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Abstract

This study examines the effect of the out-of-pocket (OOP) maximum on health-

care utilization in South Korea, using Korean Health Panel (KHP) data from 2011

to 2017 and the continuous Difference-in-Differences (DID) approach. Public health

insurance programs typically include cost sharing mechanisms—such as deductibles,

copayments, and coinsurance—to prevent moral hazard. The OOP maximum, which

limits annual cost sharing, protects individuals from excessive financial burdens and

encourages access to necessary healthcare. Using KHP data and a continuous DID

approach, I analyze how changes in the OOP maximum policy affect healthcare uti-

lization. First, the study finds that higher OOP maximums reduce the use of outpa-

tient and inpatient services, while their effect on emergency care use is limited and

statistically insignificant. These findings suggest that for injuries requiring immediate

treatment or symptoms with acute onset, urgency drives healthcare use rather than

cost. In addition, low-income households are more responsive to variations in the OOP

maximum. Changes in the OOP maximum have a smaller impact on outpatient service

use for patients with more severe chronic conditions, and OOP maximums do not affect

inpatient or emergency care use in patients with health risks. The persistent use of

healthcare suggests the OOP maximum policy protects against catastrophic medical

expenses without causing moral hazard for patients in poor health.
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1 Introduction

Public health insurance programs are considered essential for several key reasons: they ensure

equitable access to healthcare and improve public health outcomes. Medicare and Medicaid,

public insurance programs for the elderly aged 65 and over and low-income households, are

the largest and second-largest public payers for healthcare services in the United States.1 In

particular, Medicare spending has rapidly increased as all baby boomers will be aged 65 or

older and enroll in Medicare by 2030.2

Public health insurance programs in many countries often require individuals to share

a portion of medical expenses through cost-sharing mechanisms such as deductibles, copay-

ments, and coinsurance to prevent moral hazard and control costs. However, these out-of-

pocket (OOP) costs can discourage patients from seeking preventive and necessary medical

services (Rezayatmand, Pavlova, & Groot, 2013; Wong, Andersen, Sherbourne, Hays, &

Shapiro, 2001). OOP maximums limit the total amount patients must pay out-of-pocket for

covered healthcare services within a year, protecting individuals from catastrophic medical

expenses. In determining the optimal level of the OOP maximum in public insurance design,

it is crucial to balance trade-offs and understand how individuals respond to changes in the

OOP maximum. This study investigates the effect of the OOP maximum on healthcare

utilization and heterogeneous behavioral responses based on individual characteristics.

A substantial body of studies has investigated the impact of OOP costs and cost-sharing

on healthcare utilization. However, most previous work has focused on Medicare and Medi-

caid in the United States, both of which are heavily influenced by the managed care system.

Demand analysis in such settings is susceptible to endogeneity. In practice, healthcare con-

sumers face difficulty choosing desired medical services, and even when they do make a

choice, they may face higher OOP costs that are not covered by insurance. In addition,

healthcare providers or insurers are likely to control the supply of medical services.

On the one hand, there is substantial evidence that low reimbursement rates of pub-

lic health insurance programs make healthcare providers reluctant to treat Medicare and

Medicaid beneficiaries. On the other hand, when reimbursement rates decline, providers

1 Centers for Medicare & Medicaid Services: NHE Tables.zip

2 United States Census Bureau: The older population 2020
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may reduce treatment quality for cost-cutting.3 This quality reduction represents a crucial

supply-side response that complicates demand estimation. Many studies of the price elastic-

ity of demand for healthcare services estimate effects using the number of visits as a proxy

for service consumption; however, if quality changes, the estimates can lead to misleading

policy implications. To the best of the author’s knowledge, few studies avoid this problem.

As an exception, Shigeoka (2014) analyzes the impact of shared costs on healthcare uti-

lization using the Japanese case. Under the universal health insurance system, patients

can freely choose their healthcare providers, and providers’ revenue is determined not by

insurance reimbursements but by the nationally set fee schedule. His study employs a re-

gression discontinuity design using age 70 as the cutoff, which utilizes a sharp reduction in

cost-sharing at that age. In contrast, this study estimates effects across all age groups.

In South Korea, the National Health Insurance Service (NHIS) provides a universal public

health insurance program across the nation. This program applies different OOP maximums

by income percentile.4 In 2014, OOP maximums decreased for income percentiles 0th–30th

and 50th–70th, remained constant for 30th–50th and 80th–90th percentiles, and increased

for the highest income decile. This study leverages this policy variation using Korean Health

Panel data and a difference-in-differences design with continuous treatment to analyze how

changes in OOP costs affect healthcare utilization. Healthcare utilization includes three

types of medical service use: (1) number of outpatient visits, (2) number of inpatient visits,

and (3) number of ER visits. While income criteria are used in other policies, no other major

policy changes substantially affecting medical service utilization around the treatment timing

were discovered.5

This study examines not only the impact of changes in OOP maximums on healthcare

utilization by service type but also heterogeneity in responses across various subgroups.

