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ABSTRACT

The three essays of my dissertation examine how behavioral responses to health policy can

shape, and sometimes undermine, the intended impact of policies.

The first essay, Chasing the Missing Patients: Exploring the Unintended Consequences

of Free Health Screenings, examines two possible unintended consequences of removing

cost sharing for health screening for people at high risk for chronic conditions, as is done

in the Affordable Care Act. First, free screenings could attract patients with lower up-

take of medical treatment, reducing the impact of the policy on treatment and changing

the composition of diagnosed patients. Second, expanding screening could increase ad-

verse selection and reduce the stability of health insurance markets. Using data from three

biomarker studies reflecting different populations affected by the Affordable Care Act, we

find evidence for the former prediction but not the latter. This essay is joint work with

Lisandro Colantonio, Monika Safford, and David Meltzer.

The second essay, Does Identification of Previously Undiagnosed Conditions Change

Patient Care Seeking Behavior?, shows that screening leads to doctor visits for previously

undiagnosed conditions for many but not all patients, with marginally lower effects among

patients lacking a usual healthcare provider. To identify the effects of screening, we exploit

the REasons for Geographic And Racial Differences in Stroke (REGARDS) epidemiolog-

ical study as a natural experiment. This essay is joint work with Lisandro Colantonio,

Monika Safford, and Elbert Huang.

The third essay, Policy Analysis with Endogenous Migration Decisions: The Case of

Left-Behind Migrant Children in China, models parental decisions as responses to local

policy to show that migration effects could undermine the benefits of place-specific gov-

ernment services for children. Addressing a puzzle in the empirical literature on children

who are left-behind by migrant parents, I use a theoretical model to sign the effect of being

xi



left-behind on child well-being for a policy-relevant subset of children: children who be-

come left-behind as a result of a policy change. For these children, becoming left-behind

reduces their well-being. To show that these theoretically derived effects could be em-

pirically important, I use panel data on Chinese families before and after a health policy

change.
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CHAPTER 1

CHASING THE MISSING PATIENTS: EXPLORING THE

UNINTENDED CONSEQUENCES OF FREE HEALTH

SCREENINGS

1.1 Introduction

Many people, including some with health insurance, are not screened for conditions that

can be asymptomatic and can be treated to prevent illness. For instance, diabetes, high

cholesterol, and hypertension are top contributors to cardiovascular disease and end-stage

renal disease in the United States and about one-fifth of cases are undiagnosed [1–6]. In or-

der to recruit patients who have unmet health needs due to lack of awareness (i.e., “missing”

patients) as an entry point for treating their conditions, the Affordable Care Act (hereafter,

ACA) requires health insurance plans to offer free screening for diabetes, high cholesterol,

and hypertension to people at high risk.1 This policy has already affected the health plans

of an estimated 76 million people [7]. Due to the effectiveness of available treatments,2 the

policy could have a substantial health impact if this policy increases treatment of chronic

conditions.

Although it may seem intuitive that subsidizing screening should increase treatment of

chronic conditions, in fact the size of the effect is unclear for two reasons that we explore

1. Section 2713, “Coverage of Preventive Services,” requires that health insurance issuers “not impose
any cost sharing requirements for evidenced-based items or services that have in effect a rating of A or B
in the current recommendations of the United States Preventive Services Task Force.” Accordingly, no cost
sharing is required for blood pressure screening for all adults, diabetes screening for adults aged 40-70 who
are overweight or obese, and cholesterol screening for all men aged 35+ (or at lower age with elevated risk)
and all women at elevated risk aged 20+. Sections 4103 and 4104 of the Affordable Care Act also eliminate
cost sharing for annual wellness visits for Medicare beneficiaries.

2. See [8–17] for evidence on the effectiveness of treatments.

1



in this paper. The first reason is that patients with undiagnosed conditions may differ from

other patients in their demand for health care after diagnosis. Our logic is as follows.

Patients who are unaware of some of their conditions are less likely than patients who are

aware of all their conditions to have been screened recently. This lack of screening may

have resulted from their lower perceived benefits of medical treatment or higher perceived

barriers to medical treatment.3 These barriers to care could include out-of-pocket costs,

or non-pecuniary costs such as distance to a physician, language barriers, or psychological

costs [18,25–28]. These same barriers to medical treatment could then translate to lower

treatment rates for newly detected conditions.

Second, increased screening could make medical treatment less affordable due to in-

direct effects. If patients switch into more generous health plans after learning that they

are sick and health plans cannot use pre-existing conditions in deciding the premium price,

then generous health plans must increase premium prices for all patients to cover the addi-

tional costs. This would be an example of adverse selection, the process by which patients

sort into more generous insurance based on anticipated health needs that are known to them

but are not incorporated into premium prices [29–31]. When adverse selection compounds

over time, there can be major implications for how well a health insurance market can func-

tion [32,33]. Previous studies have shown that increases in adverse selection can unravel

the benefits to providing patients with information [34].

This paper contributes to the literature by providing the first empirical assessment, to

our knowledge, of these two concerns. First, we examine whether people who had un-

diagnosed conditions prior to low-cost screenings differ from others in their uptake of

physician-recommended treatment for diagnosed conditions. This is important for providers

to know whether additional outreach could be necessary to engage patients whose chronic

3. For evidence on screening, see [18–21]. For a discussion of self-selection into treatment and related
econometric approaches, see, e.g., [22–24].
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conditions become diagnosed as a result of a change in the price of screening. We exam-

ine this issue using data from three biomarker studies that paid participants to collect their

biomarkers. These include two national biomarker studies, the National Health and Nutri-

tion Examination Survey (hereafter, NHANES) and the Reasons for Geographic and Racial

Differences in Stroke study (hereafter, REGARDS), and one regional biomarker study, the

Oregon Health Insurance Experiment (hereafter, OHIE) [35–37]. These three studies re-

flect different groups affected by the ACA policy: all people with health insurance, people

with Medicare insurance, and people who would apply for expanded Medicaid, respec-

tively. We find that people who were not recently screened for undiagnosed conditions

are less likely to receive recommended medical treatment for their previously diagnosed

conditions; likewise, people with some undiagnosed conditions are less likely to treat their

previously diagnosed conditions.4 We therefore project that marginally screened people

may also be less likely to receive recommended medical treatment after their currently un-

diagnosed conditions are diagnosed. This could reduce the health benefits of subsidizing

screening and affect physician practice.

Second, we use the REGARDS study as a natural experiment to examine whether peo-

ple select health plans with lower cost-sharing after learning of a previously undiagnosed

condition. Understanding how low-cost screening affects health care markets is impor-

tant to predict the impacts of changes to screening policy in health insurance markets with

many undiagnosed patients, such as the health insurance marketplaces established under

the ACA. We implement the test using panel data on Medicare plan selection that have

been merged with the survey and biomarker data of 9,990 REGARDS participants, 20% of

whom had an undiagnosed case of diabetes, high cholesterol and/or hypertension. Because

4. The former finding relates more directly to our goal of understanding how the marginally screened
patients differ from previous patients. It is also slightly more robust, showing statistical significance at the
5% level in 28 out of 30 tests and at the 10% level in 30 out of 30 tests. Screening histories are not available
in all three datasets, however, and therefore we include both analyses.

3



these REGARDS participants were recruited and screened on a rolling basis over 2003-

2007, we can compare not-yet-recruited participants to recently-recruited participants to

determine the impact of participation in low-cost screening on enrollment in Medicare

Advantage while adjusting for secular trends. We find no evidence that participants with

undiagnosed conditions enrolled in Medicare Advantage, health plans with lower overall

cost-sharing than fee-for-service Medicare, after low-cost screening. This may indicate

that participants with undiagnosed conditions did not anticipate spending much money on

the new conditions. This result should be interpreted with caution, however, as our data do

not include details on cost sharing for specific health plans and we do not observe switches

across Medicare Advantage plans. If generalizable, the results would imply that subsidiz-

ing screening will not increase sorting of sicker patients into more generous health plans,

i.e., adverse selection. This is important because adverse selection is a prominent concern

when health status cannot be incorporated into premium prices, as is the case under the

ACA [38].

An association between demand for medical treatment and demand for screening could

explain both findings. In particular, patients with lower demand for medical treatment

would have lower treatment of existing conditions and also less reason to adversely select

after learning of a previously undiagnosed condition. To show that such an association is

plausible, we analyze a theoretical model based on the Picone interpretation of the Gross-

man model [39,40]. In the model, agents can consume medical treatment to ameliorate the

negative health effects of a chronic health condition, but only if they have been screened

and diagnosed for the condition. Agents who have been recently screened know whether

they have a chronic health condition, whereas agents who have not been recently screened

hold beliefs about the probability that they have a condition. Agents differ only in the

costs they face for medical treatment. We use the model to show that, as intuited above,

4



costs both reduce patients’ demand for medical treatment after diagnosis and reduce their

demand for screening.

The paper proceeds as follows. Section 1.2 compares our study with previous literature.

In section 1.3, we analyze a theoretical model of demand for health screening and demand

for medical treatment to show why the two could be linked. Section 1.4 shows empiri-

cal evidence of a relationship between use of medical treatment for previously diagnosed

conditions and use of prior screening (directly measured, or proxied by presence of undiag-

nosed conditions). Section 1.5 shows no evidence of adverse selection after patients learn

of a previously undiagnosed condition, and describes how we use the REGARDS epidemi-

ological study as a subsidy to screening with random roll-out to identify this relationship.

Section 3.7 concludes.

