the difference in outcome changes

between families who had insurance and families who do not. The first year a family

experiences a disability shock is the first interview wave in which the husband reports at

least two ADL limitations.

2.8.1 Sampling Methodology

Following Jäger (2016), for each family that experienced a disability shock that began

in year y, I record a set of baseline characteristics of that family in year y-4. For each of

these families, I then find a comparison family with the same baseline characteristics in

year y-4 from the pool of families that did not experience a disability shock in any given

year. The baseline characteristics I match on are: LTCI status, age quintile, education

level of each spouse, wealth quantile, spouse age, work status, gender, and spouse heart

conditions, chest pain, lung, and memory conditions. By matching on the husband’s

health variables, I control for his future health risk to further increase the likelihood of

health shock exogeneity.

The use of a matching procedure assumes that, conditioning on observable covariates,
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we can take assignment to treatment to have been random and that unobservables play no

role in the treatment assignment (Dehejia and Wahba (2002)). A match is found for 53%

of respondents who experienced a disability in my sample. I discard families who have

no matches and select a control family with the highest propensity score when multiple

potential matches are available. Table 2.8 shows that the matched sample produces very

similar insured and uninsured samples.

Using this sample of matched pairs, I estimate a difference-in-difference model of the

form:

yi = β1insuri ∗ disabilityshockit + β2insuri + β3disabilityshockit

+ insuri ∗ yeart + yeart + εit (2.2)

where yit is outcome for (potential) caregiver in family i (outcomes include whether

work, in poverty, spouse in nursing home, and whether hire professional home care

help), insur is a dummy variable that indicates whether the husband has long-term

care insurance, and disabilityshock is a dummy variable that indicates that the spouse is

reported to have at least two ADL limitations. Again, the identifying assumption is that

the onset of a disability shock is exogeneous conditional on the covariates included in the

model. All standard errors are clustered at the family level.

2.8.2 Matched Sampling Results

Table 2.9 shows the results from estimating equation 2.2 using the matched control group.

The onset of a chronic condition increases the likelihood of caregiver poverty, but having

insurance decreases the probability of poverty by 3 percentage points and increases labor

force participation by 10 percentage points. The effect of LTCI on nursing home use is

positive and significant. While the magnitudes of the estimated effects are larger than
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Table 2.8: Characteristics of Families Experiencing Disability and Control Families, Matched Sample

No Disability Experienced Disability

Age 69.58 70.03
(9.874) (10.53)

Post HS Education 0.338 0.321
(0.473) (0.467)

Black 0.0607 0.0513
(0.239) (0.221)

Female 0.575 0.567
(0.494) (0.496)

Number of Children 3.439 3.590
(2.033) (2.211)

Child Lives <10 Miles 0.542 0.560
(0.498) (0.496)

Any Work 0.236 0.229
(0.425) (0.420)

Full-Time Work 0.145 0.140
(0.353) (0.347)

Spouse has Health Insurance 0.669 0.622
(0.471) (0.485)

Spouse has LTCI 0.185 0.164
(0.388) (0.370)

Individuals 2833 3119

Note: The first column shows summary statistics for selected control individuals whose spouses never experience any
disability shock. Standard deviations are reported in parentheses. The second column shows summary statistics for

selected treated individuals for which a control individual was found. Post HS Education is a dummy variable
equaling 1 if the respondent indicates more than 12 years of education. Any Work is a dummy variable indicating 1 if
the respondent reports working more than 0 hours per week on average. Spouse has Health Insurance is a dummy

variable equaling 1 if the respondent indicates that their spouse has health insurance, not including LTCI. See text for
details on sample selection.
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in the main analysis, the significance and effect signs are confirmed by the matching

analysis.

Table 2.9: Effect of Having Insurance on Various Outcomes, Using a Matched Control Sample

(1) (2) (3) (4)
Probability of Poverty Full-Time Work Living Together Spouse in NH

Has LTCI x Has Disability -0.027 0.097+ -0.070+ 0.098*
(0.019) (0.053) (0.041) (0.046)

Has Disability 0.035* -0.038+ -0.065*** 0.092***
(0.015) (0.020) (0.013) (0.013)

Mean Dependent Variable 0.059 0.146 0.978 0.022
Number of Families 874 920 920 920
Number of Individuals 4,096 5,753 5,753 5,753

Note: The table displays treatment effects on various indicator outcomes based on difference in difference regressions
using a matched control sample. Standard errors are in parentheses. Has LTCI is an indicator variable that is equal to

1 if the respondent’s spouse had LTCI. Has Disability is a dummy variable equaling 1 if the respondent’s spouse
experienced a disability shock. A disability shock is defined as the first year the spouse reported two or more ADL

limitations while they reported 0 ADL limitations in the previous wave. Standard errors are clustered at the family
level. Levels of significance: + 10%, * 5%, ** 1%, *** 0.01%.

Figures 2.8 and 2.9 shows the dynamic effects of LTCI in the matched sample. Having

insurance after disability onset decreases caregiver poverty in the short run, though there

is evidence of slight differential pre-trends in Figure 2.8 between insurance groups which

may bias the estimated effect. In the data, the drop in the poverty rate is approximately

3 percentage points in the first post-shock period and is equal to 8 percentage points

after 2 years. This suggests the beneficial effects of insurance, either from maintaining

attachment to the labor force or reducing income spend down, persists over at least a

short amount of time.

Figure 2.9a documents the dynamic effects of the treatment on full-time work. In the

wave the shock was reported, the likelihood of spouse full-time labor force participation

68



Note: The figure displays regression coefficients and associated 90% confidence intervals for the difference in poverty
rate between insured and uninsured families after a disability shock from a regression of the indicator outcome

variables on LTCI status interacted with indicator variables for each survey wave before and after the disability shock.
The coefficients before the shock are normalized to zero. The regression analysis compares the treatment group with a

matched control sample. See text for details on sample construction.

Figure 2.8: Poverty Effects of LTCI on Spouse Caregivers after Disability Onset, using Matched Control
Sample

increases 2 percentage points if the unhealthy spouse has LTCI. The likelihood of em-

ployment increases as time from disability shock increases; families with insurance are

significantly more likely to work two years after a disability shock than families that do

not. The longer run effects are indistinguishable from zero in the data.

Figure 2.9b shows that this effect could be driven by the fact that having insurance

frees families from a caregiving constraint. Because insured families increase professional

care usage, healthy spouses can maintain attachments to the labor force after disability

onset that translates to larger employment effects in the long term. For outcome variables

in panels (b) and (c), the pre-trends leading up to shock are statistically indistinguishable

from zero which suggests that the outcomes in the non-insured group can be used to

proxy what would have happened in the treatment group had the shock not occurred.
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Overall, the dynamic effects of LTCI are very similar in the main and matched analysis.

2.9 Discussion and Conclusion

In this project, I provide evidence of the positive effects of long-term care insurance

coverage on spouse caregivers of individuals who buy private insurance. By comparing

outcomes of families with and without insurance after a disability shock, I show that

having insurance increases the likelihood that spouse caregivers increase labor force

participation up to four years after their spouse experiences a chronic disability. This

result could be driven by the fact that having insurance increases the use of professional

long-term care services and reduces informal care provision. Because caregivers can use

formal care instead of providing care themselves, LTCI allows them the option to stay at

work and increase household income.

There are several limitations to this analysis. First, many of the estimated effects are

imprecise due to the small sample sizes used. Since a small number of families buy LTCI,

and a small share of these families experienced disability shocks during the surveyed time

period, the number of observations available to identify effects is low. Second, because

the decision to buy LTCI is not random, the results estimated in this study may not be

generalizable to a larger population. For example, LTCI may be bought by families who

like to work. If, contemporaneous with the onset of disability, insured families decide

they would like to work more as a response to the health shock, the estimated positive

effect on work found in the study may be larger than the average work effect of insurance

in the population at large. Third, any conclusions regarding the welfare effects of LTCI are

highly dependent on whether insurance purchasers are perfectly rational. For example, if

insurance purchasers took the negative financial effect of a spouse disability into account

when the purchasing decision was made and decided that they would prefer to provide
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(a) Effect of LTCI on Full-Time Work

(b) Effect of LTCI on Spouse Nursing Home Usage

Note: The figure displays regression coefficients and associated 90% confidence intervals for the difference in
employment and nursing home use rate between insured and uninsured families after a disability shock from a

regression of the indicator outcome variables on LTCI status interacted with indicator variables for each survey wave
before and after the disability shock. The coefficients before the shock are normalized to zero. The regression analysis

compares the treatment group with a matched control sample. See text for details on sample construction.

Figure 2.9: Dynamic Effects of LTCI on Spouse Caregivers after Disability Onset, using Matched Control
Sample
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informal care, by the law of revealed preference, increasing LTCI coverage would not

enhance individual welfare.