3 California Health Care Foundation
4 In fact, South Korea also selects medical aid beneficiaries based on health status, work ability, assets, and
other factors, substantially reducing or waiving medical costs for covered treatments. For the beneficiary,
reimbursement rates are often lower than for health insurance enrollees, and payments may be delayed, which
can make healthcare providers reluctant to treat them. However, since recipients comprise only 3% of the
total population according to NHIS, the impact on this study is limited.
5 The coverage for the four major diseases (cancer, cardiac disease, cerebrovascular disease, and rare diseases)
has been expanded since 2013. However, it had minimal impact on this study as it applied uniformly to all

income groups.
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First, KHP data records diseases and symptoms based on Korean Standard Classification of

Diseases (KCD) codes.6 Second, this study divides patients into health risk subgroups by

chronic conditions and analyzes them separately. Ellis, Martins, and Zhu (2017) measured

price elasticity of healthcare utilization by risk using the presence and number of chronic

conditions. However, elasticity likely varies by disease and symptom severity as well as their

number. This study compares responses to OOP maximums by health risk, categorized by

hazard ratios of diseases or symptoms. This study also examines heterogeneity by income. A

large body of literature has documented sensitivity to changes in shared costs of healthcare

use by income, and this study contributes to that stream.7

This study reports three key findings. First, for the full sample, changes in OOP maxi-

mums affect utilization of outpatient and inpatient services but not emergency care. These

findings suggest that for injuries requiring immediate treatment or symptoms with acute

onset, the urgency of the disease or symptom is the primary determinant of healthcare uti-

lization rather than cost. Second, responses to changes in OOP maximums vary by income.

Low-income groups exhibit greater cost elasticity in visits for both outpatient and inpatient

services. The greater elasticity among low-income groups, even for inpatient services domi-

nated by essential care, implies that OOP cost increases can delay not only preventive care

but also essential treatments, especially for low-income households. Finally, cost sensitivity

to OOP maximums in outpatient services decreases as health risk increases. Notably, changes

in OOP maximums had no statistically significant effect on inpatient and ER visits across

all risk groups. For poor-health patients, these non-significant effects indicate the policy can

protect individuals from catastrophic medical expenditures without triggering moral hazard.

The remainder of this study is organized as follows. Section 2 explains the institutional

background and key changes of the OOP policy. Section 3 reports the data and several key

variables. Sections 4 and 5 describe the empirical model and results. Section 6 concludes.

6 KCD is the Korean adaptation of ICD-10, maintaining symptomatic and diagnostic compatibility while
adding traditional Korean medicine (TKM) codes, as roughly 20% of medical institutions are TKM clin-
ics/hospitals.
7 Sensitivity to changes in shared costs by income remains debated: Chandra, Gruber, and McKnight (2014)
finds no differences between low- and high-income groups; Duarte (2012) reports high-income individuals
exhibit five times greater sensitivity than low-income groups; Haaga, Böckerman, Kortelainen, and Tukiainen

(2024) shows low-income groups with higher elasticities to copay changes.
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2 Institutional background

Figure 1 illustrates the cost structures of public health insurance programs in the South

Korea and the United States. Figure 1-(a) depicts a scenario without a deductible, where in-

surance premiums, coinsurance, and an out-of-pocket (OOP) maximum exist. The National

Health Insurance Service (NHIS) enrollees pay a fixed insurance premium and proportional

coinsurance rates depending on the healthcare services they use. If OOP costs exceed the

out-of-pocket maximum, NHIS reimburses the excess amount to the individual at the end of

the year. In contrast, Figure 1-(b) depicts a scenario with a deductible: enrollees must pay

the full cost of services until reaching the deductible threshold, after which insurance covers

subsequent expenses through coinsurance up to the OOP maximum.8

The history of South Korea’s health insurance system reflected the efforts to improve

healthcare affordability and accessibility. Figure 2 shows the timeline of South Korea’s na-

tional health insurance service. In 1977, NHIS implemented an OOP compensation program,

under which 50% of medical expenses for covered treatments was paid by NHIS. It initially

covered only the urban employed population working at large businesses and gradually ex-

panded to cover the entire nation by 1989. The system was funded through premiums paid

by employers and employees, and government subsidies.

In 2004, South Korea enacted the law for the OOP maximums as part of its health reform

measures to prevent excessive medical expenditures by individuals. The policy limited the

total amount a patient was required to pay annually; once this cap was reached, the NHIS

covered all subsequent costs. It provided uniform protection to all citizens regardless of

the enrollee’s income and economic status. After the introduction of the uniform OOP

maximums in 2004, this uniform approach faced criticism for not adequately reflecting the

income disparities, as lower-income individuals had to endure a relatively heavier financial

burden compared to higher-income groups.

In 2009, South Korea refined its maximum OOP policy by introducing income-tiered

8 Note that the cost-sharing structures in Figure 1-(b) represent a baseline model of public insurance pro-
grams with deductibles. In reality, Medicare and Medicaid programs vary significantly across states. Not all
parts of Medicare and Medicaid in every state follow this structure. For individuals who are dually eligible
for both programs, shared costs are typically very low or may be completely waived, as Medicaid often covers

Medicare’s OOP spending.
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caps, dividing the maximum OOP into three distinct groups based on income levels. Table

1 shows the changes in the OOP maximums from 2009 to 2020. The bottom 50% of the

income distribution faced the lowest caps, reflecting their limited ability to pay. The 50th

to 80th percentiles had moderately higher caps, balancing with affordability. The top 20%

faced the highest caps, reflecting their greater financial capacity to contribute to healthcare

expenses.