1.2 Comparison with the literature

Anticipated costs and benefits of health care can differ across individuals, influencing in-

dividuals’ willingness to pursue care [23,24,41]. This premise underlies commonly used

public health models such as the health belief model.5 It follows that anticipated net bene-

fits of particular health services can vary across individuals [44]. In certain cases, distribu-

tions of these individual-level net benefits can be estimated [22,23,45]. These distributions

are useful because changes to out-of-pocket costs of health care will attract different pa-

tients to use the treatment based on their anticipated cost and benefit [46–48]. A number

of recent papers use new econometric methods to estimate distributions of net benefits of

specific health services. These papers typically focus on how patients choose between

treatments for their conditions (i.e., the intensive margin) [45,49–54]. In contrast, our theo-

5. See [42] for a review of commonly used health behavior models in the public health field. The health
belief model includes perceived benefits and perceived barriers as a key construct, and these are the constructs
that are most strongly predictive of behavior in empirical tests [25,43].
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retical model considers distributions of anticipated net benefits of screening, a determinant

of which conditions are not treated (i.e., the extensive margin).

When analyzing adverse selection, we use panel data to avoid conflating adverse selec-

tion with other factors [55–59]. In particular, the observed correlation between health care

claims and insurance generosity in cross-sectional data reflects two effects: (a) sicker indi-

viduals select more generous insurance based on their private knowledge of their healthcare

needs (adverse selection), and (b) generous insurance reduces incentives to avoid claims

due to the lower out-of-pocket price of curative care (moral hazard). Although both forces

can cause a positive correlation between claims and insurance generosity, the two problems

have different implications for public policy [60]. We sidestep this issue by using a strategy

originally proposed by Abbring and co-authors, namely, using panel data combined with

shocks to the cost or benefit of claims to identify the two forces separately [55,56]. Abbring

and co-authors exploit shocks in the cost of claims in a bonus-malus car insurance payment

scheme to identify moral hazard separately from selection; subsequently, Spenkuch ex-

ploits shocks in the cost of health insurance due to randomized roll-out of Mexico’s Seguro

Popular [59]. Our identification strategy exploits changes to the perceived benefits of gen-

erous insurance [57].

With respect to the model, our approach is based on the most commonly used eco-

nomic framework for health investment, the Grossman health capital model [40]. In this

model, agents make decisions about how much time and money to invest in health to max-

imize their utility given practical constraints. In Grossman’s original health capital model,

there was no uncertainty: agents had perfect knowledge about their health and about the

health production process.6 Previous research has incorporated uncertainty about how

6. As a result, it is difficult to use the model to discuss preventive care as distinct from curative care [61].
Perhaps because individuals demand more curative care when they are sick, the model’s predictions of a
positive relationship between health and demand for health care was not upheld in empirical tests [62]. This
is still a critique of the Grossman model [63].
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health investments translate to future health and productivity into the model using ran-

dom shocks [64–66]. Many of these papers incorporate uncertainty into a Grossman model

where health investment is motivated chiefly by labor market returns [67–69]. Because

we want our results to generalize to agents who are not in the labor force, we follow an

approach closer to that of Picone and co-authors, who simulate the effects of uncertainty

about health on demand for preventive medical care among retirees [39]. We expand on

this literature by focusing on endogenous lack of screening, rather than exogenous shocks,

as agents’ key source of uncertainty about their health.

1.3 Theoretical model

In this section, we analyze a model of demand for screening and demand for medical treat-

ment after diagnosis to show one reason why the two could be mechanically related. In the

model, agents use medical treatment to ameliorate the negative effects of chronic health

conditions. Agents who have been recently screened know whether they have a chronic

condition, whereas agents who have not been recently screened hold beliefs about the prob-

ability they have a chronic condition. Agents differ only in their costs of medical treatment;

we separately model pecuniary and non-pecuniary costs. We analyze this model to derive

predictions about which agents are willing to pay more for screening.

Agents maximize a continuously differentiable function of health (H) and consumption

(C), net of disutility of medical treatment. Disutility of medical treatment due to non-

pecuniary costs is linear in units of medical treatment M and the magnitude of disutility

from non-pecuniary costs is captured by θ , which varies across agents.7 The utility func-

7. Non-pecuniary costs could be related to factors such as language barriers, distance to a provider, de-
pression symptoms or other psychological factors which provide barriers to care, etc.
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tion is therefore:

u(C, H (M, D))−θM

u(·) is concave in C and H, and agents have weakly higher marginal utility from consump-

tion when they are healthier.

Health does not affect income, as in the pure consumption version of the Grossman

model [66]. To keep notation simple, we assume that agents have assets A and receive no

further income. If an agent has a chronic condition, then D = 1; otherwise, D = 0. If D = 1

and the agent has been diagnosed, then he must decide how to divide his funds between

medical treatment (M ≥ 0 units, purchased at a price P per unit where P can vary across

agents), and other consumption (C). This yields the budget constraint:

C+PM = A

If the agent does not have a diagnosed condition, he is not eligible to receive medical

treatment. In this case, therefore, the entire budget is spent on other consumption: C = A.

Health H is a function of medical treatment M and chronic condition status D, as fol-

lows. When agents have a chronic condition, health becomes worse: H (M, 0)>H (M, 1)∀M.

However, medical treatment improves health for agents with chronic conditions: ∂H(M,1)
∂M >

0∀M.

Because doctors only provide medical treatment to patients who are diagnosed for a

condition, an agent’s utility and decision variables vary based on whether he has been

screened and the results of the screening. There are three possible cases:

1. The agent has not been recently screened and does not know whether he has a chronic

condition, but has (correct) beliefs about π , the probability that he has a chronic con-

dition. Because the agent is not diagnosed, he cannot receive medical treatment
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(M = 0) and therefore uses all funds for consumption. His expected utility is there-

fore:

πu(A, H (0, 1))+(1−π)u(A, H (0, 0)) (1.1)

2. The agent has been recently screened and knows he does not have a chronic condition

(D = 0).8 He is not eligible for medical treatment and therefore uses all funds for

consumption. His utility is:

u(A, H (0, 0)) (1.2)

3. The agent has been recently screened and knows he has a chronic condition (D = 1).

Therefore, the agent can choose to use medical treatment. As such, the agent selects

M and C to maximize his utility:

max
C,M

u(C, H (M, 1))−θM (1.3)

subject to C+PM = A.

Screening moves agents from case (1) to case (2) or (3) depending on the results of the test.

Equations (1.1), (1.2), and (1.3) can be combined to describe agents’ willingness to pay

for screening. In particular, agents are indifferent between being screened and not being

8. For simplicity, we present the case where the test is perfectly informative. This assumption can be
relaxed without altering the main results.
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screened at out-of-pocket price of screening κ if:

π

(
max

M
u(A−PM−κ, H (M, 1))−θM

)
+(1−π)u(A−κ, H (0, 0))

−(πu(A, H (0, 1))+(1−π)u(A, H (0, 0))) = 0 (1.4)

We can then define κ∗ as the price of screening that makes any given agent just indif-

ferent between being screened and not being screened. As such, κ∗ captures the agent’s

willingness to pay for screening.

1.3.1 Optimal decisions after screening detects a chronic health

condition

In this case, the agent is eligible for medical treatment and can choose his consumption of

medical treatment and other goods. The optimal solutions, denoted M∗ and C∗, are defined

by the first order condition:

∂u(C, H (M∗, 1))
∂H

∂H (M∗, 1)
∂M

−θ = P
∂u(C∗, H (M∗, 1))

∂C
(1.5)

The left-hand side of equation (1.5) indicates the utility gains from consuming a unit of

medical treatment. ∂u(C,H(M∗,1))
∂H

∂H(M∗,1)
∂M is the utility benefit from improved health and

−θ is the disutility of consuming a unit of medical treatment due to non-pecuniary costs.

The right-hand side of equation (1.5) indicates the utility gains from spending P addi-

tional dollars on consumption rather than on medical treatment. Therefore equation (1.5)

indicates that at the optimal point, the marginal benefits of purchasing a unit of medical

treatment equal the marginal benefits of using the same funds for consumption.
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1.3.2 Analysis of marginally screened agents and empirical predictions

We now show that agents who become willing to be screened after a decrease in the out-of-

pocket price of screening use less medical treatment after diagnosis than already screened

individuals. This follows from two propositions.

Proposition 1.3.1 Willingness to pay for screening is decreasing in agents’ costs of medi-

cal treatment: ∂κ∗
∂θ

< 0 and ∂κ∗
∂P < 0, respectively.

The proofs are based on the envelope theorem. See Appendix 1.D.

Proposition 1.3.2 Demand for medical treatment after diagnosis is also decreasing in

agents’ costs of medical treatment: ∂M∗
∂θ

< 0 and ∂M∗
∂P < 0.

See Appendix 1.E for the proofs.

Based on these propositions, higher costs of medical treatment decrease agents’ de-

mand for medical treatment after diagnosis, and also agents’ decrease willingness to pay

for screening. The implications for a policy that decreases the out-of-pocket price of screen-

ing when costs of medical treatment vary across agents are as follows. First, decreasing the

out-of-pocket price of screening will attract agents with marginally lower willingness-to-

pay for screening (κ∗) to become screened. Agents with marginally lower κ∗ will also face

marginally higher costs (θ and/or P) by Proposition 2.1. In turn, higher costs for medi-

cal treatment imply that these agents will use less medical treatment for their diagnosed

conditions than previously screened agents by Proposition 2.2. This produces the empir-

ical prediction that patients whose conditions become diagnosed because of a decline in

the out-of-pocket price of screening use less medical treatment for their conditions after

diagnosis.