Still, these results add to previous studies that find that without insurance, informal

caregiving presents a significant financial burden for children and other family caregivers.

Given that the population is aging and the private LTCI market is failing, the growing cost

of long-term disability will increasingly be borne by U.S. families. These findings imply

that new financing solutions for the chronically ill and their spouses should continue to

be explored. Policymakers should take care to identify all benefits of potential market

interventions. Furthermore, there may be a reason for government subsidization of LTCI

policies, because not all benefits of LTCI provision may be accounted for in the private

insurance market. If LTCI also protects spouses from impoverishment, it may reduce

the financial cost of government means-tested programs in the future, helping better

target government resources to those who truly need them. Further research is needed to

identify the magnitude of cost savings that would result from this course of action.
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Chapter 3

The Welfare Effects of Political Cycles in

the Long-Term Care Insurance Market1

3.1 Introduction

The long-term care insurance (LTCI) market today is characterized by high premium

growth and consistently underpriced policies. Because all prices in this market must

be approved by insurance regulators, regulatory behavior has a significant impact on

market outcomes. In Chapter 1, we discuss reduced form results that show that price

adjustment frictions stemming from regulator election cycles are correlated with lower

company profits. This may lead to higher average price increases for consumers or

increased company dropout, decreasing the availability of socially valuable insurance. In

this chapter, we calibrate a stylized structural model of the LTCI market to quantify the

effect of these pricing frictions on market stability as well as simulate other counterfactual

scenarios. To our knowledge, we are the first to apply an economic model to the issue of

product mispricing.

1Co-authored with Weiling Liu, Harvard University

73



In our structural model, high premiums lower consumer surplus but increase insurer

profitability. Regulators, who must approve premium increases, trade off consumer

welfare with expected company profits. In each period, regulators decide on a maximum

allowable rate increase on a particular LTCI policy, considering various factors such as

expected future profits, the election cycle schedule, and the consumer demand elasticity.

Companies then decide whether to pay a fixed application cost to obtain this increase.

They drop out of the market when expected profits become negative. This game is

repeated over an infinite time horizon and equilibrium dropout rates and premiums are

calculated. Ultimately, using our calibrated model, we explore counterfactual cases where

election cycle pressures are removed and when the magnitude of unexpected cost shocks

is reduced.

3.1.1 Related Literature

Our paper combines and extends the contributions of three research topics: the causes of

LTCI market failure, the effect of regulation on equilibrium supply in health insurance

markets, and the structural estimation of infinite horizon games. First, past research on

the determinants of the small private LTCI market size have largely focused on demand

side inefficiencies, namely adverse selection. Oster et al. (2010), Coe et al. (2015), Ko

(2016), Mommaerts (2015) all demonstrate that individuals who are more likely to use

nursing homes are more likely to purchase long-term care insurance. A related literature

shows also that demand for the product itself is low (Brown and Finkelstein (2007), Brown

and Finkelstein (2008), Braun et al. (2018), Lockwood (2014)).

Supply-side frictions in this market have been largely understudied. Brown and

Finkelstein (2007) and Braun et al. (2018) document evidence of imperfect competition,

large transaction costs, and the inability of insurers to diversify aggregate risk. Many

actuarial reports (see Rubin et al. (2014), Cohen (2016), Eaton (2016)) also suggest that
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LTCI has historically been hard to price. Building on these studies, our paper looks at

how a supply-side pricing friction, namely pricing regulation, has contributed to lower

insurance demand and accelerated insurer exit. We suggest that lower profits caused

by this pricing friction, in addition to adverse selection, can partly explain the market

unraveling (i.e. declining coverage and rising prices) we see in the LTCI market today.

In addition, many papers have modeled how regulation affects company behavior,

such as investment and production decisions (Lim and Yurukoglu (2018), Wolak (1994),

Abito (2014)). In the context of the health insurance industry, many papers have looked at

how one type of price regulation, community pricing, affects equilibrium coverage rates

(Simon (2005), Zuckerman and Rajan (1999)) and other equilibrium outcomes (Ericson

and Starc (2015), Finkelstein et al. (2009), Geruso (2017), Clemens (2015)). However, no

papers have yet looked at the role of maximum price rules (such as minimum loss ratios)

on company dropout and in the specific context of the long-term care insurance industry.

Finally, our model estimation procedure borrows from a robust literature that models

infinite horizon dynamic games, such as Lim and Yurukoglu (2018), Bajari et al. (2007),

Pakes et al. (2007), Pesendorfer and Schmidt-Dengler (2008), Aguirregabiria and Mira

(2007), and Ko (2016).

3.2 Background on the Long-Term Care Insurance Market

Long-term care insurance was created to help protect the elderly from large formal

caregiving and assisted living expenses late in life. Formal care costs include nursing

home fees and salaries paid to professionals from home care agencies for the care of

individuals with chronic and debilitating medical conditions. Long-term care needs tend

to rise with age, as declines in physical or mental abilities increase. Almost seven out of

ten people turning age 65 today will experience, at some point in their lives, functional
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disability and will need some paid or unpaid help with basic daily living skills (Doty and

Shipley (2012)).

Prior to the introduction of LTCI, the elderly had only two options for financing formal

care.2 Medicaid covers formal long-term care expenses, but the program is means-tested,

and eligibility requires the spend down of most of recipients’ remaining assets. Medicare

does not cover long-term care costs. Without Medicaid coverage, the elderly paid for

expenses out-of-pocket. In 2012, average nursing home costs were $87,235 per year for a

single occupancy room and $78,110 per person for double occupancy, while the median

income of males and females age 65 and older was $27,612 and $16,040, respectively (Doty

and Shipley (2012), U.S. Census Historical Income Table P-8). Kemper et al. (2005) suggest

that, among 65-year-olds, 60% will incur, on average, $100,000 in formal care costs during

their remaining life, and 5% will spend more than $300,000 in 2017 dollars. Because of

the high cost of formal care, it is unsurprising that most families turn to informal care,

unpaid care generally provided by family members (Van Houtven and Norton (2004),

Charles and Sevak (2005), Van Houtven and Norton (2008), Coe et al. (2015), Mommaerts

(2018)). Using data from the Health and Retirement Study, Ko (2016) finds that 62% of

individuals with long-term care needs receive some help from their children.

Typical long-term care policies are long-term contracts that provide beneficiaries

daily cash payments that cover a portion of facility care or paid home care. Generally,

the benefit trigger is the onset of two or more ADL limitations. Policies can vary by

benefit payment size, inflation protection features, and duration. Prices are higher for

policies with longer durations and higher benefit payments. They are also higher for

older customers. Contracts are guaranteed renewable and specify a constant and nominal

annual premium (Rubin et al. (2014)). However, if a consumer lapses on premium

2The 2010 Affordable Care Act proposed a public long-term care insurance option that compensated
family care called the Community Living Assistance Services and Supports (CLASS) Act. This provision
was repealed in 2013.
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payments, they forfeit all future long-term care coverage. Once bought, contracts cannot

be transferred.

Because of their long-term nature, these policies have proved to be difficult to price.

While there are few limitations on their underwriting guidelines, many of the initial

pricing assumptions made in the market have been incorrect. Interest rates in the last

two decades have been lower than expected. In addition, the assumed lapse rates (the

rates at which customers stop paying premiums) based on past disability insurance

experience were too high. These concerns imply that LTCI premiums became severely

underpriced over time (Cohen (2016)). To raise prices in this market, premium increase

requests must be submitted to and approved by a state insurance commissioner. While

mandatory minimum loss ratios were abolished in many states in 2000, in general,

insurance regulators still have a duty to make sure rates are “adequate" and prevent

insurance companies from overpricing policies (Rubin et al. (2014)). Still, correcting for

this mispricing has proved challenging. As Table 3.1 shows, over the past decade, claims

have risen over three times as fast as premiums, even as the industry has grown more

concentrated. This suggests that either pricing frictions were preventing prices from

adjusting quickly enough, that costs were unpredictable, or some combination of both.

Election Cycles and Insurance Premiums

As Chapter 1 shows, regulators often influence market prices based on political reasons.

We exploit differences in the timing of state commissioner election cycles as exogeneous

variation in regulator stringency; we propose that as regulators approach re-election, they

have a strong incentive to pay more attention to the welfare of their constituents, which

leads to lower rate increases. Table 3.2 reports the estimated effects of election cycles using

data from insurance filings with the National Association of Insurance Commissioners

(NAIC). Columns (1) and (2) show that as the number of years left in the regulator’s term
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Table 3.1: Summary of Key LTCI Industry Parameters ($ Millions)

Industry Parameters 2000 2014 Change

Earned Premiums $5,155 $11,530 123%
Incurred Claims $1,870 $8,731 366%
Loss Ratio3 36% 76% 111%
Incurred Claims to Premiums Earned (cumulative) 34% 48% 41%
Number of Covered Lives 4,497,120 7,249,783 61%
Industry Concentration: Number of Covered Lives
Top 5 Insurers 41% 56% 37%
Top 10 Insurers 63% 71% 13%
Top 20 Insurers 81% 85% 5%

Table statistics taken from Cohen (2016).

decreases, LTCI premiums also decrease by 0.17 percentage points.