I focus on the variations in the 2014 OOP maximum policy, where the treatments were

heterogeneous and applied in opposite directions across different income groups. The income

brackets for the OOP maximums were further subdivided in 2014. Table 1 shows that all

income groups, ranging from the 0th to the 100th percentiles, experienced distinct changes

in their OOP maximum thresholds. For those in the 0th to 10th, 10th to 30th, and 50th to

70th percentiles, the OOP maximums decreased by different amounts, while there was no

change for the 30th to 50th and 70th to 90th percentiles. For the highest income group, the

OOP maximum rose from 4,000 thousand won to 5,000 thousand won.

Since 2014, the OOP maximums have been adjusted according to the consumer price

index. In 2018, the OOP maximum was reduced for individuals in the lower half of the

income distribution. Previously, the same limit was applied regardless of the length of stay

in nursing homes and rehabilitation facilities. However, from 2018, higher limits have been

set for patients hospitalized in these facilities for more than 120 days. This policy measure

aims to control excessive benefit expenditures for long-term care patients.

3 Data

This research utilizes data from the Korean Health Panel (KHP), which tracks the same

individuals and households over a decade. The data covers a wide range of topics, including

but not limited to health insurance status, medical service usage, health status, out-of-pocket

(OOP) expenditures, and demographics. The survey starts with around twenty thousand

individuals from several thousand households across South Korea and collects data through

face-to-face interviews, supplemented by self-reported questionnaires. The panel data are

collected annually, providing a continuous and updated stream of information that reflects
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recent changes in healthcare policies, economic conditions, and public health trends. The

panel data spans the period from 2008 to 2018. Since there were three major policy changes

in 2009, 2014, and 2018, this study focuses on the period from 2010 to 2017 to isolate the

effect of changes in OOP maximums from other policy changes.

Table 2 presents descriptive statistics from the KHP survey. On average, individuals used

outpatient services 16.03 times per year, but there was high variability, with the number of

visits ranging from 0 to 407. Outpatient services encompass a broad range of care, including

preventive interventions as well as treatment for mild symptoms and non-emergency condi-

tions. The mean annual usage for inpatient services is 0.18 visits per year with a maximum

of 127, but is substantially higher among those requiring hospitalization for essential care

of severe conditions. The number of inpatient visits includes both short- and long-term

hospital admissions. Emergency visits are the least frequent, with a mean of 0.11 per year,

and generally deal with acute illnesses and life-threatening injuries that demand immediate

medical attention.

Log(OOP maximum) represents the logarithmic transformation of OOP maximums as-

signed to each observation in the sample. The variable Post is a binary indicator denoting

whether the data were collected before or after 2014, the year when policy changes to the

OOP maximum occurred. The mean value of Post is 0.60, indicating that approximately 60%

of the data were gathered after the policy change. The variable Post*Log(OOP maximum)

is the interaction term between the log-transformed OOP maximum and the post-treatment

period.

The KHP data provide information on the annual household income level, which deter-

mines individuals’ OOP maximums. Annual household income is classified into three groups:

low-income, middle-income, and high-income. Low-income individuals, those within the 0th

to 30th percentiles, constitute 26% of the population. The middle-income group, between

the 30th and 70th percentiles, comprises 42% of the population. High-income individuals,

from the 70th to 100th percentiles, make up 31% of the population.

The KHP data contain information on three main types of workers: government officers,

employees, and self-employed individuals. A key distinction among them is how their income

is reported. For government officers and employees, income is reported by the government
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and employers. Because earnings are reported by third parties and the incentive for un-

derreporting is low, these groups can be classified as one group. In contrast, self-employed

individuals report their own income, which may cause income underreporting. A number of

studies have documented systematic income underreporting among the self-employed across

various countries (Hurst, Li, & Pugsley, 2014; Kim, Gibson, & Chung, 2009).

The KHP survey collects data on individuals’ health conditions by monitoring various

diseases and symptoms coded according to the Korean Standard Classification of Diseases

(KCD). When counting the number of chronic diseases, cases with acute symptoms of short

duration were excluded. The average number of chronic diseases per individual is 1.29. This

does not necessarily imply that each individual has one or more chronic conditions. The

standard deviation is 1.77 with 43% of respondents reporting zero chronic diseases; some

individuals have no chronic conditions, while others suffer from comorbidity or multimorbid-

ity.9

OOP maximums may be ineffective if only a negligible share of the population actually

reaches the caps. For individuals whose medical expenses do meet or exceed the OOP max-

imums, the limits become binding constraints that may impact medical decision-making.

Figure 3 illustrates the effectiveness of the OOP maximums by income decile, revealing a

clear inverse relationship between income and the proportion of individuals who reach the

limits: approximately 43% of people in the lowest-income decile hit their maximums, indi-

cating that for lower-income individuals, the limits provide meaningful protection against

excessive healthcare costs. In contrast, as income rises, the share of individuals who reach

the OOP maximums declines, with just 5% of the highest-income decile exceeding the max-

imums. This pattern shows that the limits are more effective for lower-income groups. For

higher-income individuals, the limits matter less because their medical expenses are less

likely to reach the OOP maximums.