If we allowed the benefits of medical treatment rather than the costs of medical treat-

ment to vary across agents, we could produce the same empirical predictions in some cases.
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However, this exercise would be complicated by the fact that patients learn about the ben-

efits of medical treatment through screening. In practice, patients are unaware of the pres-

ence or severity of their asymptomatic conditions prior to screening, and these factors de-

termine the benefits of medical treatment. This presents the problem that patients’ ex ante

beliefs about the benefits of medical treatment determine their willingness to pay for screen-

ing, whereas their (different) ex post beliefs determine demand for medical treatment. If all

patients hold correct beliefs about the benefits of medical treatment after screening, then

gaps in care of diagnosed conditions among newly-screened and previously-screened pa-

tients would only appear if the true benefits to treatment were lower for newly diagnosed

patients. This could be the case if newly diagnosed patients have less severe conditions

overall. We explore this possibility in the empirical analysis to follow, and conclude that

condition severity is unlikely to account for our findings.

1.4 Links between screening and treatment of previously diagnosed

conditions on the individual-level

In this section we show that individuals who are not regularly screened, or whose undi-

agnosed conditions are detected after an epidemiological study pays them to be screened,

differ from other individuals in their use of treatment for their previously diagnosed con-

ditions. This pattern remains after adjusting for insurance status, condition severity, and

prevalence of diagnosed and undiagnosed comorbid conditions. We also replicate the re-

sults using data from three groups that are likely to be affected by ACA provisions limiting

cost-sharing for screening. If treatment of previously diagnosed conditions predicts care

for newly diagnosed conditions, these results imply that the impact of low-cost screenings

on treatment of diabetes, hypertension, and high cholesterol could be blunted by the lower

use of medical treatment among patients with previously undiagnosed conditions.
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1.4.1 Data

The analysis uses data from three studies: the National Health and Nutrition Examina-

tion Survey (NHANES), the REasons for Geographic and Racial Differences in Stroke

study (REGARDS), and the Oregon Health Insurance Experiment baseline biomarker data

(OHIE). In all three studies, participants reported their diagnosed conditions in a survey,

had their biomarkers taken to identify undiagnosed conditions, and were paid for their time.

Table 3.1 summarizes the sample selection and characteristics of included participants for

these three studies.

NHANES is a nationally representative biomarker survey run by the Center for Dis-

ease Control and Prevention. Comparable data have been collected on a rolling basis from

1999-2013, and these are the data most commonly used to track awareness of chronic con-

ditions over time on the national level [35]. REGARDS is an epidemiological study of

older adults that recruited participants across the continental United States over 2003-2007

using a commercial list of residential phone numbers [37]. The REGARDS data have

been linked with administrative records of doctor visits for participants enrolled in tradi-

tional Medicare [70]. Finally, the Oregon Health Insurance Experiment (OHIE) baseline

biomarker study was conducted during 2009-2010 and sampled adults who entered a lottery

to apply for Medicaid in Oregon in 2008 [71,72].

These three datasets have different advantages and disadvantages for our analysis. First,

the NHANES data provide self-reported information on whether a doctor recommended

managing hypertension and high cholesterol using a prescription, whereas the REGARDS

and OHIE data do not. This is important because national guidelines recommend treating

less severe cases of these conditions with diet and exercise before prescribing medication

[15,16]. By tracking medication use only among participants who report that their doctor

recommended medication, we can ensure that our results are not driven by medication non-
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use among patients whose doctors recommended controlling the condition through diet and

exercise alone. As a nationally representative survey, the NHANES also samples the most

diverse group of participants. The OHIE baseline data have a different advantage for the

present analysis. Adding these data allows us to pursue a focused analysis of a group of

importance for the ACA: applicants to expanded Medicaid. In Medicaid expansion states,

many patients who become diagnosed due to the ACA could come from this group. Finally,

the OHIE and NHANES data have the disadvantage of relying exclusively on participant

self-report to measure diagnosis and treatment of conditions, which could be a source of

measurement error [73]. To address this issue, we also analyze data from participants in

REGARDS with merged Medicare claims from the the two years prior to participation.

For this group, we can analyze claims data on doctor visits for evaluation and management

of diagnosed diabetes, high cholesterol, and/or hypertension rather than relying only on

self-reported data.

Identifying diagnosed and undiagnosed conditions In each of the three datasets, we

code participants as having a particular chronic condition (diabetes, hypertension, and/or

high cholesterol) if they report prior diagnosis for the condition at the time of participation,

if their biomarkers meet standard definitions for the condition after taking their fasting sta-

tus into account, or if they are taking medications that indicate the condition in a medication

review (if applicable for that study) [8,15,16]. Table 1.8 in the Appendix includes details

of each definition. Individuals are classified as undiagnosed for the condition if they meet

the biomarker definitions for a condition, but report no prior diagnosis for that condition.

In the REGARDS data, we correct for under-reporting by also classifying participants

as diagnosed if they show biomarkers relevant to the condition and their doctors have been

regularly evaluating and managing their condition based on recent claims. In particular, we

also classify participants as diagnosed if they meet the biomarker definitions for a condition
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Table 1.1: Characteristics of included participants from the three biomarker surveys
NHANES OHIE Baseline

Biomarker Data
REGARDS
Medicare Data

Survey Inclusion Criteria Nationally
representative

Applicants to
expanded
Medicaid

Traditional
Medicare insured
prior 2 years;
black or white;
English speaking

Geography of Sample National Oregon National
Year of Biomarker Collection 2001-2014 2009-2010 2003-2007
Age Range in Analysis All 19+ 67+

Participants with Any
Condition(s) of Interest

25,332 7,108 5,884

Participants with
Undiagnosed Condition(s) of
Interest

8,676 4,845 1,322

Among Participants with
Condition(s) of Interest:
Average Age 55 43 75
Had Health Insurance 82% 44% 100%
African American 21% 11% 30%

Participants with Diabetes 5,627 1,007 1,309
Aware of Diabetes 4,569 847 1,166
Taking Medication for
Diabetes

3,911 819 1,161

Participants with
Hypertension

15,598 3,117 4,502

Aware of Hypertension 13,675 2,169 4,051
Taking Medication for
Hypertension

10,154 1,530 3,846

Participants with High
Cholesterol

18,384 5,714 4,268

Aware of High Cholesterol 11,876 1,511 3,394
Taking Medication for High
Cholesterol

6,139 976 2,457
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and had two evaluation and management visits coded as relevant to that condition in the 24

months prior to REGARDS participation, i.e., meet Chronic Conditions Warehouse defini-

tions for the condition based on their claims data at the time of REGARDS participation.

This process increases the number of diagnosed cases of high cholesterol by 148 (4%), the

number of diagnosed cases of diabetes by 26 (2%), and the number of diagnosed cases of

hypertension by 119 (2%).

1.4.2 Analysis

We first use NHANES data to show that use of recommended treatment for diagnosed

conditions is lower among individuals with undiagnosed conditions. Bivariate regressions

indicate that participants with undiagnosed conditions are less likely to report taking their

prescribed medications for diagnosed hypertension or high cholesterol, or taking any med-

ication for their diagnosed diabetes. (Doctors’ recommendations to control hypertension

and high cholesterol using medication are asked about in the NHANES, enabling us to track

medication use only among diagnosed patients for whom medication was recommended.

However, there is no comparable question for diabetes.) See Row 1 of Table 1.2.

One might argue that if people with undiagnosed conditions have less severe condi-

tions overall, lower treatment rates and screening rates in this group would represent an

appropriate allocation of resources. As noted previously, the tractability of this argument

is limited by the fact that people cannot know the severity of asymptomatic conditions

without screening, and most cases of hypertension and high cholesterol and many cases of

diabetes are asymptomatic. Furthermore, we find in all three biomarker datasets that par-

ticipants with undiagnosed conditions show more severe, not less severe, biomarkers for

their diagnosed conditions. See Appendix Table 1.9.
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We address this argument in the analysis by adding controls for patients’ biomarkers

including LDL and HDL cholesterol, HbA1c, and systolic and diastolic blood pressure

to the bivariate analysis above. We also adjust for self-reported retinopathy, a diabetes

symptom that is consistently measured across different waves of the NHANES survey, to

account for the possibility that onset of diabetes symptoms could spur demand for treatment

of diabetes and screening for other conditions. As shown in Row 2 of Table 1.2, findings

are similar. Findings are also similar when we adjust for prevalence and comorbidity of

other conditions rather than using continuous biomarkers, as shown in Row 3 of Table 1.2.

Another possibility is that high out-of-pocket costs for treating diagnosed conditions

could reduce patients’ willingness to be screened and also reduce their use of treatment of

diagnosed conditions, as proposed in part 1.3. We cannot quantify the importance of this

channel without knowing more about participants’ out-of-pocket costs of care. Using the

available data, however, we find that results remain similar when we control for predictors

of out-of-pocket costs and access to care such as current health insurance status, lack of

coverage at any point during the past year, current Medicaid coverage, current Medicare

coverage, year of age, current calendar year, race, and current prescription coverage; we

allow the effect of health insurance coverage on use of health care to vary by year by adding

interactions. See Rows 4 and 5 of Table 1.2. We also find similar results when the analysis

is repeated including only participants with health insurance; see Row 6 of Table 1.2.