Election Cycles and Insurer Dropout

Concurrent with the rise in claims over the past two decades, insurers have been rapidly

exiting the market. Seven out of the top ten carriers in 2001 have dropped out of the

market today, and the top 10 carriers now account for 92% of sales, relative to 66% in

2001 (Gallanis et al. (2017)).

For insurers to stay in the market, they must be able to stay profitable. Because

all price increases must be approved by regulators, insurance commissioners have a

significant effect on market outcomes. As the previous section showed, regulators are

influenced by election cycles, which lower insurer profits. Using data from NAIC filings

from 1995-2008, we show in Figure 3.1a that annual profit growth is higher in states

where elections cycles are estimated to have a smaller effect on premium increases.4 In

4These are the only years for which expectations data are available.
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Table 3.2: Effect of Election Year on Average Premium Increase (%)

Annual Increase (%)

(1) (2)

Years Left in Term 0.17* 0.17*
(0.07) (0.07)

Constant 2.06*** -1.67**
(0.52) (0.54)

Mean Dependent Variable 2.70 2.70
State FE and Year FE Yes Yes
Company FE No Yes
Number of Observations 51,437 51,437
R-squared 0.01 0.03

Note: The table displays the effects of regulator election cycle on average LTCI premium increases (measured in
percentage points). Standard errors, in parentheses, are clustered by state. Levels of significance: + 10%, * 5%, ** 1%,

*** 0.01%.

Figure 3.1b, we show that cumulative dropout rates since 2009 are also lower and slower

in these same states.5 Together, these graphs suggest that regulatory frictions may have

contributed to the shrinking size of the LTCI market by lowering insurer profits. We turn

now to a model of the insurance industry that can explain these patterns.

3.3 Model Exposition

We illustrate the effect of regulation on prices and dropout in the LTCI market by

specifying a stylized infinite-horizon dynamic game between a regulator and a given

5Dropout data are based on which companies submitted advertising material for regulatory approval
in the NAIC SERFF database in each year and state.
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(a) Cumulative Total Profits (b) Cumulative Dropout Rates

Source: Author’s calculations using the California Long-Term Care Rate and History Guide and NAIC LTC
Experience Reports. Note that high friction states are states where election cycles are estimated to have a larger effect
on regulator behavior. We identify whether a company has dropped out of the state market if we do not see any filing

for LTCI advertising approvals in the NAIC database. Dropout rates are cumulated since 2009. See Chapter 1 for
details.

Figure 3.1: The Correlation Between Regulator Stringency, Cumulative Profits, and Dropout Rates

LTC insurer j. In the model, we assume that each insurer j sells one policy, and pj is the

price of that policy. (Alternately, pj could be conceptualized as the average price of all

the policies sold by insurer j, weighted by the number of customers buying each policy.)

Each period, both players observe a random cost shock θ that the company faces. For

example, θ could be additional costs that were not anticipated by the company such as

lower than expected lapse rates or unpriceable costs due to adverse selection. Given this

information, the regulator chooses a maximum allowable per-person premium increase,

p̂, for company j’s LTCI policy, trading off maximizing company and consumer welfare.

After the insurer observes the regulator’s choice, it decides whether or not to spend

a fixed application cost to obtain that rate increase.6 If the company expects to make

negative profits over all future periods, then it will drop out of the market.

6This timing assumption is imposed to avoid the issue of multiple equilibria.
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The state space consists of the insurer’s average annual premiums collected per person

p, average annualized claims per person t, and the years left until the regulator faces

re-election y. Each period is one year. The players discount future payoffs with discount

factor β.

Because we focus on price inefficiencies in this paper, we focus on only one insurer and

abstract away from market structure considerations. This is a reasonable simplification;

as discussed in section 3.3.3, the calibrated substitution elasticities across insurers in

this market are small, so the behavior of any one firm in this market does not affect its

competitors. In addition, there are still many firms in the LTCI market today, each with

small market shares. Effectively, we assume each of these insurers is perfectly competitive.

3.3.1 Model: Consumer Demand

In our model, there are a finite number of consumers in the LTCI market, I, each of whom

has logit demand over the J LTCI insurers in his or her state. That is, in each period,

consumer i’s utility from insurer j is

Uij = β j − αpj + εij

where εij is i.i.d and follows an extreme value distribution with mean 0. β j is an unob-

served company fixed effect, and pj is the price of company j’s LTCI policy. Consumers

can also choose the outside option which is to buy no insurance (j=0). The price of

policy 0 is always 0. Because consumers do not have any expectations of future price

changes, the consumer’s problem is not dynamic; in each period, the consumer either

chooses to continue to pay the premium and remain covered by the policy or switch to

another policy, including the outside option. Theoretically, this specification suggests

that consumers can costlessly switch between all policies j, j 6= 0. This is not always true

because switching policies requires forfeiting all past premium payments to the existing
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insurer and facing a higher new premium. However, this is accounted for when demand

elasticities are estimated from the data; prices will have a smaller effect on demand, and

the estimated parameter α will be lower, than when switching costs are zero.

One benefit of assuming logit demand is that α and β can be easily estimated. It

follows that the market share sj of company j is

ln sj = β j − αpj + ln s0 − c (3.1)

where s0 is the percentage of participants in the market who choose to buy no insurance

and c is the average utility of these participants. We estimate αj, β j using instrumental

variables, because pj could be endogeneously correlated with sj.

3.3.2 Model: Insurer Problem

On the supply side of the model, the per-period insurer payoff, uj(ω, pj, tj, y, θj; ν), is

equal to per-period profits. As long as a company has not dropped out of the market,

profits are a function of the total customers, N = sj ∗Q7, average unit price pj, annualized

unit cost tj, regulator years left in term y, application cost AppCost, maximum allowable

rate increase p̂j, and current period cost shock θj:

uj(ω, pj, tj, y, θj; ν) = (pj ∗ (1 + p̂j ∗ 1(applyj = 1))− tj ∗ (1 + θj)) ∗ Nj

− AppCost ∗ 1(applyj = 1) + ScrapValue (3.2)

In this equation, ν is the vector of model parameters [AppCost, ScrapValue, α, β j]. ScrapValue

can be thought of as the inherent value of the insurance business line, including earned

interest income and cost of equity capital Nissim (2010).8 In addition, ω(pj, tj, y, θj) =

7Q is the total number of consumers in the market.

8There is additional value to staying in the business since companies may not costlessly exit and re-enter
the market. To sell LTCI, companies must have up-to-date licenses, actuarial models, sales staff, and most
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{ω j, ωr} is defined as a strategy profile comprising of a set of current and future decision

rules for the insurer, ω j, and regulator, ωr. More specifically, a strategy (i.e. policy

function) for firm j is a mapping ω j from the common state space and the range of the

cost shock distribution to the set of choices {applyj, dropj}. A strategy for the regulator is

a function ωr from the common state space and the range of the cost shock distribution

to the set of choices {p̂j}.

The insurer’s dynamic problem is to choose application applyj and dropout dropj

behavior in each period to maximize:

Vj(pj, tj, y; ω, ν) = max{0, uj + βE[Vj(p′j, t′j, y′; ω, ν)|pj, tj, y, ω, ν]} (3.3)

where p′ is next period’s premium level and t′ is next period’s claims. If the maximum is

the first term inside the curly brackets, the incumbent drops out; the insurer stops selling

new policies. Profits are subsequently zero in all periods thereafter.

3.3.3 Model: Regulator Problem

Regulators protect consumer welfare by preventing insurers from charging rates above

actuarily fair costs. When setting prices, regulators trade off increasing profits with

reducing consumer value. In addition, if the probability of re-election increases with

consumer surplus CVj, regulators may place more weight on CVj as the number of years

left in their term decreases. Therefore, in our model,in each period that company j is in

business, the regulator chooses an allowed rate increase p̂ to maximize:

Vr(p, t, y; ω, ν) = E[CV(p, ω; ν)]0.5 ∗ E[Vj(p, t, y; ω, ν)]0.5︸ ︷︷ ︸
geometric mean of consumer surplus and profits

+ γ ∗ CV(p, ω; ν)/yκ︸ ︷︷ ︸
re-election pressure

(3.4)

importantly, customer trust (Eaton (2016), Cummins and Danzon (1997), Cohen et al. (2013)).
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γ and κ are parameters to be estimated. The first term is a Cobb-Douglas function of

consumer surplus and insurer profit, where the regulator places equal weight on both

variables. While the stated purpose of many commissioner offices is to protect consumers

only, in practice, some regulators maintain close social and professional ties with industry

leaders. After their tenures, many commissioners become industry consultants or take

positions on insurance company boards. It is likely that these regulators weight insurer

profits highly. Thus, we take a neutral stance and assume that consumer and insurer

surplus are equally important to regulators. This is also equivalent to assuming that

regulators maximize total social surplus, which is also a reasonable goal for regulators to

have. If the true consumer surplus weight is higher than 0.5, our estimate of γ, the overall

level of importance regulators assign to re-election, will be overestimated. However, the

relative welfare effects of each counterfactual scenario should be unbiased, because the

higher estimated γ from this calibration compensates for the low consumer welfare weight,

leaving average optimal prices unchanged. Note that both the insurer and regulator have

accurate expectations over the cost shock distribution. Lim and Yurukoglu (2018), who

also estimate the effect of regulation on industry prices, use a similar functional form.