9 Comorbidity refers to additional diseases that occur alongside a primary disease in the same person. Mul-
timorbidity means having two or more chronic conditions simultaneously, without any one being the main
focus.
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4 Empirical model

The standard Difference-in-Differences (DID) model, which assumes a binary treatment with

a homogeneous effect across all members of the treatment group, is not appropriate for this re-

search because the treatment effect is heterogeneous and applies in opposite directions across

income groups. For low- and middle-income households, out-of-pocket (OOP) maximums

either decrease or remain constant, whereas for high-income households, OOP maximums

either stay constant or increase. Therefore, adopting a conventional DID model could lead to

misleading conclusions due to the underlying assumption of uniform treatment effects across

diverse groups.

The DID model with continuous treatments can accommodate varying intensities and

directions of treatments (Callaway, Goodman-Bacon, & Sant’Anna, 2021). The econometric

specification can be written as

V isitsi,t = αi+λt+β1 log(OOPmax)i,t+β2Postt+γ
(
log(OOPmax)i,t×Postt

)
+δXi,t+ϵi,t (1)

V isitsi,t is the number of visits for outpatient, inpatient, and ER services for individual i in

year t. log(OOPmax)i,t represents the treatment dose corresponding to the OOP maximum.

Similar to the standard DID model, the coefficient β1 captures the baseline effect of the

treatment dose on the outcome variable, regardless of whether the observation is in the pre-

or post-treatment phase. The coefficient β2 captures the overall time effect, representing the

shift from the pre-treatment to the post-treatment period for all individuals. The interaction

coefficient γ captures the causal effect of changes in treatment dose over time, interpretable

as the Average Causal Response (ACR). αi and λt are individual and year fixed effects,

respectively. Xi,t is the set of control variables, and ϵi,t is the error term.

To interpret the coefficients as ACR, the continuous DID model requires a Strong Parallel

Trend (SPT) assumption. For all doses d ∈ D:

E[Yt(d)− Yt−1(0)] = E[Yt(d)− Yt−1(0) | D = d] (2)

This assumption states that the average time trend for dose d equals the observed trend for
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dose group d. It emphasizes that any differences observed post-treatment are attributable

to the treatment itself, not due to inherent differences in outcome trends across dose groups.

To check for violations of the SPT, I estimate the following regression:

∆V isitsi = β0 +
5∑

j=1

1{Di = dj}βj + εi (3)

where ∆V isitsi is the first difference of the number of visits for each medical service type

for individual i, β0 is the constant term, 1{Di = dj} is the dosage group indicator for all

j = 1, . . . , 5, εi is the error term. The dosage groups are categorized according to the income-

based decision rules specified in Table 1, defined as follows: Group 1 comprises individuals

from the 0th to 10th percentile, Group 2 includes those between the 10th and 30th percentiles,

Group 3 covers the 50th to 70th percentiles, Group 4 consists of individuals from the 90th

to 100th percentiles, and the remaining observations form the reference group.

Under the SPT, the OLS coefficients β̂ = (β̂1, . . . , β̂5)
′ are consistent estimators for the

average treatment effect within each dosage group j. Therefore, the average causal response

for dosage group j, denoted as ACRj, can be calculated as the difference ACRj = β̂j − β̂j−1.

I aggregate ACRj to compute the event-study version of ACR across all time periods. Figure

4 presents the event-study estimates of ACR for outpatient, inpatient, and emergency room

visits. No evidence suggesting a violation of the SPT assumption was found in the data.

5 Results

5.1 Heterogeneous response by urgency and income

Table 3 presents the continuous DID results from equation (1) on outpatient visits for the

full sample and income subsamples. In column 1, representing the full sample, a one percent

increase in the out-of-pocket (OOP) maximum reduces the number of outpatient visits by

0.724. The number of chronic diseases increases outpatient care use by 1.335 times. Older

individuals and those with more chronic diseases tend to use outpatient services more fre-

quently. Years of education reduce the use of outpatient services, reflecting the positive effect
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of education on health (Zajacova & Lawrence, 2018).

Columns 2 and 3 report continuous DID estimates of outpatient visits for the low-middle

and middle-high income subsamples, respectively. The middle-income group is included in

both subsamples because there was no variation in the OOP maximum for the low-income

group before the treatment period. A major finding is that sensitivity to changes in OOP

maximums varies across income groups. For the low-middle income group, a% increase in

the OOP maximum reduces outpatient visits by 1.731 times, whereas changes in the OOP

maximum do not affect outpatient care use for the middle-high income group. These findings

suggest that individuals with lower income are more elastic to changes in OOP maximums in

the case of outpatient visits, consistent with findings in previous literature (Kowalski, 2016).

As shown in Figure 3, the proportion of the population reaching the OOP maximum varies

by income level. This disparity may explain the different behavioral responses to changes in

OOP maximums.

Table 4 provides continuous DID estimates of inpatient visits for the full sample and

income subsamples. Higher OOP maximums reduce the number of inpatient visits in ev-

ery case, although the elasticities differ by income. Despite the relatively weaker impact,

higher OOP maximums lead to a reduction in inpatient service use among higher-income

individuals. The difference in responses between outpatient and inpatient services may be

attributable to the relatively higher costs required for inpatient care, causing higher-income

individuals to reach the OOP maximums sooner.