The analysis above documents the relationships between prevalence of undiagnosed

conditions and treatment of diagnosed conditions. However, prevalence of undiagnosed

conditions is determined by two rates: prevalence of conditions, and frequency of screen-

ing. Therefore, we conduct an additional test to isolate the relationships between frequency

of screening and treatment. In this test, we compare use of recommended treatment for di-

agnosed conditions among patients who do vs. do not self-report taking a blood test for

diabetes or high cholesterol if not already diagnosed for these conditions in the past 3
17



Table 1.2: Prevalence of undiagnosed conditions and use of recommended care for diag-
nosed diabetes, hypertension, or high cholesterol (NHANES data)

(1) (2) (3) (4)
Diabetic Diabetic Hypertension Cholesterol

Eye Exam Foot Exam Meds Meds
(1) No controls
Any undiagnosed conditions -0.138*** -0.0813*** -0.0340*** -0.0276

(0.0238) (0.0229) (0.00838) (0.0169)
(2) Control for biomarkers
Any undiagnosed conditions -0.0975*** -0.0902*** -0.0162 -0.0282

(0.0351) (0.0335) (0.0127) (0.0231)
(3) Control for comorbidity
Any undiagnosed conditions -0.148*** -0.101*** -0.0660*** -0.0865***

(0.0251) (0.0239) (0.00864) (0.0173)
(4) Control for demographics
Any undiagnosed conditions -0.104*** -0.0585** -0.0105 -0.0475***

(0.0235) (0.0228) (0.00794) (0.0164)
(5) All controls
Any undiagnosed conditions -0.0771** -0.109*** -0.0129 -0.0657***

(0.0361) (0.0345) (0.0127) (0.0237)
(6) Insured only
Any undiagnosed conditions -0.0674* -0.108*** -0.0100 -0.0586**

(0.0396) (0.0371) (0.0126) (0.0237)
Standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
This table shows the relationship between use of recommended treatment for diagnosed
conditions and prevalence of undiagnosed diabetes, hypertension, and/or high cholesterol.
The rows include coefficients and standard errors obtained from linear probability models
after adjusting for the listed control variables. The outcomes in columns 1-2 are self-
reported foot exams or eye exams in the past year among participants who reported prior
diagnosis of diabetes. The outcome in column 3 is self-reported use of medication for
hypertension among participants among participants who reported prior diagnosis of hy-
pertension and reported that a doctor recommended anti-hypertensive medication. The
outcome in column 4 is self-reported use of medication for high cholesterol among par-
ticipants who self-reported prior diagnosis of high cholesterol and reported that a doctor
recommended cholesterol-lowering medication. (Doctors’ recommendations to control hy-
pertension and high cholesterol using medication are asked about in the NHANES, en-
abling us to track medication use only among diagnosed patients for whom medication was
recommended. However, there is no comparable question for diabetes.)
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Table 1.3: Recent use of a blood test to screen for asymptomatic undiagnosed conditions
and use of recommended care for diagnosed diabetes, hypertension, or high cholesterol
(NHANES data)

(1) (2) (3) (4)
Diabetic Diabetic Hypertension Cholesterol

Eye Exam Foot Exam Meds Meds
(1) No controls
Not screened last 3 years -0.339*** -0.320*** -0.0372*** -0.0799***

(0.0617) (0.0604) (0.0110) (0.0142)
(2) Control for biomarkers
Not screened last 3 years -0.353*** -0.229*** -0.0395** -0.0537***

(0.0882) (0.0871) (0.0159) (0.0194)
(3) Control for comorbidity
Not screened last 3 years -0.339*** -0.322*** -0.0460*** -0.0569***

(0.0778) (0.0767) (0.0123) (0.0152)
(4) Control for demographics
Not screened last 3 years -0.263*** -0.260*** -0.0391*** -0.0607***

(0.0619) (0.0612) (0.0105) (0.0137)
(5) All controls
Not screened last 3 years -0.322*** -0.256** -0.0436*** -0.0385*

(0.0982) (0.0997) (0.0158) (0.0198)
(6) Insured only
Not screened last 3 years -0.310** -0.300** -0.0344** -0.0391*

(0.128) (0.125) (0.0158) (0.0203)
Standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
This table shows the relationship between use of recommended treatment for diagnosed
conditions and use of a blood test to check for asymptomatic diabetes or high cholesterol
in the past 3 years. The rows include coefficients and standard errors obtained from lin-
ear probability models after adjusting for the listed control variables. The outcomes in
columns 1-2 are self-reported foot exams or eye exams in the past year among participants
who reported prior diagnosis of diabetes. The outcome in column 3 is self-reported use
of medication for hypertension among participants among participants who reported prior
diagnosis of hypertension and reported that a doctor recommended anti-hypertensive med-
ication. The outcome in column 4 is self-reported use of medication for high cholesterol
among participants who self-reported prior diagnosis of high cholesterol and reported that a
doctor recommended cholesterol-lowering medication. (Doctors’ recommendations to con-
trol hypertension and high cholesterol using medication are asked about in the NHANES,
enabling us to track medication use only among diagnosed patients for whom medication
was recommended. However, there is no comparable question for diabetes.)
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years.9 In other words, we compare participants who have vs. have not had a recent blood

test to check for diabetes if they have not been diagnosed for diabetes, or blood test to

check for high cholesterol if they have not been diagnosed for high cholesterol. (NHANES

does not include data on time since last blood pressure test.) Table 1.3 shows the results.

In harmony with the previous results, we find that use of recommended treatment for diag-

nosed conditions is lower for patients who have not taken a blood test to check for diabetes

or high cholesterol in the past 3 years.10 As in the previous analysis, we find that this rela-

tionship holds after adjusting for severity of diagnosed conditions, prevalence of comorbid

conditions, and factors related to access to care such as race, age, and health insurance sta-

tus, and that the relationship holds when we restrict the sample to only include participants

with health insurance. Furthermore, the results are more consistently significant in Table

1.3 than Table 1.2, which would support a hypothesis that the relationship between undiag-

nosed conditions and treatment is driven by the underlying relationship between screening

and treatment.

The analysis thus far has the shortcoming that diagnosis and treatment of chronic condi-

tions are only measured using self-reported data. To address this shortcoming, we conduct

additional checks using claims data available in the merged Medicare-REGARDS data. In

this analysis, our main outcome of interest is doctor visits for evaluation and management

of diagnosed conditions in the previous year, measured using Medicare claims assigned to

conditions based on the Chronic Conditions Warehouse classifications. As shown in Ta-

ble 1.4, we find that participants with previously undiagnosed conditions had fewer doctor

9. Similar questions are not available in the REGARDS data, and only available for cholesterol in the
OHIE data. However, because the NHANES are nationally representative, results obtained using only the
NHANES are still helpful for policy purposes.

10. Because we do not know the timing of diagnosis, we code the variable so that participants who have
diagnosed diabetes need not be screened for diabetes, and participants with diagnosed high cholesterol need
not be screened for high cholesterol.
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visits for their previously diagnosed conditions. As before, this relationship holds after ad-

justing for severity of diagnosed conditions, prevalence of comorbid conditions, and factors

related to access to care such as race, age, and Medicaid dual eligibility.

The role of health insurance is worth exploring further, because the ACA regulations

that prevent health insurance plans from imposing cost-sharing for screening for patients at

high risk directly change out-of-pocket costs for screening among individuals with health

insurance.11 Individuals with health insurance after the ACA can be broken into two

groups: individuals who were insured prior to the ACA and remained insured, and indi-

viduals who become insured after the ACA. Some individuals in the latter group may have

become insured as a result of elements of ACA implementation such as health insurance

mandates, state-level exchanges, and Medicaid expansions. Table 1.5 replicates the analy-

sis in Table 1.2 for each of these groups of interest, adjusting for prevalence of comorbid

conditions and biomarker measures of condition severity. In row 1 of Table 1.5, we in-

clude data from individuals who were insured before the ACA provisions came into effect;

this analysis uses the NHANES data. In rows 2 and 3 of Table 1.5, we include data from

individuals who applied for expanded Medicaid in Oregon; this analysis uses the OHIE

data. We separately analyze all applicants to the Oregon Medicaid program vs. applicants

who were uninsured at the time of application. Finally, because additional ACA provisions

eliminate cost-sharing for annual wellness visits among Medicare enrollees, row 4 of Table

1.5 includes data from Medicare enrollees prior to the ACA using the REGARDS data. The

findings in Table 1.5 indicate that, among groups likely to be affected by the ACA provi-

sions related to cost-sharing for screening, the patterns found in Table 1.2 largely persist.

11. An exception is the so-called “grandfathered” health plans, which covered enrollees before the ACA
became law (March 23, 2010) and have not made substantial changes since that time. The 2015 Kaiser
Family Foundation’s Employer Health Benefits Survey found that 25% of covered workers were enrolled in
a grandfathered health plan in 2015 [74].
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Table 1.4: Prevalence of undiagnosed conditions and number of annual doctor visits for
diagnosed diabetes, hypertension, or high cholesterol (REGARDS data)

(1) (2) (3)
Diabetes Hypertension High Cholesterol
Claims Claims Claims

(1) No controls
Any undiagnosed conditions -1.089*** -0.617*** -0.446***

(0.380) (0.159) (0.141)

(2) Control for biomarkers
Any undiagnosed conditions -1.122** -0.743*** -0.377**

(0.435) (0.178) (0.152)

(3) Control for comorbidity
Any undiagnosed conditions -1.260*** -0.864*** -0.543***

(0.387) (0.164) (0.144)

(4) Control for demographics
Any undiagnosed conditions -1.396*** -0.685*** -0.408***

(0.378) (0.155) (0.141)

(5) All controls
Any undiagnosed conditions -1.140*** -0.895*** -0.353**

(0.435) (0.182) (0.155)
Standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