In the second term in equation 3.4, regulators place more weight on CV as years

left in term, y, decreases. Intuitively, this allows regulators to become more sensitive

to the wishes of their electorate as they approach election (Canes-Wrone et al. (2001),

Maskin and Tirole (2004)). It is important to note that this functional form does not fully

capture the mechanism behind regulator election cycles. Realistically, the regulator does

not directly get more utility from consumer surplus as he or she approaches re-election.

Instead, the mechanism is more convoluted; for example, the regulator might enjoy

prestige, and thus, derive utility from being re-elected and staying in office. This is more

likely if he or she places a higher weight on consumer surplus, since it will present a

more favorable image to the electorate. Our re-election term captures this intuition in
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a reduced-form way, which leads to faster model estimation. γ can be interpreted as

the overall level of importance regulators assign to re-election, and κ represents how

much re-election pressure the regulator faces across the election cycle. The inclusion of a

non-zero κ improves the fit of the model. Our findings are robust to specifications where

the election cycle pressure term can be linear, i.e. γ ∗ (5− y)κ. Even in this case, the

model still converges to a κ not equal to 1.

Following from consumer demand, expected consumer surplus is calculated as the

discounted sum of average consumer surplus for company j from all future periods,

i.e. E[CV(pj, ω; ν)] = ∑∞
m=0 βmE[(β j − αpjm) ∗ Njm|pj0 = pj; β j, α]. Changes in CV will

capture the utility change of all current customers of company j. For simplicity, we do not

include the welfare effects of company j price changes on consumers of other companies

(just like we do not include the effect of company j price changes on the profits of other

companies). This understates the consumer (insurer) surplus change of all consumers

(insurers) in the market. However, this bias will be small, as the calibrated substitution

elasticities across companies are small, so any change to company j’s prices has little

effect on the prices of the other competitors. Empirically, the substitution elasticities

between LTCI insurers are small because there are high costs to switching policies across

companies. Lapsing on a policy forfeits all past premiums paid, and new policies are

more expensive given the older ages of lapsed customers.

Since the size of the market is assumed to be static, regulators do not consider the

consumer surplus of future consumers (consumers who are not yet 50 years of age).

We omit this component for simplicity. Calculating the change in consumer surplus of

future customers would require additional assumptions on average company utilities

for all other companies in the market as well as the distribution of εij for each future

consumer i and each company j. Since increased company dropout negatively impacts

future consumers because they have less choice when buying LTCI policies, this omission
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leads to lower overall price increases and worsens the fit of the model. However, it

does not qualitatively change how election cycle frictions affect prices and profits. The

incentives of each player are still unchanged (see Section 3.3.5).

Finally, because we cannot identify the premiums charged for new and legacy cus-

tomers separately in the data, we use a single elasticity estimate (single α) for both types

of consumers. Regulators have publicly stated that they evaluate prices based upon pro-

jected costs and do not price discriminate between old and new customers. Furthermore,

it is unclear whether existing or new customers should be more price sensitive. While

existing customers are locked into their contracts, they are also generally much older than

the customers and may be more price sensitive due to binding financial constraints. In

addition, because demand for LTCI is low in the general population, new buyers of LTCI

are those who really value LTCI and thus are also less price sensitive.

3.3.4 Equilibrium Definition

Following the definition used in Lim and Yurukoglu (2018), we define a strategy profile

to be a markov perfect equilibrium (MPE) if:

• The insurer’s policies are optimal given its value function and the regulator’s policy

functions.

• The regulator’s policy functions are optimal given its value function and the in-

surer’s policy functions.

• The insurer’s value function and regulator’s value function are equal to the expected

discounted sums of per-period payoffs implied by the policy functions of the

regulator and insurer.
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3.3.5 Discussion of the Game

The players’ incentives are as follows. Insurers always want to raise prices, since it strictly

increases profits if consumers do not drop their policies. On the other hand, regulators

care about the welfare of the company’s customers, which decreases as prices increase (if

companies do not drop out).

Therefore, even if a rate increase is needed for an insurer to maintain non-negative

profits in the current period, it will not necessarily be approved if the increase is large

in magnitude. Due to the long-term nature of the policies sold, any revenue shortfall

an insurer experiences in the current period will exist not only this year but will persist

in all subsequent years as well. When costs are rising each year, companies will require

ever higher future premium increases to maintain non-zero profits. These higher needed

increases are less likely to be approved, accumulating revenue shortfall over extended

periods of time. This lowers the present discounted value of insurer profits and increases

the probability of insurer dropout.

Regulator leniency also decreases throughout the regulator’s current election cycle.

When rate increases are needed, companies must trade off between obtaining a lower

increase immediately or waiting to request an increase until after an election. The

regulator will be more lenient after elections, but the required price increase to offset

profit shortfalls may be higher if unexpected cost shocks are rising quickly, and higher

price increases are less likely to be approved. Therefore, delays caused by election cycles

exacerbate cumulative losses and lower profits.
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3.4 Model Estimation

3.4.1 Data

We use several sources of data for the estimation of the model. Annual premiums

per company per state, claims per company per state, and covered lives are taken

from the long-term care insurance filings from the National Association of Insurance

Commissioners (NAIC). Beginning in 2009, any company that is approved to sell LTCI

policies in any state is required to submit a Long-Term Care Experience Report to the

NAIC.

Our average rate increase data come from the state of California. The insurance

commissioner of California requires the companies that currently sell LTCI policies in

his state to submit detailed information on all rate increases requested in all states from

2007-2016, and he has compiled this data in the California Long-Term Care Rate and

History Guide. Approximately 64% of all companies selling LTCI from 2009-2015 are

represented in these reports.

Because state-level information on whether a company is still selling new policies in

any given state and year is not collected by the NAIC, this information is inferred from

applications for LTCI advertising. We consider a company as dropped out if it does not

file for LTCI advertising approval in a given state in a given year. All companies must file

for approval before using an advertisement for LTCI. We obtain advertising request data

from the System for Electronic Rates and Forms Filing (SERFF) database, an electronic

database for recent NAIC filings.9

The total size of the LTCI market, N, is taken from the US census. It is calculated

9The SERFF system is designed to enable companies to send and states to receive, comment on, and
approve or reject insurance industry rate and form filings electronically. In 2010, over 565,000 filings were
processed through SERFF (NAIC (2011)). Though it was introduced in 2006, we collect SERFF ad data from
2009-2015, the years for which NAIC data is most complete.
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as the number of individuals aged 50 and over who do not have Medicaid, which is on

average 1.18 million customers per state per year. Company market shares are calculated

by dividing lives covered by each company by the total market size in each state and year.

Finally, we hand-collect data on state election cycles through the states’ Secretary of

State election results websites. Alaska, Virginia, New Mexico, and Oregon, which appoint

their commissioners without term limits, and New Hampshire and Connecticut, which

have missing data, are dropped from the sample.

We drop all observations that have any negative or missing values for any of the

variables (earned premiums, inforce count, incurred claims, price increase history, and

market share) listed above. This process drops the largest price increase observations

and data from the early years. Our final estimation sample has 2,803 company-state-year

observations, spanning the years 2009-2015. Table 3.3 provides descriptive statistics of all

variables in the sample.

3.4.2 Parameter Calibration

Demand Elasticity

We estimate α and β j from Equation 3.1 using the following equation:

log(ssjm)− log(ss0m) = β j − αpsjm + δs + ρm + φsjm − c (3.5)

for state s, company j, and year m. The estimating equation includes state, year,

and company fixed effects. Because prices and market share are endogenous (that is,

they are jointly determined), we use state insurance commissioner election cycles as an

instrumental variable for company premiums. As demonstrated in Chapter 1, election

cycles significantly affect insurance prices, but the prices of LTCI policies do not affect

state election cycles, making this a good candidate for a price instrument. We use a value
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Table 3.3: Estimation Sample Summary Statistics

Variable Mean Standard Deviation

Annual Total Claims (Mil) 4.44 9.79
Annual Total Premiums (Mil) 7.06 14.50
Lives in Force 4,164 8,491
Company Dropout 0.14 0.35
Election Year 0.26 0.44
Annual Approved Increase (%) 5.30 10.68
Annual Requested Increase (%) 7.93 16.33
Number of Policies Approved 2.55 7.96
Number of Increases Requested 3.38 9.00
Applied for Any Rate Increase 0.27 0.44
Market Share 0.0040 0.0081

Total Observations 2,803
Unique Companies 59

Note: All observations at the state, company, and year level. Election Year, Company Dropout, and Applied for Rate
Increase are binary variables indicating that the current observation is in an election year, that the current observation

is the last for the company in that state, and that an application for a rate increase was submitted, respectively.
Market share is defined as the number of covered lives for a company, state, and year divided by the total number of

50+ year-olds without Medicaid coverage in that state and year.
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of 0.00046 for α from our preferred specification.