Continuous DID estimates of ER visits for the entire sample and income subsamples

are presented in Table 5. Across all columns, the coefficients for the OOP maximums are

statistically insignificant. Combined with the OOP maximum estimates in Tables 3 and 4,

these results suggest that cost sensitivity to healthcare services depends on the urgency of

care. These findings align with previous research; Ellis et al. (2017) found that the price

elasticity of demand for emergency room visits is lower compared to other types of medical

services, including outpatient and inpatient visits.
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5.2 Policy Impacts by Severity of Chronic Health Conditions

The standard behavioral model of medical care use suggests that health service use is pri-

marily driven by the perceived and evaluated need for care, rather than solely by financial

factors (Andersen, 1995). This perspective raises the question of whether responses to OOP

maximums can vary according to health risk or chronic health conditions. As shown in

the preceding tables, the number of chronic diseases induces patients to use more medical

services. Accordingly, the severity of a disease may affect healthcare use beyond the mere

number of chronic conditions.

I assign three health risk categories to the samples: mild risk, moderate risk, and severe

risk. The categorization is based on hazard ratios from hospitalization samples, defined as

the mortality rate of patients with a specific disease divided by the mortality rate of other

patients, as documented by Elixhauser, Steiner, Harris, and Coffey (1998). The mild risk

group includes chronic diseases or symptoms with hazard ratios less than or equal to 1 (e.g.,

hypertension and degenerative arthritis). The moderate risk group includes chronic diseases

or symptoms with hazard ratios greater than 1 and less than or equal to 1.5 (e.g., diabetes

and COPD). The severe risk group consists of chronic diseases or symptoms with hazard

ratios greater than 1.5 (e.g., cancer and cerebrovascular disease).10

I acknowledge that the categorization cannot fully cover the entire sample because the

observed scope of chronic diseases in the KHP data is broader than the hazard-ratio assigned

diseases in the reference paper. However, I do not combine hazard ratios from multiple papers

to expand the pool of chronic diseases because hazard ratios heavily depend on the sample

and are relative measures. I exclude cases where individuals belong to multiple risk groups

to control for comorbidity and multimorbidity that can affect mortality rate (Hanlon et al.,

2018; Nunes, Flores, Mielke, Thumé, & Facchini, 2016). For example, the fact that a patient

has both mild and moderate risk diseases does not necessarily imply that the person should

be classified as one of them without considering the joint effects.

In Table 6, each column presents continuous DID estimates of outpatient visits by chronic

10 Notice that the remainder of the sample is neither a no-risk group nor the lowest risk group. These
samples are simply those for which the hazard ratio was not calculated or the statistical significance of the
hazard ratio was not verified. These samples include cases ranging from very mild conditions such as rhinitis

to severe diseases such as leukemia and dementia.
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health risk subsample. Notably, individuals with mild health conditions exhibit a more elastic

response to changes in the OOP maximum, whereas the effects are weaker and become

statistically insignificant for those with moderate and severe conditions. This indicates that

the elasticity of outpatient service utilization with respect to the OOP maximum decreases

as chronic disease severity increases. In contrast to the results in Table 4, the DID estimates

in Tables 7 and 8 show that changes in the OOP maximum do not affect inpatient care or

ER use across any chronic health condition. These findings suggest that, for individuals in

poor health, healthcare consumption is driven more by medical need than by cost.

Among patients with poor health, the persistent use of inpatient and ER services, char-

acterized by a high proportion of essential and urgent care, carries an important policy

implication: reducing medical costs does not necessarily lead to moral hazard. Considering

that a primary goal of the OOP maximum policy is to protect patients from catastrophic

health expenditures while minimizing moral hazard, these findings provide notable evidence

that the policy may be achieving its intended objectives among individuals with chronic

health conditions.

5.3 Robustness

Previous research has found that self-employed individuals are likely to underreport their

income. The KHP data includes information about three main types of employees: (1) gov-

ernment officers, (2) company employees, and (3) self-employed. The incomes of government

officers and company employees are reported by the government and employers, whereas the

self-employed report their own income. If income manipulation exists, the continuous DID

estimates may be biased. Table 9 reports the results of visits for outpatient, inpatient, and

emergency care by employment types. The signs are consistent between the self-employed
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and employees. 11 12

6 Conclusion

In summary, the study investigates the impact of maximum out-of-pocket (OOP) limits on

healthcare utilization (outpatient, inpatient, ER visits) in South Korea using Korean Health

Panel data for the period 2011-2017 and a continuous Difference-in-Differences approach.

The National Health Insurance Service (NHIS) provides universal health insurance coverage

across the nation. NHIS has the OOP maximum policy that limits cost sharing, and this

study employs changes in the OOP maximum determined by income deciles. The event study

estimates of average causal response support that the strong parallel trends assumption is

not violated for any outcome variables.

The study conducts extensive subgroup analyses in addition to the full sample anal-

ysis to understand heterogeneity in responses to changes in the OOP maximum. These

analyses are essential because individuals vary in their economic capacity, health status,

and employment type, all of which can influence how they respond to cost sharing struc-

tures. Income-based subgroup analysis is performed to assess how financial constraints affect

healthcare utilization. Additionally, health risk is stratified by the hazard ratios of chronic

diseases or symptoms to examine whether patients with chronic health conditions respond

differently to changes in OOP costs. Subgroup analysis by employment status is conducted

to check for potential bias introduced by self-reported income, as self-employed individuals

are more likely to underreport their earnings. This approach helps review the robustness of

the findings.