This table shows the relationship between doctor visits for diagnosed conditions and preva-
lence of undiagnosed diabetes, hypertension, and/or high cholesterol. Due to the use of
Medicare claims data, we only include individuals who had fee-for-service Medicare in-
surance the two years prior to REGARDS participation. The rows indicate coefficients of
a linear regression model after adjusting for the listed control variables. The outcome in
column 1 is the number of evaluation and management visits from the prior year coded
as relevant to diabetes among participants with prior diagnosis of diabetes. Likewise, the
outcomes in columns 2 and 3 are the number of evaluation and management visits from the
prior year coded as relevant to hypertension or high cholesterol for participants with prior
diagnosis of hypertension or high cholesterol, respectively.
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Table 1.5: Replicating the previous analysis for groups likely impacted by ACA provisions
that reduce cost-sharing for screening (NHANES, OHIE and REGARDS data)

(1) (2) (3)
Diabetes Hypertension Cholesterol

Meds Meds Meds
NHANES data:
(1) All insured prior to ACA
Any undiagnosed conditions 0.0004 -0.0841*** -0.0767**

(0.0337) (0.0212) (0.0317)

OHIE data:
(2) All applicants for Medicaid
Any undiagnosed conditions -0.0634* -0.0975*** -0.125***

(0.0338) (0.0262) (0.0461)

(3) Uninsured applicants for Medicaid
Any undiagnosed conditions -0.0644 -0.104*** -0.138**

(0.0516) (0.0358) (0.0601)

REGARDS data:
(4) Medicare insured prior to ACA
Any undiagnosed conditions 0.0103 -0.0165 -0.111***

(0.0175) (0.0149) (0.0321)
Standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

This table uses data from the NHANES, OHIE, and REGARDS studies to investigate the
relationship between undiagnosed conditions and treatment of diagnosed conditions. These
three data sources are used to study individuals who had any health insurance prior to the
ACA, who wished to apply for expanded Medicaid insurance prior to the ACA, and who
had Medicare insurance prior to the ACA, respectively. All models adjust for severity of
conditions measured using biomarkers and prevalence of comorbid conditions.

23



The findings in this section indicate that demand for screening is related to demand

for medical treatment of previously diagnosed conditions in a way not fully explained by

prevalence of comorbid conditions, condition severity, or health insurance status. In the

next section, we show additional evidence of low demand for medical treatment among

patients with undiagnosed conditions: a lack of adverse selection after participants are

informed of a previously undiagnosed condition.

1.5 Diagnosis of a chronic condition and health plan selection

When patients sort into health insurance based on health risk factors that are known to

them but cannot be incorporated into premium prices, this pattern - adverse selection - can

cause health insurance markets to unravel. If patients demand more generous health insur-

ance after learning about previously undiagnosed conditions, this would comprise adverse

selection because diagnoses can no longer be taken into account in premium prices after

the ACA [38]. Therefore, it is important to investigate whether patients switch to more

generous health insurance after learning about previously undiagnosed conditions.

1.5.1 Data

To determine the impact of learning about previously undiagnosed conditions on health in-

surance plan selections, we use the REGARDS study as a natural experiment. REGARDS

recruited participants from across the continental United States over a period of four years

(2003-2007) by making random selections using a commercial list of residential phone

numbers [37]. Participants first reported their diagnosis status in a survey, and then had

their fasting blood glucose, blood pressure, and lipid panel assessed in their home on a

morning of their choosing. All participants were notified of their results using standard

text and paid $30 as compensation for their participation. It is because of the notifications
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and compensation that REGARDS can be considered an intervention that provides free

screenings in addition to an epidemiological study. Additional details on REGARDS data

collection procedures are included in Appendix 1.B.

Outcome of interest

Linked Medicare data are available for REGARDS participants who were Medicare ben-

eficiaries. These data track participants’ health insurance plan selections on a monthly

basis, including our outcome of interest: enrollment in Medicare Advantage, the voluntary

HMO alternative to Medicare’s default fee-for-service health plan (hereafter, traditional

Medicare).

Enrollment in Medicare Advantage is not the only relevant margin for adverse selec-

tion in the Medicare market. Adverse selection could also involve purchasing supplemental

coverage (Medigap plans), enrolling in physician coverage (Medicare Part B), or switching

to a more generous Medicare Advantage plan. However, our data do not include informa-

tion on Medigap plans and do not detail the generosity of Medicare Advantage plans. In

addition, 95% of participants who were age-eligible for Medicare were already enrolled in

Medicare Part B prior to participation in REGARDS; see Figure 1.1. Therefore, partici-

pants who were not enrolled in Medicare Part B prior to REGARDS are likely a highly

selected sample which would raise concerns about including Part B enrollment as an out-

come of interest.

Sample selection

This analysis uses data from REGARDS participants who were 63 years old or older at the

time of REGARDS participation. As in the previous section, we only include participants

who became Medicare beneficiaries as a result of turning 65 (rather than due to illness
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Figure 1.1. Insurance decisions by age, measured in the month prior to REGARDS partic-
ipation

This figure shows two trends in the Medicare plan selection data that inform our analytic
strategy. First, almost all age-eligible Medicare enrollees were enrolled in Medicare Part
B prior to REGARDS participation. (All participants in Medicare Advantage are also en-
rolled in Part B.) Second, Medicare Advantage enrollment varies by age: enrollment almost
doubles from age 65 to age 67 and declines again after age 77.

or disability). Including people who participated in REGARDS before age 65 enables us

to identify the effect of REGARDS participation on Medicare Advantage enrollment sepa-

rately from age effects. This is important because age is a predictor of Medicare Advantage

enrollment, as shown in Figure 1.1.

To ensure that any observed health plan switches could plausibly be attributed to RE-

GARDS, we narrow our window of observation to the 24 months around the time of RE-

GARDS participation. We therefore exclude participants with no health plan selection data

available from the 24 months after their participation in REGARDS. These exclusion crite-

ria yield a dataset with 9,990 REGARDS participants. See Table 1.6 for additional details.
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Table 1.6: Participants cascade for analyzing the impact of learning of an undiagnosed
condition on health insurance selections

Inclusion criterion Participants
All REGARDS participants 30,183

<63 years old at REGARDS participation -12,990
No Medicare-linked data -3,368

Not observed for 24 months after participation -2,391
Included 9,990

1.5.2 Context of the Medicare Advantage market and predicted effects

To provide context for the analysis to follow, it is useful to discuss the structure of the

Medicare market, the role of Medicare Advantage, and how Medicare Advantage policy

changed during our sampling period. Upon aging into Medicare at age 65, beneficiaries are

automatically enrolled in traditional Medicare. Beneficiaries may then choose to enroll in

Medicare Advantage plans in any subsequent year, including their first year of Medicare;

beneficiaries may switch between Medicare Advantage and traditional Medicare as many

times as they wish. Medicare Advantage plans receive capitated, risk-adjusted payments

from the government and are required by law to be as generous as traditional Medicare in

terms of covering a minimal suite of services, with total out-of-pocket payments (premi-

ums and cost-sharing) not higher than traditional Medicare [75]. Plans attract customers by

offering supplemental benefits such as vision or dental coverage, or by reducing patients’

cost-sharing, made possible by negotiating physician payments in restricted provider net-

works [76].

Given the capitated-payment reimbursement system, Medicare Advantage plans can

earn more money by attracting the patients with lowest health care costs within each cap-

itated payment risk-adjustment bin. There is evidence that plans accomplished this task

during the period of our data, despite requirements to accept all applicants [75]. Indeed,

analysis of patients who switched plans indicate advantageous selection into Medicare
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Advantage: that is, patients with increasing health care costs were likely to switch to tra-

ditional Medicare, and vice versa [75,77,78]. Plans reduced their exposure to high-cost

patients by not entering higher-cost counties and by structuring provider networks and drug

formularies so as to influence which patients wished to enroll [30,79,80].

A number of changes occurred in the Medicare Advantage market in 2006. First, Medi-

care Part D was introduced in 2006, allowing traditional Medicare to become more com-

parable to HMO coverge. Second, Medicare fought against advantageous selection into

Medicare Advantage by phasing in an improved model for calculating individual-level risk-

adjustment payments, the hierarchical condition categories model [75]. This model was

over six times as predictive of expenditures as the previous model [81]. Third, Medicare

sought to lower prices and increase generosity of Medicare Advantage plans to consumers

by providing “rebates” as supplemental benefits to all enrollees in a given plan using a

bid-based system [82,83]. Fourth, open enrollment and lock-in periods were enforced be-

ginning in January 2006. Before 2006, beneficiaries could change plans once per month. In

2006, a lock-in period was introduced covering the latter six months of the year; in 2007 it

was extended to 9 months [84]. This lock-in period resembles the open enrollment periods

in the health insurance marketplaces established under the ACA.

Based on the particular features of the Medicare Advantage market, we hypothesize

that a Medicare beneficiary who is currently enrolled in traditional Medicare will become

more likely to enroll in Medicare Advantage after screening detected a previously undiag-

nosed chronic condition if several conditions hold: (a) she anticipates an increase in doctor

visits as a result of the diagnosis; (b) there is a Medicare Advantage plan available to her

that provides her anticipated bundle of services for a lower out of pocket price than that

of traditional Medicare; and (c) the benefits to enrolling in Medicare Advantage are not

outweighed by switching costs or hassles of a restricted provider network. If any of these

conditions do not hold, the beneficiary will not wish to switch to Medicare Advantage after
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learning of a screen-detected condition. Furthermore, if (b) does not hold, beneficiaries

who are enrolled in Medicare Advantage may wish to switch back to traditional Medicare

after learning of a screen-detected condition.