In addition to estimating consumer surplus in each period, our estimate of α is used

to understand how market share sj for company j changes as pj changes. In each period,

the company is expected to start with its average market share over time. However,

when a company applies for a p̂ premium increase, per-person profit increases, but total

company profits and consumer welfare may also decrease as demand for company j

policies decrease. The inclusion of demand elasticities helps moderate the magnitude of

price increases and affects the transition probabilities between states. Because α is small, it

suggests that the effect of other competitors’ prices has a small effect on own demand. To

calculate these demand elasticities, we use the well-known relationship between market

share and price in logit demand (Levin (2009)),

∂sj

∂pj
= −α ∗ sj ∗ (1− sj)

∂sj

∂pk
= α ∗ sj ∗ sk

Other Calibrated Parameters

For the estimation, parameters β j and sj in equation 3.3.1 are set to represent a typical

company across all states and years. For our baseline calibration, we take the average of

all company fixed effects from the estimation of equation 3.5 to use as an estimate for

β j. We use 0.00275 (representing roughly 3,245 customers) as the starting market share

of company j. We use a vector of length 29, with elements ranging from 0.0000264 to

0.031308 for the market shares of company j’s competitors in the market.

Each period, the per-person cost shock a company faces is drawn from a normal

distribution with mean 352 and standard deviation 1354, the average and spread of

the difference in expected and actual claims per person found in the NAIC data from
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1995-2008. These are the only years that insurers reported state-level expectations data to

the NAIC. We fix the yearly discount factor of the players, β, at 0.86 (Lim and Yurukoglu

(2018)).

3.4.3 Estimation Steps

Overview

We estimate the cost to company j to apply for a price increase, AppCost, and the

value below which the company would find dropping out of the market more profitable,

ScrapValue, from equation 3.3. We also estimate parameters γ and κ that govern regulator

stringency from equation 3.4.

We estimate µ = (AppCost, γ, κ, ScrapValue) using a methodology based on a two-

step procedure for dynamic games following Bajari et al. (2007) and Lim and Yurukoglu

(2018). This method was first developed by Hotz and Miller (1993) and Hotz et al. (1994),

further refined by Pakes et al. (2007), Aguirregabiria and Mira (2007), and Pesendorfer

and Schmidt-Dengler (2008). This procedure avoids a computationally costly re-solving

of the full dynamic model to obtain optimal value and policy functions. Instead, in the

first stage, empirical policy functions are estimated from the data, and these estimates

are used to forward-simulate value functions. Then, these value functions are used as

continuation value function estimates to calculate optimal policy choices at each point in

the state space. Finally, we estimate the structural parameters by choosing the parameters

that generate the policy choices that most closely match key moments of the data.

Detailed Description

More specifically, the estimation procedure is as follows. We discretize the state space

into a three-dimensional matrix of 20 points for the price level, 20 points for the cost
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level, and 4 points representing each year of a regulator’s term. Given a set of candidate

parameters, we generate estimates of the continuation value functions for insurers and

regulators at each point in the state space.

To generate continuation values, we first estimate insurer and regulator actions (i.e.

policies) as functions of the three state variables: premium per person, cost per person,

and years left in term. That is, we obtain empirical estimates of the equilibrium decision

rules (also known as empirical policy functions), as a function of our state variables. For

simplicity, we calculate policies as linear functions of the state variables. By making

a parametric assumption on the form of the policy function, we can extrapolate the

empirical functions to states that are not observed in the data. We estimate three policy

functions: company rate increase application, size of requested price increase, and

company dropout.

Starting from each point in the state space, we forward-simulate insurer and regulator

actions for 100 periods, drawing a firm cost shock in each period from the assumed

distribution and summing the utility of each player given the drawn cost shock and

empirical policy functions across each period. We average the discounted sum of flow

payoffs over 100 simulated paths to estimate the continuation value of each point in the

state space.

Then, we estimate the optimal policy of the regulator and the company at each point

in the state space. The optimal policy will be the action that maximizes player utility,

given the estimated continuation values. To calculate how company j market share

changes if company j applies for a rate increase (because competitors might optimally

update their prices as well), we use successive competitor best-replies that maximize their

profit functions, beginning this process at the vector of initial market shares. We set the

competitor h best-reply at 1
1−sh

+ costh. This is derived from maximizing regulator utility

= (priceh − costh)
0.5 ∗ Nh, where Nh = Q ∗ dsh

dph
, conservatively assuming that regulators
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do not care about consumer surplus. This assumption will overstate competitor price

changes and provide an upper bound on the effect of competition in the market. As

representative company j updates pj, sh changes and updates optimal prices ph. We

assume all companies accurately predict these equilibrium market shares.

In practice, competitor prices approach convergence after one or two iterations of

competitor best replies, suggesting that there are only small effects on other companies

when one competitor updates pricing. This is likely because there are only small calibrated

substitution elasticities in this market.10

Intuitively, the policy actions observed in the data are optimal policies given the

true model parameters. Therefore, the estimated optimal policies stemming from the

calculated continuation values should minimize the targeted key moments of the data if

the candidate parameters equal the true parameters. Thus, the criterion function compares

these estimated optimal policies to the observed policies seen in the data. Following

Lim and Yurukoglu (2018), we construct a criterion function composed of the difference

between observed policies and predicted policies averaged over different points in the

state space.

10Therefore, keeping initial competitor shares constant over time is a reasonable simplification for the
model estimation.
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In summary, we match the following moments:

M(µ) =



1
Np,t,y

∑p,t,y
(

p̂(p, t, y)− ˆ̂p(p, t, y; µ)
)

1
Np,t,y

∑p,t,y
(
apply(p, t, y)− ˆapply(p, t, y; µ)

)
1

Np,t,y
∑p,t,y

(
drop(p, t, y)− ˆdrop(p, t, y; µ)

)
1
N ∑N

i=1 p̂i − ˆ̄̂p(µ)

1
N ∑N

i=1 applyi − ˆapply(µ)

1
N ∑N

i=1 dropi − ˆdrop(µ)



(3.6)

where x̂ for policy x denotes the optimal choice by the model at the candidate parame-

ters µ. In this case, N is the number of observations in our data sample. We minimize the

weighted sum of squares µ̂ = argmin
µ

M(µ)′WM(µ). The first three components of M(µ)

are the differences between estimated empirical policies and implied optimal policies

averaged across points in the state space. The next three components are the differences

in mean of outcomes across all observations. We can compute confidence intervals by

bootstrap because we abstract away from market structure considerations.

3.4.4 Estimation Results

We present some heuristic arguments for the (relatively straightforward) identification of

the structural parameters. The rate increase application cost is identified by variation in

application rates across the state space. As application rates rise across all states or states
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with high profits, the estimated cost of application falls. Insurer ScrapValue is identified

by empirical dropout rates. As observed dropout rates rise across all states or in states

with high profits, estimated scrap value falls. The variation in average rate increases

helps identify the re-election pressure parameters. As average price increases rise, the

estimated γ rises. As price increases in states with regulators that are just elected become

higher relative to price increases in states with regulators that are up for re-election, κ rises.

In other words, differential price increases throughout the election cycle help identify κ

separately from γ.

Table 3.4 shows the parameter estimates from the model estimation. On average,

the cost of applying for a rate increase is around $100 per application. This estimate

is small but nonzero because there are some costs associated with applying for a rate

increase, such as calculating and detailing updated actuarial cost estimates and filing the

appropriate forms. The value of the LTC business (ScrapValue) is around $4.7 million,

almost double one year’s worth of profits. More specifically, the estimated business

value is roughly 67.5% of average annual premiums and 182% of average annual profits

per company, state, and year.11 The positive estimates of the last two parameters are

consistent with the perception that insurance commissioners face significant re-election

pressure and that this pressure increases as election year approaches, consistent with

Leverty and Grace (2018).