There are three main findings. First, for the full sample, higher OOP maximums reduce

11 Although figures are not reported here because they are preliminary and in progress, I conducted a
McCrary density test to check for evidence of income underreporting around income cutoffs for out-of-pocket
maximums (McCrary, 2008). Among six thresholds, I found one discontinuity accumulated to the left of
a cutoff and one discontinuity accumulated to the right. These findings do not necessarily imply income
underreporting or overreporting. It is common for heaping at round numbers to occur in self-reported survey
data regarding financial questions. For example, see Gideon, Helppie-McFall, and Hsu (2017). Furthermore,
the size of the heapings around the discontinuous cutoffs shows no difference from other heapings within the
income distribution.
12 I assign different incomes to observations around cutoffs and run the same models following Heitjan and

Rubin (1990). The results are mostly robust.

14



healthcare utilization for both outpatient and inpatient services, while their effect on emer-

gency care use is limited and statistically insignificant. The evidence from the full sample

DID indicates that when injuries require immediate treatment or symptoms appear acute,

the urgency of the condition is the main factor driving healthcare utilization rather than

costs. Second, low-income individuals show greater sensitivity to changes in the OOP max-

imum for inpatient and outpatient service use. The results suggest that increases in OOP

costs can lead to delays not only in preventive care but also in essential treatments, particu-

larly among low-income households. Finally, the effect of changes in the OOP maximum on

outpatient service utilization is smaller among patients with more severe chronic conditions,

and across all health-risk groups, OOP maximums do not influence the use of inpatient or

emergency care. For patients in poor health, these findings suggest that the OOP maximum

policy can serve as an effective safeguard to protect individuals from catastrophic medical

expenses without inducing moral hazard.

This study showed that patients respond differently to changes in OOP maximums ac-

cording to their characteristics, including health risk classified by hazard ratios. However,

the classification criteria did not cover the entire sample because hazard ratios are relative

measures and cannot be pooled from different studies. With a more comprehensive study

covering a wider range of chronic diseases and symptoms, more accurate estimates could be

obtained. Additionally, healthcare use was measured by visit counts. Nevertheless, the KHP

data do not directly observe quality changes in care or reasons for choosing a service. There-

fore, if richer data related to these aspects were available, more insightful policy implications

could be derived.
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Figure 1: Cost Structures of Public Health Insurance Programs

(a) National Health Insurance of South Korea

(b) Public Health Insurance of the United States

Note: Figures (a) and (b) illustrate the out-of-pocket cost structures of public health
insurance programs in South Korea and the United States. The insurance premium is
the fixed payment for enrolling in the health insurance program, regardless of medical
expenses. Deductibles are the amount the patient must pay before insurance coverage
begins. Coinsurance is the percentage of medical costs the patient pays after meeting
the deductible. The out-of-pocket (OOP) maximum limits the total annual amount
enrollees pay; once reached, insurance covers all additional costs.
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Figure 2: Timeline of South Korea’s National Health Insurance Service

Note: This timeline summarizes major milestones in the evolution of South Korea’s public health
insurance, concentrating on changes regarding out-of-pocket (OOP) maximum policies. Beginning with
employer-based coverage for large companies, public health insurance gradually expanded to cover all
citizens by 1989. The OOP maximum was introduced and then refined over time, shifting from a uniform
threshold to an income-based maximum, and then further subdivided by income levels to enhance equity
and financial protection against medical costs.
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Table 2: Descriptive Statistics

Mean SD Min Max

Number of visits: dependent variables
Outpatient services 14.74 21.53 0 407
Inpatient services 0.18 0.84 0 127
Emergency room 0.11 0.45 0 26

Treatment
Log(out-of-pocket max) 14.79 0.38 14.04 15.51
Post 0.60 0.49 0 1
Post*Log(out-of-pocket max) 8.82 7.22 0 15.51

Income
Log(household income) 17.47 0.86 0 22.07
Low income 0.26 0.44 0 1
Middle income 0.42 0.49 0 1
High income 0.31 0.46 0 1

Employment type
Government officer 0.06 0.24 0 1
Employee 0.62 0.49 0 1
Self-employed 0.32 0.47 0 1

Demographics
Number of chronic diseases 1.29 1.70 0 7
Years of education 13.18 5.2 1 23
Age 43.78 23.00 1 105
Female 0.51 0.5 0 1
Spouse 0.54 0.50 0 1

Note: Mean, standard deviation (SD), minimum, and maximum are reported. Post is a binary indicator for
the post-policy period (2014 and after). Income categories are assigned by sample percentiles: 0–30% is
low, 30–70% is middle, and 70–100% is high. Log transformations are applied to out-of-pocket maximum
and household income. Monetary values are in thousands of Korean Won, adjusted to real terms.
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Figure 3: Proportion of the Population Whose Medical Expenses Exceed the Out-of-Pocket
Maximum

Note: The black line graph displays the proportion of individuals in each income decile whose annual

medical expenses exceeded the out-of-pocket (OOP) maximum. As income increases, the proportion

declines.