1.5.3 Analytic plan

Our empirical strategy compares health plan selections of recently screened vs. not-yet-

screened REGARDS participants with vs. without undiagnosed conditions. We conduct

these comparisons before and after policy changes that occurred in 2006 using the follow-

ing specification of a linear probability model:

MAit = ∑
r∈(pre 2006, post 2006)

(
µ

r
0 +Titφ

r
1 +TitUiφ

r
2
)
+XitB+αi +ωit (1.6)

MAit indicates whether individual i was enrolled in Medicare Advantage t months before

or since REGARDS, r indicates the policy regime at time t (before vs. after changes in

January 2006), and Ui denotes whether the participant has any undiagnosed conditions.

Xit denotes the control variables listed below and lower-level interaction terms, and αi

denotes an individual-level random effect. We use heteroskedasticity-robust standard errors

clustered by individual.

The φ r
2 coefficients are the coefficients of interest in the model. If the φ r

2 are signif-

icantly different from zero, this would support a hypothesis that screening for diabetes,

hypertension, and high cholesterol has an additional effect on plan selection for patients

with previously undiagnosed conditions.

In additional analyses, we examine the influence of switching costs by controlling for

polynomials of participants’ log duration of enrollment in their current Medicare plan type

[85]. This strategy leveraged the finding from previous literature that duration of plan
29



enrollment can proxy for switching costs or “status quo bias” in the Medicare market [86,

87].

As a robustness check, we also model switches into Medicare Advantage rather than

modeling current enrollment. In this analysis, the specification of the right-hand side of

the regression is the same as equation (1.6), but the outcome is a switch into Medicare

Advantage. In this analysis, we restrict the data to only include person-months in tradi-

tional Medicare (i.e., time when participants were at "risk" for switching into Medicare

Advantage).

To examine whether particular groups are driving the results, we also interact the co-

efficients of interest by participant characteristics relevant to plan selection, such as prior

healthcare use or duration of enrollment in the current plan type. As before, all relevant

lower-order interaction terms are included in the model.

Selection of control variables

Control variables are selected to address two possible biases. First, we expect that secu-

lar trends contribute to observed changes in doctor visits after REGARDS participation.

For example, all participants were older after REGARDS participation than before RE-

GARDS participation, and policy changes were implemented during our period of obser-

vation. These secular trends could bias our estimates if not controlled for in the model.

The rolling nature of the implementation of screenings in the REGARDS study makes con-

trolling for secular trends possible: there is random variation in age and calendar time of

REGARDS participation because participants received their offers to participate using ran-

dom phone calls over a number of years. To this end, we include a number of time-varying

control variables including year dummies, interactions between region and year, and indi-

vidual age, divided into 8 bins of equal size to allow for a non-linear relationship between
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age and doctor visits. We also include an indicator variable for open enrollment season and

an interaction with this variable with an indicator for 2006 or later.

Second, our results might be biased if the type of individual willing to participate in RE-

GARDS changed over time. This would be problematic because the models compare not-

yet-recruited participants with recently-recruited individuals to control for secular trends.

Therefore, we also include a number of time-invariant control variables such as physical

health measures taken at the time of REGARDS participation and a number of demographic

and health-related characteristics from the REGARDS survey. In particular, we control for

waist size in centimeters, BMI, glucose, lipid panel, the average of two blood pressure

measures (both systolic and diastolic) and reported physical health from the SF-12; type

of condition (high cholesterol, hypertension, or diabetes), and whether the condition was

previously undiagnosed; race (African American or white), sex (male or female), income

(less than $20,000, $20,000-<$35,000, $35-$75,000, and over $75,000), education (less

than high school education, high school, some college education, or graduated from col-

lege), fair or poor self-reported health, usual health provider at the time of the interview

(self-reported having or not-having a usual health provider), self-reported smoking status

(current smoker, past smoker, or non-smoker), number of alcoholic drinks per week, fast-

ing status at the time of the interview (fasting or not), cognitive status according to a short

memory test (impaired or not), Medicaid dual eligibility in 2008 (eligible or not), status of

county as a primary care health professional shortage area (all, part, or none of the county

is a designated health professional shortage area), and the fraction of residents in poverty

in the participant’s county of residence. All continuous variables are binned into four cate-

gories of equal size to allow non-linearity in the relationships between these variables and

health plan selections.
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1.5.4 Results

We have data on Medicare Advantage enrollment status in the month prior to REGARDS

participation for 9,239 included participants. 15% of these participants were enrolled in

a Medicare Advantage plan and 95% of participants were enrolled in Medicare Part B.

Participants who were enrolled in Medicare Advantage prior to REGARDS participation

are more likely to be African American or low income than those who were not enrolled

in Medicare Advantage, but have similar prevalence of undiagnosed conditions. See Ta-

ble 1.10. These findings match previous published findings based on linked survey and

Medicare records data from similar years [88].

The regression models show no evidence that participants switched from traditional

Medicare to Medicare Advantage or vice versa after learning of a previously undiagnosed

condition. These patterns hold both before and after the policy changes in 2006, and hold

regardless of whether we analyze current enrollment in Medicare Advantage or analyze

switches directly. The findings also do not change after we control for duration of enroll-

ment in the current plan type, our proxy for inertia or switching costs. The coefficients of

interest from these models are included in Table 1.7. The raw data show a similar pattern;

see Figure 1.2.

The findings are also unchanged when we interact the coefficients of interest by partic-

ipant characteristics relevant to plan selection such as prior claims or self-reported health.

See Tables 1.11 and 1.12.

In summary, we find no evidence that free screenings provided by the REGARDS study

resulted in adverse selection. This finding follows intuitively from our prediction in section

1.3 that marginally screened patients will have lower demand for medical treatment. If

marginally screened patients have lower demand for medical treatment, they would also

have less reason to adversely select after learning of a previously undiagnosed condition.
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Table 1.7: Learning of previously undiagnosed diabetes, hypertension, or high cholesterol
via REGARDS and subsequent enrollment in Medicare Advantage

(1) (2) (3) (4)
In MA In MA Switch to MA Switch to MA

Prior to
January 1, 2006

After
participation ×
Undiagnosed

-0.019* -0.021 0.001 5.15e-05

(0.010) (0.015) (0.002) (0.003)

After January 1,
2006
After

participation ×
Undiagnosed

-0.013 -0.023 -0.000 0.003

(0.0169) (0.0199) (0.003) (0.004)

Observations 165,642 75,276 137,295 58,769
Number of
participants

3,405 1,682 3,010 1,368

Control for
duration

dependence

N Y N Y

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

MA: Medicare Advantage. This table shows that we fail to reject the null hypothesis of
no significant association between learning of a previously undiagnosed condition and en-
rollment in, or switches into, Medicare Advantage. The rows of the table include coeffi-
cients of interest from the regression models described in equation (1.6). “Undiagnosed”
denotes the participant had at least one undiagnosed condition (hypertension, high choles-
terol, and/or diabetes) prior to participation in REGARDS. The results in columns 2 and
4 show that controlling for polynomials of log duration of enrollment in the current plan
type, our proxy for inertia or switching costs, does not affect the results.
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However, there are multiple reasons to interpret our empirical results with caution or

doubt the external validity. Our data do not include details on cost sharing for specific

health plans and we do not observe switches across Medicare Advantage plans. In addition,

the results may be shaped by the particular environment of the Medicare Advantage market,

such as the use of risk-adjusted per capita payment schemes. We conclude that although

these estimates contribute to the literature by examining the relationship between screening

and adverse selection in the Medicare market, this test bears repeating using richer data and

data from other health insurance markets.

1.6 Conclusion

To incentivize early detection and treatment, the Affordable Care Act removes cost sharing

for diabetes, high cholesterol, and hypertension screening for people at high risk. This

paper explores two possible unintended consequences related to patient composition and

adverse selection. In addition to suggesting new directions for health economics research,

our two main findings have implications for policy-makers, health providers, and health

insurance markets.

First, we find that patients whose conditions were not detected prior to free screenings

seek less medical treatment than patients who were aware of all their conditions. We repli-

cate this result using biomarker data from three datasets, with a focus on groups likely to be

affected by the ACA provisions related to cost-sharing for screening. This analysis bridges

the health policy literature on expanding access to care with models from economics and

public health in which individuals act based on their anticipated costs and benefits. In

addition, our findings are important for health providers and policy-makers. Given that

health insurance expansions and changes in the price of screening should increase access to

screening for a variety of patients, lower use of treatment among patients with newly diag-

34



nosed conditions could be an important trend in the care of chronic conditions nationwide.

Furthermore, if analysts ignore these composition effects, they may incorrectly conclude

that treatment and control of chronic conditions declines rather than improves as more pa-

tients become diagnosed. This point would be important to consider when designing pay

for performance schemes.

Second, we find no evidence that patients switch into more generous health plans after

learning of a previously undiagnosed condition. This result builds logically from the previ-

ous finding in the sense that patients who use less medical care have less reason to switch

health plans after learning of a previously undiagnosed condition. However, because of

the limitations of our data and the particular regulatory environment of the Medicare Ad-

vantage market, we urge that this result should be interpreted with caution and encourage

replication of the analysis using data from other health insurance markets. Regardless, the

analysis raises important questions for health insurance markets about the links between

access to screening, patients’ plan selections, and possible reactions to these selections by

health insurance providers. This topic is important because sorting of sicker people into

generous health plans is a prominent concern when health status cannot be incorporated

into health insurance premium prices, as is the case in the ACA marketplaces.

Our findings suggest three additional directions for future research. First, as noted

above, our findings have implications for pay for performance schemes. Accountable Care

Organizations, established under the ACA, are health provider organizations that are al-

located financial rewards based in part on their performance on quality metrics including

screening and control of chronic conditions. Our results suggest that increasing perfor-

mance on the screening metrics could reduce performance on the control metrics. Future

research can examine whether this is the case and whether the quality metrics should be

redesigned so that practices are not penalized for expanding screening. In addition, future

research can build on our findings to investigate which additional engagement strategies are
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most successful for increasing treatment and control among patients with previously undi-

agnosed conditions and consider methods to bring these strategies to scale in locations with

an influx of new patients. Effective intervention design would require more detailed data

on the key barriers faced by patients with newly diagnosed conditions; based on previous

work on uninsured individuals, factors such as health literacy may play an important role.