Model Predictions

In Figure 3.2, we plot the optimal policy functions at the estimated parameters, averaged

across premium and cost levels, by regulator years left in term. Approved premium

increases and application rates decrease across the election cycle. As re-election consider-

11For context, any annual premium invested over 20 years at a 4% interest rate generates an average
annual 55% return. Therefore, the majority of ScrapValue can be accounted for by interest earnings.
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Table 3.4: Insurer and Regulator Preference Parameter Estimates

Parameter Notation Estimate S.E.
Rate Increase Application Cost AppCost 105.35 16.81

LTC Business Scrap Value (millions) ScrapValue 4.73 0.86
Overall Political Pressure γ 106.20 20.32

Political Pressure Changes Over Election Cycle κ 1.28 0.21

Notes: The table reports estimates for the preference parameters listed in the insurer and regulator utility functions
from equations 3.3 and 3.4. Standard errors are computed using 45 bootstrap samples.

(a) Average Predicted Price Increases Across the State
Space

(b) Average Predicted Application Rates Across the State
Space

Figure 3.2: Optimal Policy Functions at the Estimated Parameters

ations become more salient, regulators increase their weight on consumer surplus and

decrease approved price increases. This lowers the likelihood that insurers will apply

for rate increases as an election draws near and increases the likelihood they will need

higher rate increases in the future. The net present value of future profits also decreases.

In Figure 3.3, we plot the optimal policy surfaces at the estimated parameters as

functions of state space points profit per capita and regulator years left in term. As

previously illustrated, application rates and approved rate increases decrease as an
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election year approaches. Both policies also increase as profits decrease. When profits are

positive and large, regulators do not approve any rate increases, and companies cannot

apply for one. When profits are very negative, companies will apply for rate increases,

even if they are very small. Optimal dropout policy behaves in the opposite way. When

profits are very negative, companies drop out of the market because they cannot obtain

the high rate increases they need to return to profitability.

Model Fit

The model fit based on these moments is represented in Table 3.5. The targeted and

untargeted simulated moments match the empirical moments well. Figure 3.4 graphs

the model fit based on (untargeted) conditional moments. Most importantly, the model

generates a downward sloping pattern in price increases across the election cycle, though

there is a sharper decrease in prices at the end of the election cycle relative to the data.

This is because there are factors outside the model that moderate the effect of state election

years on regulator behavior. For example, many regulators raise campaign contributions

from insurers and industry sources, which would increase approval rates in election

years. Regulators also feel less election pressure if they have some political capital, and

many regulators in our data have been re-elected to multiple terms. In addition, we

do not model market growth. Lower premiums increase company dropout, which hurt

future consumers because they have less choice when deciding which LTCI policy to

buy. Therefore, if the surplus of future customers is included in the regulator’s utility

function, the price increase gradient across the election cycle should be less steep. We

will implement this change in future work to improve the model fit.

The model also matches the magnitudes of the conditional dropout and application

rates across the regulator’s term, though again, the trends across election cycles differ

slightly between the model and data. Since the predicted application rates closely track
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Figure 3.3: Optimal Price Increase Policy of Regulator and Application and Dropout Policies of Insurer
Across the State Space
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allowed price increases, the predicted application trends are slightly steeper than in the

data due to the steeper trend in price increases predicted by the model. In addition,

if there are factors outside the model that moderate the effect of state election years

on application behavior, the model would understate applications in those years. For

example, many insurers operate in and apply for rate increases in multiple states at once,

which would increase election year applications.

Finally, we do not see a strong model-predicted dropout trend across the (short-term)

election cycle in Figure 3.4 because the company dropout decision is based on cumulative

profits over time. However, in the data, dropout trends appear to increase at the end of the

regulator’s term. Though this trend is not statistically significant, we also do not include

other factors in the model that may affect market exit, such as capital requirements or

management interest, which may also be more favorable to insurers at the beginning of

regulator terms.

Table 3.5: Model Fit

Model Moments Data Moments

Targeted Moments
Mean Predicted Premium Increase 0.04 0.05
Mean Dropout Probability 0.13 0.14
Mean Application Probability 0.22 0.27
Un-Targeted Moments
Std. Dev. Premium Increase 0.14 0.11
Std. Dev. Dropout Probability 0.34 0.35
Std. Dev. Application Probability 0.42 0.44
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(a) Average Predicted And Actual Price Increases

(b) Average Predicted And Actual Application Rates

(c) Average Predicted And Actual Dropout Rates

Figure 3.4: Model Fit for Conditional Moments
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3.5 Counterfactual Experiments

Given our calibrated model, we analyze how equilibrium supply and welfare at each

point in the state space would change if (1) election cycle pressure were removed, that is,

if regulator term limits were abolished, and (2) unexpected cost shocks were decreased,

that is, if adverse selection in the market was resolved or if actuarial assumptions became

more accurate in the future. We compare the outcomes in each counterfactual scenario to

the outcomes from the baseline model solution.

We apply the following algorithm to compute the counterfactual insurance market

equilibrium. First, for a given set of price increases across the state space, we backward-

simulate optimal insurer actions and calculate insurer continuation values (i.e. the insurer

value function) at each point in the state space using the structural parameter estimates.

Then, using the optimal insurer and regulator policies, we also solve for the regulator’s

continuation values. Using these simulated continuation values, we compute the optimal

price increases for the regulator at each point in the state space. We repeat the above

steps until the price increase policy converges.

In the first experiment, we set the election cycle pressure parameter κ in equation 3.4

to 0. This way, the number of years left in the regulator’s term does not affect regulator

utility. Because this also increases the average regulator stringency across the election

cycle, i.e. the average value of the second term in equation 3.4, we set γ to 48 so that

average re-election pressure is unchanged relative to the baseline case. This experiment

isolates the effect of eliminating stringency variation caused by election cycles. This would

represent the case where regulator terms are lengthened, or if LTCI became regulated by

committees whose members have staggered terms.

The counterfactual policies are shown in Figures 3.5 and 3.6. While the baseline

application and price trends in these figures are similar to those estimated in Figure
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3.2, the magnitudes of the baseline price increases and application rates are slightly

larger. This is because the optimal policies in the two figures are calculated using

different methods. The baseline policies in Figures 3.5 and 3.6 reflect the optimal policies

from computing the full solution of the model. The baseline policies in Figure 3.2 are

calculated using the two-step estimation procedure that utilizes the players’ estimated

policy functions.12 We use the full model baseline solution in this section for comparability

with the other counterfactuals.

The dotted red line in Figure 3.5 shows the price effect of removing elections but

keeping average regulator stringency (γ) constant. The trend in premium increases across

the election cycle is flat. Average premiums are also lower. Because the removal of

election cycles reduces price increase delays and increases future profits, regulators are

more likely to approve lower price increases for insurers. However, average dropout rates

increase slightly in Figure 3.6a as price increases fall more than profits rise. It is optimal

for regulators to trade off slightly lower profits for larger increases in consumer surplus.

In this calibration, much of the welfare gain from removing the regulatory friction is

returned to consumers in the form of lower prices rather than to insurers.

In the second experiment, we change the mean of the distribution of θ to 150, an

approximately 50% (57%) reduction in the average magnitude of cost shocks. We also

explore the effect of setting θ to 150 in conjunction with setting κ to 0 and γ to 48.

The effect of this on prices is shown in Figure 3.5. With a lower price shock, average

12Under the two-step method, continuation values are calculated using predicted price increases from a
linear regression. However, these predicted increases have more variation than in the raw data. Therefore,
the estimated continuation function values will have higher variation in the two-step procedure. For
example, because predicted price increases for low profit states are lower than in the data, estimated
continuation values for these states are very negative. In the full solution in Figure 3.5, continuation
values are moderated as price increases are optimized for each point in the state space. In particular, these
continuation values are higher (nonzero) for low profit states, which increase optimal price increases in
the current period. Overall dropout rates are also slightly lower due to these higher continuation values.
Without data constraints, we would want to estimate higher-order polynomials to improve the accuracy of
the empirical policy functions under the two-step method. But even so, higher order polynomials may still
not accurately estimate continuation values because of sampling noise.
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required and approved rate increases are lower because future profits are higher. When

election cycles are removed, average price increase trends are again flat. However, average

premiums do not fall as much as in the case with higher cost shocks. The removal of

election cycles thus has a larger effect on profits and therefore prices when cost shocks

are higher, because price increase delays are more costly when costs are rising quickly.

Note: The figure graphs optimal price increases averaged across the state space for each scenario listed in the legend.
All scenarios use baseline parameters unless otherwise stated. The no elections scenario solves for optimal policies

setting κ to 0 and γ to 48 in equation 3.4. The low-cost shock scenario sets the average cost shock θ to be 150. The no
elections, low-cost shock scenario sets θ to 150, κ to 0, and γ to 48.