22



Figure 4: Event-study estimates of ACR for outpatient, inpatient, and ER visits

(a) Event-study estimates of ACR for outpatient visits

(b) Event-study estimates of ACR for inpatient visits

(c) Event-study estimates of ACR for ER visits

Note: Event time is indexed relative to the policy reform year, 2014. Each panel plots event-study
estimates of the average causal response (ACRes) and 95% confidence intervals following equation (3). No
evidence of violations of the strong parallel trends assumption was found in the data.
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Table 3: Continuous DID Estimates of Outpatient Visits: Full and Income Subsamples

(1) (2) (3)
Full sample Low-middle income Middle-high income

Log(out-of-pocket maximum) 0.735** 1.166** 0.239
(0.303) (0.594) (0.307)

Post 9.908** 24.730*** 1.633
(3.821) (7.595) (4.397)

Post*Log(out-of-pocket maximum) -0.724*** -1.731*** -0.180
(0.257) (0.517) (0.293)

Number of chronic diseases 1.335*** 1.417*** 1.085***
(0.060) (0.076) (0.068)

Age 0.478*** 0.389*** 0.531***
(0.030) (0.051) (0.031)

Years of education -0.971*** -1.007*** -1.040***
(0.037) (0.049) (0.038)

Log(expenditures on private insurance) -0.002 -0.004 0.012
(0.016) (0.022) (0.018)

Log(income/family size) 0.001 -0.001*** 0.001
(0.001) (0.001) (0.001)

Constant -4.211 -7.065 2.847
(4.820) (9.553) (4.813)

Observations 117,021 81,429 82,830

Note: Results are estimated using equation (1) with the dependent variable, outpatient visits. Each
column header indicates the sample used for estimation: full sample, low-middle income (0th–70th
percentile), and middle-high income (40th–100th percentile). Post*Log(out-of-pocket maximum) is the
difference-in-difference estimator. The Individual and year fixed effects are included. Coefficients and
standard errors are rounded to three decimal places; Standard errors are in parentheses. ***, **, and *
denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 4: Continuous DID Estimates of Inpatient Visits: Full and Income Subsamples

(1) (2) (3)
Full sample Low-middle income Middle-high income

Log(out-of-pocket maximum) 0.025 0.043 0.029
(0.019) (0.038) (0.021)

Post 0.801∗∗∗ 1.252∗ 0.687∗∗

(0.234) (0.489) (0.297)

Post*Log(out-of-pocket maximum) -0.054∗∗∗ -0.085∗∗ -0.045∗∗

(0.016) (0.033) (0.020)

Number of chronic diseases 0.03∗∗∗ 0.035∗∗∗ 0.028∗∗∗

(0.004) (0.005) (0.005)

Age 0.008∗∗∗ 0.007∗ 0.005∗

(0.002) (0.003) (0.002)

Years of education -0.008∗∗∗ -0.01∗∗ -0.005∗

(0.002) (0.003) (0.003)

Log(expenditures on private insurance) 0.003∗∗∗ 0.006∗∗∗ 0.004∗∗∗

(0.001) (0.001) (0.001)

Log(income/family size) 0.001 0.001 -0.001
(0.001) (0.001) (0.001)

Constant -0.512 -0.755 -0.479
(0.295) (0.615) (0.325)

Observations 117,021 81,429 82,830

Note: Results are estimated using equation (1) with the dependent variable, inpatient visits. Each column
header indicates the sample used for estimation: full sample, low-middle income (0th–70th percentile), and
middle-high income (40th–100th percentile). Post*Log(out-of-pocket maximum) is the difference-in-
difference estimator. The Individual and year fixed effects are included. Coefficients and standard errors
are rounded to three decimal places; Standard errors are in parentheses. ***, **, and * denote statistical
significance at the 1%, 5%, and 10% levels, respectively.
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Table 5: Continuous DID Estimates of ER Visits: Full and Income Subsamples

(1) (2) (3)
Full sample Low-middle income Middle-high income

Log(out-of-pocket maximum) 0.008 -0.03 0.003
(0.01) (0.02) (0.012)

Post 0.127 -0.12 -0.051
(0.13) (0.251) (0.165)

Post*Log(out-of-pocket maximum) -0.008 0.008 0.004
(0.009) (0.017) (0.011)

Number of chronic diseases 0.006∗∗∗ 0.01∗∗∗ 0.002
(0.002) (0.003) (0.003)

Age 0.005∗∗∗ 0.004∗∗ 0.004∗∗

(0.001) (0.002) (0.001)

Years of education -0.008∗∗∗ -0.009∗∗∗ -0.009∗∗∗

(0.001) (0.002) (0.001)

Log(expenditures on private insurance) -0.001 0.001 0.001
(0.001) (0.001) (0.001)

Log(income/family size) -0.001 0.001∗ -0.001
(0.001) (0.001) (0.001)

Constant -0.121 0.434 0.04
(0.164) (0.316) (0.181)

Observations 117,021 81,429 82,830

Note: Results are estimated using equation (1) with the dependent variable, emergency room visits. Each
column header indicates the sample used for estimation: full sample, low-middle income (0th–70th
percentile), and middle-high income (40th–100th percentile). Post*Log(out-of-pocket maximum) is the
difference-in-difference estimator. The Individual and year fixed effects are included. Coefficients and
standard errors are rounded to three decimal places; Standard errors are in parentheses. ***, **, and *
denote statistical significance at the 1%, 5%, and 10% levels, respectively.