Finally, our findings suggest new directions for research on the economics of health care

demand. In particular, classic health capital models should be revisited to see if conclusions

drawn about the economics of health care demand change when agents can determine their

own level of uncertainty about their health by choosing to be screened; this is a topic we

plan to pursue in future work.
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1.A Additional tables and figures

Table 1.8: Definitions used for diabetes, hypertension and high cholesterol
Condition Status Definition
Diabetes No condition No self-reported diagnosis of

diabetes and FPG<126 mg/dl or
NFPG<200mg/dl

Undiagnosed No self-reported diagnosis of
diabetes, but FPG>126 mg/dl or
NFPG>200mg/dl

Diagnosed Self-reported diagnosis of diabetes
(when non-pregnant for women)

Hypertension No condition No self-reported diagnosis,
SBP<140mmHg, and
DBP<90mmHg

Undiagnosed No self-reported diagnosis of
hypertension, but SBP>140mmHg
or DBP>90mmHg

Diagnosed Self-reported diagnosis of
hypertension (when non-pregnant
for women)

High cholesterol No condition No self-reported diagnosis, total
cholesterol <200 mg/dl, LDL
cholesterol<160 mg/dl, and HDL
cholesterol>40 mg/dl

Undiagnosed No self-reported diagnosis, but
total cholesterol >200 mg/dl, LDL
cholesterol>160 mg/dl, or HDL
cholesterol<40 mg/dl

Diagnosed Self-reported diagnosis
Note: FPG=fasting plasma glucose; NFPG=non-fasting plasma glucose; SBP=systolic
blood pressure; DBP=diastolic blood pressure; HDL=high-density lipoprotein, LDL= low-
density lipoprotein. In the REGARDS data and 2013 NHANES data, we calculated LDL
cholesterol using the Friedewald equation [89]. Because neither LDL cholesterol nor
triglycerides were available in the OHIE data, we could not calculate LDL cholesterol
and therefore defined high cholesterol using HDL and total cholesterol only.
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Table 1.9: Participants with undiagnosed conditions show more severe biomarkers for their
other, previously diagnosed conditions than do patients who are aware of all their condi-
tions

(1) (2) (3) (4) (5)
HbA1c SBP DBP LDL TChol
or FPG

NHANES data
Any undiagnosed conditions 0.323*** 2.073*** 1.309*** 18.00*** 18.90***

(0.0824) (0.616) (0.431) (2.011) (1.795)

OHIE data
Any undiagnosed conditions 0.400*** 2.181 3.077*** 15.15***

(0.129) (1.512) (1.007) (5.431)

REGARDS data
Any undiagnosed conditions 17.85*** 3.473*** 2.961*** 13.65*** 16.26***

(4.534) (0.827) (0.464) (2.766) (3.030)
Standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
This table shows that participants with some undiagnosed conditions show more severe
biomarkers for their other, previously diagnosed conditions. The models are adjusted
for demographic factors and prevalence of comorbid conditions. Glycated hemoglobin
(HbA1c) or fasting plasma glucose (FPG) are only included for participants with diagnosed
diabetes; systolic blood pressure (SBP) and diastolic blood pressure (DBP) are included
only for participants with diagnosed hypertension; and low-density lipoprotein cholesterol
(LDL) and total cholesterol (TChol) are included only for participants with diagnosed high
cholesterol. LDL cholesterol is not measured in the OHIE data and cannot be calculated
using the Friedewald equation because data on triglycerides are also not available. We use
FPG rather than HbA1c in the REGARDS data because HbA1c is not measured in these
data.
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Table 1.10: Characteristics of participants in traditional Medicare vs. Medicare Advantage
in the month prior to screening via REGARDS

Traditional
Medicare

Medicare
Advantage

Difference
(MA-TM)

N % N %
Total 7806 (85%) 1345 (15%)
Male 3893 (50%) 615 (46%) -4%

African American 2490 (32%) 674 (50%) 18%***
Low income 1354 (17%) 311 (23%) 6%**

Any undiagnosed
conditions

1562 (20%) 232 (17%) -3%

"MA-TM" denotes the traditional Medicare estimate is subtracted from the Medicare Ad-
vantage estimate. * denotes p<0.1, ** denotes p<0.05, and *** denotes p<0.01.
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Figure 1.2. Enrollment in Medicare Advantage before and after REGARDS participation

This figure shows the fraction of participants enrolled in Medicare Advantage rather than
traditional Medicare before and after participation in REGARDS, for participants who did
vs. did not learn of a previously undiagnosed condition by participating in REGARDS.
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1.B REGARDS data collection procedures

The REasons for Geographic and Racial Differences in Stroke (REGARDS) study re-

cruited community-dwelling participants into an epidemiological longitudinal cohort study

designed to answer questions about racial differences in stroke mortality. Recruitment

was conducted from 2003-2007 and was accomplished through the use of commercially

available lists of residential phone numbers and included the 48 contiguous United States

(i.e., excluding Alaska and Hawaii). Sampling was stratified across African Americans and

whites and three regions: the stroke belt (Alabama, Arkansas, Mississippi, and Tennessee),

stroke buckle (North Carolina, South Carolina and Georgia) and all other states in the conti-

nental United States. Individuals who were under 45 years of age, did not identify as either

African American or white, were non-English speaking, undergoing cancer treatment, or

who resided in or were on a waiting list to enter a nursing home were excluded from the

REGARDS study [37]. Figure 2.1 shows the geographic distribution of African American

and white participants.

Participants were first interviewed, including questions about whether they had been

diagnosed with high blood pressure, diabetes or high cholesterol by a doctor or nurse. For

the in-home visit, participants were instructed to fast for 8-10 hours,12 and had their blood

glucose, blood pressure and lipid panel plus other biomarkers assessed in their home on a

morning of their choosing. Blood pressure was measured as an average of two measure-

ments taken by a trained technician using a regularly tested aneroid sphygmomanometer,

after the participant was seated with both feet on the floor for 5 minutes. Glucose and

the lipid panel were measured using colorimetric reflectance spectrophotometry with the

Ortho Vitros 950 IRC Clinical Analyzer (Johnson and Johnson Clinical Diagnostics) after

12. About 80% of participants met the fasting requirement at the time that their labs were taken. We control
for fasting status in our panel data analysis and use fasting- or non-fasting specific cutoffs where applicable
when judging participants’ disease status based on their biomarkers.
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being shipped on ice packs overnight to a central laboratory. Participants were compen-

sated $30 for their time, and were notified of their results and advised to seek medical care

for abnormal results using the text shown in Figure 2.4.
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1.C Additional robustness checks

In the main text, we report finding no significant relationship between learning of an un-

diagnosed condition and health plan selection. One might be concerned that null findings

when all participants are pooled together might mask significant findings among certain

patient sub-groups who face higher health risk.

Therefore, we also report results from an additional analysis wherein we add interac-

tions to allow effects to vary based on participants’ health care use in the past and self-rated

health. As shown in Tables 1.11 and 1.12 our findings remain unchanged.
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Table 1.11: No association between learning of a previously undiagnosed condition and
current enrollment in Medicare Advantage

(1) (2) (3) (4)
Prior to January 1, 2006

After participation × Undiagnosed -0.011 -0.019* -0.003 -0.020
(0.012) (0.011) (0.016) (0.016)

After × Undiag × High claims -0.013 -0.0410
(0.015) (0.027)

After × Undiag × Low health -0.002 -0.015
(0.020) (0.037)

After January 1, 2006
After participation × Undiagnosed -0.010 -0.004 -0.002 -0.011

(0.0256) (0.0166) (0.028) (0.017)
After × Undiag × High claims -0.008 -0.041

(0.032) (0.037)
After × Undiag × Low health -0.091 -0.091

(0.081) (0.090)

Observations 165,642 165,642 75,276 75,276
Number of participants 3,405 3,405 1,682 1,682
Duration dependence 0 0 1 1

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

This table shows that we fail to reject the null hypothesis of no association between learning
of a previously undiagnosed condition and current enrollment in Medicare Advantage for
a variety of groups. “High claims” denotes above-median outpatient claims two calendar
years prior to participation in REGARDS. The rows of the table list the coefficients and
standard errors from panel data models. The columns indicate four regression specifica-
tions. “Low health” denotes fair or poor self-reported health in the REGARDS participant
survey. “Undiagnosed” denotes the participant was undiagnosed for hypertension, high
cholesterol, and/or diabetes prior to participation. Controlling for polynomials of log dura-
tion of enrollment in the current plan type (“Duration dependence”), our proxy for inertia
or switching costs, does not affect the results.
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Table 1.12: No association between learning of a previously undiagnosed condition and
switching into Medicare Advantage

(1) (2) (3) (4)
Prior to January 1, 2006

After participation × Undiagnosed 0.001 0.001 -4.05e-05 0.001
(0.002) (0.001) (0.00358) (0.003)

After × Undiag × High claims 0.000 -0.000
(0.002) (0.004)

After × Undiag × Low health 0.003 -0.008*
(0.004) (0.005)

After January 1, 2006
After participation × Undiagnosed -0.001 -1.87e-05 0.000 0.003

(0.004) (0.002) (0.007) (0.004)
After × Undiag × High claims 0.001 0.006

(0.005) (0.007)
After × Undiag × Low health -0.004 -0.008

(0.011) (0.015)

Observations 137,295 137,295 58,769 58,769
Number of participants 3,010 3,010 1,368 1,368
Duration dependence N N Y Y

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

This table shows that we fail to reject the null hypothesis of no association between learning
of a previously undiagnosed condition and enrolling in Medicare Advantage for a variety
of groups. “High claims” denotes above-median outpatient claims two calendar years prior
to participation in REGARDS. The rows of the table list the coefficients and standard er-
rors from panel data models. The columns indicate four regression specifications. “High
claims” denotes above-median outpatient claims two calendar years prior to participation
in REGARDS. “Low health” denotes fair or poor self-reported health in the REGARDS
participant survey. “Undiagnosed” denotes the participant was undiagnosed for hyperten-
sion, high cholesterol, and/or diabetes prior to participation. Controlling for polynomials
of log duration of enrollment in the current plan type (“Duration dependence”), our proxy
for inertia or switching costs, does not affect the results.