Figure 3.5: Counterfactual Optimal Price Increases, Cost Shock Variation

Figure 3.6a illustrates the change in dropout rate trends. Lower cost shocks lower

dropout rates. As before, because lower price increases offset the increase in profits when

election frictions are removed, average dropout rates rise slightly when election cycles

are eliminated. One potential reason dropout rates rise more when election cycles are

removed when cost shocks are low is because baseline price increases are low in the
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low-cost case, so any given reduction in average price increases accounts for a larger

proportion of total price variation and thus has a larger effect on expected profits.13 In

Figure 3.6b, application rates are lower in the lower cost cases because approved rates are

lower.

The short-term welfare effects from these counterfactual price policies are shown in

Figure 3.7. After the counterfactual experiments take effect, insurers lose profits and

consumers gain surplus if prices fall. If companies drop out, their profits are zero and

consumer surplus is unchanged in the short term.14 We do not calculate longer term

welfare effects because we do not explicitly model the path of consumer surplus after a

company drops out. In addition, because we do not have market growth in this model,

we cannot calculate the welfare loss to future consumers of having fewer companies in

the market. Therefore, our estimated welfare gains from election cycles may be overstated,

and the welfare gains from lowering cost shocks may be understated.

The removal of election cycles increases total social surplus (insurer plus consumer

surplus) by $51,000 relative to the baseline scenario. Reducing the average magnitude

of cost shocks by 50% increases insurer surplus by $49,000 and consumer surplus by

$130,000. Removing election cycles when cost shocks are low increases total surplus by

$15,000. Thus, election cycles have a larger welfare effect when cost shocks are higher.

Overall, however, election cycle frictions have small effects on total welfare and insurer

dropout. Even though the model does not predict strong dropout effects, election frictions

and company dropout may still be correlated in the cross section if any of the model

assumptions are too restrictive or if variables outside the model are correlated with higher

election frictions and lower insurer profits. This would happen, for example, if more

13Furthermore, because profits are higher relative to consumer surplus in the low-cost case, it is optimal
for regulators to increase consumer surplus more in the second counterfactual scenario. Therefore, we see
the dropout rate rise more.

14Insurers have an obligation to service legacy customers even after dropout.
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(a) Optimal Dropout Rates

(b) Optimal Application Rates

Note: The figure graphs optimal policies averaged across the state space for each scenario listed in the legend. All
scenarios use baseline parameters unless otherwise stated. The no elections scenario solves for optimal policies setting

κ to 0 and γ to 48 in equation 3.4. The low-cost shock scenario sets the average cost shock θ to be 150. The no
elections, low-cost shock scenario sets θ to 150, κ to 0, and γ to 48.

Figure 3.6: Counterfactual Policies, Cost Shock Variation
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stringent regulators also face high election frictions or if states with high election frictions

are also more mispriced or have more unpredictable LTCI costs.

3.6 Conclusion

This paper argues that the political pressures faced by insurance regulators play an impor-

tant role in the equilibrium outcomes of the LTCI market. We estimate a dynamic model

of this market to assess the impact of re-election considerations on company dropout and

social welfare. We find that election years lower premium changes and decrease company

profits. Because it slows down the speed of price adjustments, regulatory frictions, in

conjunction with consistent product mispricing, can affect company dropout. Though the

unpredictability of costs plays a larger role in limiting LTCI supply than election frictions,

addressing regulatory inefficiencies alone can still improve and social welfare.

As a first step, insurance regulators have been working to improve the speed and

consistency of the approval process in the LTCI market. Some states, such as Virginia,

Alaska, and New Mexico already have commissioners that work without term limits.

Within the past decade, 45 states have joined a new initiative called the Interstate Insurance

Product Regulation Compact (The Compact). This single entity can serve as a central

location for the electronic filing and review for many types of insurance products,

including life insurance, annuities, disability, and long-term care insurance. The Compact

has developed uniform product standards and approval processes, so that one approval

from the Compact will be valid in all Compact jurisdictions. Furthermore, the members

of the Compact are composed of commissioners from all represented states and thus are

not subject to the pressure of a single state’s election cycle. Widespread implementation

and adoption of all standards across all states is still in progress. However, these reforms

should do much in increasing regulation efficiency, and ideally, improving the health of
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Note: The figure graphs the relative welfare change averaged across all observations for the counterfactual scenarios
depicted in Figures 3.5 and 3.6. Flow utilities are dollarized using average marginal utility of income α. The no

elections scenario solves for optimal policies setting κ to 0 and γ to 48 in equation 3.4. The low-cost shock scenario
sets the average cost shock θ to be 150. The no elections, low-cost shock scenario sets θ to 150, κ to 0, and γ to 48.

Figure 3.7: Counterfactual Welfare Gains in the Short Term, Cost Shock Variation
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the LTCI market and all similar products to come.
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Appendix A

Chapter 1 Appendix

A.1 Data Tables

Table A.1 presents some summary statistics of our data. Table A.2 lists which states elect

or appoint their insurance commissioner.

Table A.2: State List of Elected and Appointed Commissioners

State Elected Governor-Appointed Neither

Alabama X

Alaska X

Arizona X

Arkansas X

California X

Colorado X

Connecticut X

Delaware X

Florida X*

Georgia X

Hawaii X

Continued on next page
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Table A.2: (continued)

State Elected Governor-Appointed Neither

Idaho X

Illinois X

Indiana X

Iowa X

Kansas X

Kentucky X

Louisiana X

Maine X

Maryland X

Massachusetts X

Michigan X

Minnesota X

Mississippi X

Missouri X

Montana X

Nebraska X

Nevada X

New Hampshire X

New Jersey X

New Mexico X

New York X

North Carolina X

North Dakota X

Ohio X

Oklahoma X

Oregon X

Pennsylvania X

Continued on next page
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Table A.2: (continued)

State Elected Governor-Appointed Neither

Rhode Island X

South Carolina X

South Dakota X

Tennessee X

Texas X

Utah X

Vermont X

Virginia X

Washington X

West Virginia X

Wisconsin X

Wyoming X

Note: Florida’s insurance commissioner became an appointed position in 2003.

A.2 Supplementary Analyses

A.2.1 Approval Behavior by Appointment Type

Table A.3 shows that both directly elected officials and appointed commissioners are

affected by re-election pressure. The coefficients on Years Left in Term are not statistically

different across columns (1) and (3) or (2) and (4) in Table A.3. Appointed commissioners

respond to the election cycle to help the governor who appointed them win re-election.

Like directly elected officials, winning re-election would help them keep their position.
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Table A.1: Summary Statistics

Variable Obs Mean Standard Deviation

Annual Premium Change (%) 55,661 2.70 21.13
Annual Total Claims (Mil) 59,072 3.35 18.41
Annual Total Premiums (Mil) 59,072 7.55 36.72
Lives in Force 38,769 1278 5434
Cumulative Company Dropout (state-level) 13,120 0.30 0.46
Commissioner Directly Elected 59,072 0.23 0.42
Election Vote Percentage (%) 16,145 57.55 9.39
Election Year 50,972 0.24 0.42

Average Size of Approved Increases (%) 10,233 12.35 16.35
Average Size of Requested Increases (%) 23,419 10.20 22.38
Number of Policies Approved 23,419 1.66 5.14
Number of Increases Requested 23,419 1.92 5.50
Probability of Approval, All Open Filings (%) 10,228 50.09 47.60
Probability of Approval, New Filings (%) 6,563 50.91 48.68
Applied for Rate Increase 23,419 0.24 0.43

Campaign Contributions (Mil) 4,292 0.52 2.75

Unique Companies 235

Note: All observations are at the state, company, and year level. Election Year, Company Dropout, Commissioner
Directly Elected are binary variables indicating that the current observation is in an election year, that the current

observation is a year where the company submitted advertising material for approval, and that the insurance
commissioner is directly elected rather than appointed by the governor. Election Vote Percentage is the share of votes

the commissioner received in the latest election.

119



Ta
bl

e
A

.3
:R

at
e

R
eq

ue
st

D
ec

is
io

ns
,E

le
ct

ed
an

d
A

pp
oi

nt
ed

R
eg

ul
at

or
s

C
om

m
is

si
on

er
D

ir
ec

tl
y

El
ec

te
d

A
pp

oi
nt

ed
C

om
m

is
si

on
er

(1
)

(2
)

(3
)

(4
)

A
pp

ro
va

lP
ro

ba
bi

lit
y

Si
ze

of
A

pp
ro

ve
d

In
cr

ea
se

A
pp

ro
va

lP
ro

ba
bi

lit
y

Si
ze

of
A

pp
ro

ve
d

In
cr

ea
se

Ye
ar

s
Le

ft
in

Te
rm

1.
58

+
0.

51
*

1.
41

0.
33

(0
.8

0)
(0

.2
2)

(0
.9

4)
(0

.2
8)

C
on

st
an

t
14

.3
3

2.
82

59
.2

9*
**

20
.3

6*
**

(1
1.