26



Table 6: Continuous DID Estimates of Outpatient Visits by Chronic Health Risk

(1) (2) (3)
Mild health risk Moderate health risk High health risk

Log(out-of-pocket maximum) 2.254∗∗∗ 1.449 1.564
(0.840) (2.418) (2.298)

Post 29.820∗∗∗ 16.650 7.881
(10.590) (28.270) (28.940)

Post*Log(out-of-pocket maximum) -2.093∗∗∗ -1.223 -0.588
(0.715) (1.914) (1.959)

Number of chronic disease 1.374∗∗∗ 1.417∗∗∗ 0.462
(0.123) (0.254) (0.304)

Age 0.487∗∗∗ 0.231 0.308
(0.077) (0.205) (0.204)

Years of education -1.015∗∗∗ -0.400 -0.131
(0.111) (0.496) (0.520)

Log(expenditures on private insurance) -0.018 -0.031 0.205∗∗

(0.046) (0.102) (0.113)

Log(income/family size) 0.001 0.001 -0.001
(0.001) (0.001) (0.001)

Constant -25.240∗ -2.776 -13.980
(13.730) (42.110) (39.610)

Observations 34,134 8,737 8,132

Note: Results are estimated using equation (1) with the dependent variable, outpatient visits. Each
column header indicates the sample used for estimation: mild risk (hazard ratio ≤ 1), moderate risk (1 <
hazard ratio ≤ 1.5), and high risk (1.5 < hazard ratio). The Post*Log(out-of-pocket maximum) term is the
difference-in-differences estimator. Individual and year fixed effects are included. Coefficients and standard
errors are rounded to three decimal places; standard errors are in parentheses. ***, **, and * denote
statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table 7: Continuous DID Estimates of Inpatient Visits by Chronic Health Risk

(1) (2) (3)
Mild health risk Moderate health risk High health risk

Log(out-of-pocket maximum) 0.021 -0.050 0.172
(0.032) (0.095) (0.236)

Post 0.381 -0.02 3.977
(0.404) (1.109) (2.966)

Post*Log(out-of-pocket maximum) -0.026 0.001 -0.265
(0.027) (0.075) (0.201)

Number of chronic diseases 0.015*** 0.011 0.009
(0.005) (0.010) (0.031)

Age 0.018*** 0.015* -0.001
(0.003) (0.008) (0.021)

Years of education -0.009* -0.001 0.004
(0.004) (0.020) (0.053)

Log(expenditures on private insurance) -0.018 -0.031 0.033***
(0.046) (0.102) (0.011)

Log(income/family size) 0.001 0.001 -0.001
(0.001) (0.001) (0.001)

Constant -1.035** 0.018 -2.137
(0.524) (1.652) (4.059)

Observations 34,134 8,737 8,132

Note: Results are estimated using equation (1) with the dependent variable, inpatient visits. Each column
header indicates the sample used for estimation: mild risk (hazard ratio ≤ 1), moderate risk (1 < hazard
ratio ≤ 1.5), and high risk (1.5 < hazard ratio). The Post*Log(out-of-pocket maximum) term is the
difference-in-differences estimator. Individual and year fixed effects are included. Coefficients and standard
errors are rounded to three decimal places; standard errors are in parentheses. ***, **, and * denote
statistical significance at the 1%, 5%, and 10% levels, respectively.

28



Table 8: Continuous DID Estimates of ER Visits by Chronic Health Risk

(1) (2) (3)
Mild health risk Moderate health risk High health risk

Log(out-of-pocket maximum) 0.013 0.002 0.041
(0.025) (0.067) (0.084)

Post 0.212 0.092 0.501
(0.309) (0.785) (1.053)

Post*Log(out-of-pocket maximum) -0.014 -0.006 -0.036
(0.021) (0.053) (0.071)

Number of chronic diseases 0.007 0.018*** -0.013
(0.004) (0.007) (0.011)

Age 0.010*** 0.002 0.020**
(0.002) (0.006) (0.007)

Years of education -0.008*** 0.018 0.013
(0.003) (0.014) (0.019)

Log(expenditures on private insurance) 0.000 -0.001 -0.003
(0.001) (0.003) (0.004)

Log(income/family size) 0.001 0.001 0.001
(0.001) (0.001) (0.001)

Constant -0.546 -0.333 -1.777
(0.401) (1.168) (1.441)

Observations 34,134 8,737 8,132

Note: Results are estimated using equation (1) with the dependent variable, inpatient visits. Each column
header indicates the sample used for estimation: mild risk (hazard ratio ≤ 1), moderate risk (1 < hazard
ratio ≤ 1.5), and high risk (1.5 < hazard ratio). The Post*Log(out-of-pocket maximum) term is the
difference-in-differences estimator. Individual and year fixed effects are included. Coefficients and standard
errors are rounded to three decimal places; standard errors are in parentheses. ***, **, and * denote
statistical significance at the 1%, 5%, and 10% levels, respectively.
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