07
)

(2
.0

5)
(5

.6
2)

(1
.5

9)

M
ea

n
D

ep
en

de
nt

V
ar

ia
bl

e
56

.3
9

11
.7

1
50

.8
0

13
.0

3
St

at
e

FE
an

d
Ye

ar
FE

Ye
s

Ye
s

Ye
s

Ye
s

C
om

pa
ny

FE
Ye

s
Ye

s
Ye

s
Ye

s
N

um
be

r
of

O
bs

er
va

ti
on

s
2,

16
7

2,
16

7
6,

10
3

6,
10

3
R

-s
qu

ar
ed

0.
23

0.
14

0.
22

0.
17

N
ot

e:
Th

e
ta

bl
e

di
sp

la
ys

th
e

ef
fe

ct
s

of
ap

po
in

tm
en

tt
yp

e
on

re
gu

la
to

r
be

ha
vi

or
.T

he
an

al
ys

is
in

C
ol

um
ns

(1
)a

nd
(2

)u
se

s
on

ly
di

re
ct

ly
el

ec
te

d
co

m
m

is
si

on
er

s.
St

an
da

rd
er

ro
rs

,i
n

pa
re

nt
he

se
s,

ar
e

cl
us

te
re

d
by

st
at

e.
Le

ve
ls

of
si

gn
ifi

ca
nc

e:
+

10
%

,*
5%

,*
*

1%
,*

**
0.

01
%

.

120



A.2.2 Constant Time Sample

Because the data sources used in the study span different years, we show that our baseline

results are the same when we subset the analysis to a smaller timeframe that all the data

sources cover. We use the years 2009-2015, when the NAIC data is most complete. The

California rate history data and state-level dropout variable also span these years.

Table A.4 shows that while premium changes decrease when the regulator approaches

the end of their term, in this sample, the effect is no longer statistically significant. Because

premiums change due to many market factors, not just regulator stringency, limiting the

analysis to a smaller time period may make the election cycle effect harder to detect.

Table A.4: Effect of Election Year on Average Premium Increase (%), 2009-2015

Premium Increase (%)

(1) (2)

Years Left in Term 0.20 0.18
(0.13) (0.13)

Constant 1.92*** 3.42***
(0.42) (0.40)

Mean Dependent Variable 2.70 2.70
State FE and Year FE Yes Yes
Company FE No Yes
Number of Observations 15,397 15,397
R-squared 0.01 0.09

Note: The table displays the effects of regulator election cycle on average LTCI premium increases (measured in
percentage points). The estimating sample includes all states. Standard errors, in parentheses, are clustered by state.

Levels of significance: + 10%, * 5%, ** 1%, *** 0.01%.

When we focus specifically on measures of regulator behavior in Table A.5, we still

find evidence that regulators significantly change their behavior due to political pressures.

121



As regulators approach to re-election, they approve lower premium increases, approve

fewer policies, have a lower chance of approving an open policy (a policy request which

was submitted in the current year or remained outstanding from a previous year), and

have a lower probability of approving a new policy (a policy request which was submitted

in the current year). The estimated effect sizes in Table A.5 are very similar to those in

Table 1.2.

As before, companies do not seem to change their requesting behavior across the

election cycle, even in this limited time period. Neither of the estimated effects in Table

A.6 are statistically significant.
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Table A.6: Company Behavior Across the Election Cycle, 2009-2015

(1) (2)
Size of Requested Increase Number of Requests

Years Left in Term 0.04 0.05
(0.15) (0.04)

Constant 19.10*** 4.55***
(1.17) (0.37)

Mean Dependent Variable 10.20 1.92
State FE and Year FE Yes Yes
Company FE Yes Yes
Number of Observations 13,433 13,433
R-squared 0.12 0.20

Note: The table displays the effects of regulator election cycle on the magnitude and number of rate requests,
respectively. Standard errors, in parentheses, are clustered by state. Levels of significance: + 10%, * 5%, ** 1%, ***

0.01%.
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Appendix B

Chapter 2 Appendix

B.1 Data Tables

One limitation of my analysis concerns sample size. Because few respondents in the HRS

have LTCI and few experience severe disability shocks, I have a small sample size with

which to identify effects. Table B.1 shows the number of observations in my HRS sample

in each age, insurance status, and disability status bin. Overall observation numbers are

low, which add noise to the estimated heterogeneous effects of LTCI by age. Observation

numbers for respondents with both insurance and a disability increase by age because

older individuals are more likely to have experienced a disability shock. In addition,

couples have to be in the HRS for at least two waves to be included in my estimating

sample.
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Table B.1: Number of Individuals in HRS by Age, Insurance Status, and Disability Status Bin

No Disability Has Disability
Age Bin No LTCI Has LTCI No LTCI Has LTCI

50<=Age<55 8,120 2,389 88 8
55<=Age<60 12,569 4,021 183 28
60<=Age<65 12,130 4,665 242 30
65<=Age<70 11,227 4,598 308 33
70<=Age<75 9,815 3,944 305 45
75<=Age<80 7,130 2,766 279 59

Age<50 or 80<=Age 9,847 2,919 449 124

Note: See text for sample selection details. Has LTCI is defined as 1 if the spouse has LTCI at the time of or
two years before disability onset. For those observations whose spouses never experience disability onset, I

classify them as having LTCI if the spouse reports having LTCI in any wave of the survey.

B.2 Supplementary Analyses

B.2.1 Heterogeneous Effects by Age

Age Effects on Work

The table below displays treatment effects on an indicator variable that is equal to 1 if

the respondent reports working more than 40 hours per week on average. Each column

restricts the analysis to only those respondents in the indicated age bin. If spouses are

more likely to return to work if they are under the retirement age, we would expect to see

a larger effect of insurance on work for younger spouses. The point estimates are largest

for respondents under the age of 70. There are no detectable effects for older individuals.
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Appendix C

Chapter 3 Appendix

C.1 Supplementary Analyses

C.1.1 Lower Regulator Stringency Counterfactual

We also explore the effects of decreasing average regulator stringency relative to removing

election cycles, i.e. changing γ in equation 3.4. The practical application of this scenario

is more abstract because (1) there is no obvious policy change that would correspond

to changing γ and (2) the magnitude of γ is difficult to interpret. Still, this comparison

is interesting, because ex ante, both removing election pressure and reducing average

regulator stringency are expected to increase insurer profits and reduce dropout.

To operationalize this experiment, we set γ to 25 while leaving all other parameters

unchanged. The optimal counterfactual price increases, application rates, and dropout

rates are shown in Figures C.1 and C.2. As illustrated in Figure C.1, when regulator

stringency decreases, the regulator grants higher price increases the further away he

or she is from re-election. This also increases average application rates and decreases
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Note: The figure graphs optimal price increases averaged across the state space for each scenario listed in the legend.
All scenarios use baseline parameters unless otherwise stated. The no elections scenario solves for optimal policies

setting κ to 0 and γ to 48 in equation 3.4. The low stringency scenario sets the overall regulator stringency γ to 25.

Figure C.1: Counterfactual Optimal Price Increases, Regulator Stringency Variation

average dropout rates across the election cycle in Figure C.2.1

While dropout rates decrease in this scenario like in Figure 3.6a, there is no net welfare

gain. Figure C.3 illustrates the short-term counterfactual welfare effects. Because of the

higher average price increases caused by lower γ, insurer welfare increases and consumer

surplus decreases relative to the baseline scenario. However, the negative effects on

consumer surplus outweigh the benefits to insurers. The large effect of changing γ on

consumer surplus suggests that regulators play an important role in protecting consumers

1Dropout rates trend up across the election cycle due to the steeper price increase gradient across the
regulator’s term in this counterfactual. Because prices change most in election years, this year has a larger
effect on the future path of profits than in the baseline scenario. If the fall in profits in election years is
large enough that insurers cannot return to profitability in the future, dropout likelihood will increase at
the end of the regulator’s term.

129



in the LTCI market.

In practice, because finding a policy change to affect γ is unlikely, improving cost

forecasting is a more efficient way to stabilize the market. Both changes reduce dropout

rates in a similar way, but reducing cost shocks also benefits consumers.
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(a) Optimal Dropout Rates

(b) Optimal Application Rates

Note: The figure graphs optimal policies averaged across the state space for each scenario listed in the legend. All
scenarios use baseline parameters unless otherwise stated. The no elections scenario solves for optimal policies setting

κ to 0 and γ to 48 in equation 3.4. The low stringency scenario sets the overall regulator stringency γ to 25.

Figure C.2: Counterfactual Policies, Regulator Stringency Variation
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Note: The figure graphs the relative welfare change averaged across all observations for the counterfactual scenarios
depicted in Figures C.1 and C.2. Flow utilities are dollarized using average marginal utility of income α. The no

elections scenario solves for optimal policies setting κ to 0 and γ to 48 in equation 3.4. The low stringency scenario
sets the overall regulator stringency γ to 25.

Figure C.3: Counterfactual Welfare Gains in the Short Term, Regulator Stringency Variation
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