1.C.1 A note on imputing missing claims data

Imputation of missing values is necessary for an analysis of prior health care claims be-

cause our data do not capture health care claims for individuals who were in Medicare
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Advantage or who were younger than 65 prior to screening. In addition, this exercise has

theoretical appeal. Each individual’s history of medical care claims is determined not only

by their health needs, but also by the out-of-pocket prices they face in their health plan.

Out-of-pocket prices can vary for each type of care across plans and can vary widely in the

Medicare Advantage market across time and location. We eliminate the influence of out-

of-pocket prices on demand for care by imputing claims using data from a single health

plan, traditional Medicare.

To impute the data, we predict the number of out-patient Medicare claims during the

two years prior to participation (which were collected for some participants) using demo-

graphic and health variables (which were collected for all REGARDS participants). The

predictors include blood pressure, lipid panel measurements, and blood glucose; measured

waist circumference and BMI; county poverty and Health Professional Shortage Area sta-

tus; age; year and region; race, sex, education, marital status, income, smoking, drinking,

self-reported health, and cognitive functioning. All continuous variables are modeled as

four categorical dummies to allow for non-linearity.

Health care utilization data typically have a skewed distribution and many zeroes, which

makes selecting an appropriate model challenging. Although a number of modeling ap-

proaches have been explored in the literature, the current consensus is that no one approach

dominates the others in all circumstances [90–94]. We follow recommendations set forth

by Manning and Mullahy to decide between models [95]. The algorithm involves examin-

ing the kurtosis of residuals from a log OLS model, and then conducting a Park style test to

examine the relationship between the mean and variance of residuals from a gamma GLM

model if the residuals do not show substantial kurtosis [96]. Our results indicate that the

log-residuals have heavy tails, with coefficients of kurtosis in the range of 3.9-4.0, so that

the GLM models are likely to be problematic [95]. This is why the results shown in Tables

1.11 and 1.12 include imputed claims produced by log-transformed OLS models.
46



1.D Proofs: Demand for screening is (weakly) decreasing in costs of

medical care

1.D.1 Demand for screening is weakly decreasing in non-pecuniary costs

of medical care

When the price of screening equals willingness to pay for screening κ∗, agents are just

indifferent between being screened and not being screened as follows:

π

(
max

M
u(A−PM−κ

∗, H (M, 1))−θM
)
+(1−π)u(A−κ

∗, H (0, 0)) (1.7)

−(πu(A, H (0, 1))+(1−π)u(A, H (0, 0))) = 0

Differentiating (1.7) with respect to θ yields the following expression (by the envelope

theorem, we can ignore the fact that the optimal M varies with θ ):

π

(
−∂u(A−PM∗−κ∗, H (M∗, 1))

∂C
∂κ∗

∂θ
−M∗

)
− (1−π)

∂u(A−κ∗, H (0, 0))
∂C

∂κ∗

∂θ
= 0

(1.8)

Then rearranging to solve for ∂κ∗
∂θ

yields:

−
(

π
∂u(A−PM∗−κ∗, H (M∗, 1))

∂C
∂κ∗

∂θ

)
− (1−π)

∂u(A−κ∗, H (0, 0))
∂C

∂κ∗

∂θ
= πM∗

∂κ∗

∂θ

(
−π

∂u(A−PM∗−κ∗, H (M∗, 1))
∂C

− (1−π)
∂u(A−κ∗, H (0, 0))

∂C

)
= πM∗

=⇒ ∂κ∗

∂θ
=− πM∗

π
∂u(A−PM∗−κ∗,H(M∗,1))

∂C +(1−π)
∂u(A−κ∗,H(0,0))

∂C

≤ 0
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We conclude ∂κ∗
∂θ
≤ 0 because ∂u

∂C > 0, π > 0 and M∗ ≥ 0.

1.D.2 Demand for screening is decreasing in out-of-pocket price of

medical care

When the price of screening equals willingness to pay for screening κ∗, agents are just

indifferent between being screened and not being screened as follows:

π

(
max

M
u(A−PM−κ

∗, H (M, 1))−θM
)
+(1−π)u(A−κ

∗, H (0, 0)) (1.9)

−(πu(A, H (0, 1))+(1−π)u(A, H (0, 0))) = 0

Differentiating (1.9) with respect to P yields the following expression (by the envelope

theorem, we can ignore the fact that the optimal M varies with P):

π

(
−∂u(A−PM∗−κ∗, H (M∗, 1))

∂C
∂κ∗

∂P
+

∂u(A−PM∗−κ∗, H (M∗, 1))
∂C

)
− (1−π)

∂u(A−κ∗, H (0, 0))
∂C

∂κ∗

∂P
= 0 (1.10)

Then rearranging to solve for ∂κ∗
∂P yields:

−
(

π
∂u(A−PM∗−κ∗, H (M∗, 1))

∂C
∂κ∗

∂P

)
− (1−π)

∂u(A−κ∗, H (0, 0))
∂C

∂κ∗

∂P

= π
∂u(A−PM∗−κ∗, H (M∗, 1))

∂C
∂κ∗

∂P

(
−π

∂u(A−PM∗−κ∗, H (M∗, 1))
∂C

− (1−π)
∂u(A−κ∗, H (0, 0))

∂C

)
= π

∂u(A−PM∗−κ∗, H (M∗, 1))
∂C
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=⇒ ∂κ∗

∂P
=−

π
∂u(A−PM∗−κ∗,H(M∗,1))

∂C

π
∂u(A−PM∗−κ∗,H(M∗,1))

∂C +(1−π)
∂u(A−κ∗,H(0,0))

∂C

< 0

We conclude ∂κ∗
∂P < 0 because ∂u

∂C > 0 and π > 0.

1.E Proofs: Demand for medical treatment is decreasing in costs of

medical treatment

1.E.1 Demand for medical treatment is decreasing in non-pecuniary

costs of medical treatment

We show that agents must demand less treatment when they have higher idiosyncratic non-

pecuniary costs of medical treatment (captured by θ ), because to do otherwise would vio-

late the first-order conditions.

Consider the optimal decisions when agents know that D = 1. (This is the only case

where purchase of medical care is an option, because medical care is not available without

a prescription.) Now consider that θ decreases from θ to θ . Let M
θ

and C
θ

denote the

optimal decisions before the change and Mθ and Cθ denote the optimal decisions after the

change.

M
θ

and C
θ

must fulfill the first-order conditions summarized in equation (1.5), as fol-

lows:

∂u
(
C

θ
, H
(
M

θ
, 1
))

∂H
∂H
(
M

θ
, 1
)

∂M
−θ = P

∂u
(
C

θ
, H
(
M

θ
, 1
))

∂C
(1.11)

After non-pecuniary costs of medical treatment decreases from θ to θ , previously optimal

decisions M
θ

and C
θ

would violate equation (1.5) as follows:
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∂u
(
C

θ
, H
(
M

θ
, 1
))

∂H
∂H
(
M

θ
, 1
)

∂M
−θ > P

∂u
(
C

θ
, H
(
M

θ
, 1
))

∂C
(1.12)

To make inequality (1.12) an equality, M and C must change so that the left-hand side

decreases and/or the right-hand side increases. By concavity of the utility function in H

and C, the weakly positive cross-partial ∂ 2u(C,H)
∂C∂H , and weakly decreasing marginal returns

to medical care, increasing M and decreasing C achieves both. Therefore M
θ
< Mθ and

C
θ
>Cθ resolves the contradiction in the first-order conditions. We conclude that ∂M∗

∂θ
< 0.

1.E.2 Demand for medical treatment is decreasing in out-of-pocket costs

of medical treatment

We show that agents must demand less treatment when they have higher cost of medical

treatment P, because to do otherwise would violate the first-order conditions.

Consider the optimal decisions when agents know that D = 1. (This is the only case

where purchase of medical treatment is an option, because medical treatment is not avail-

able without a prescription.) Now consider that P decreases from P to P. Let MP and CP

denote the optimal decisions before the change and MP and CP denote the optimal decisions

after the change.

MP and CP must fulfill the first-order conditions summarized in equation (1.5), as fol-

lows:

∂u
(
CP, H

(
MP, 1

))
∂H

∂H
(
MP, 1

)
∂M

−θ = P
∂u
(
CP, H

(
MP, 1

))
∂C

(1.13)

After cost of care P decreases from P to P, previously optimal decisions MP and CP would

violate equation (1.5) as follows:
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∂u
(
CP, H

(
MP, 1

))
∂H

∂H
(
MP, 1

)
∂M

−θ > P
∂u
(
CP, H

(
MP, 1

))
∂C

(1.14)

To make inequality (1.14) an equality, M and C must change so that the left-hand side

decreases and/or the right-hand side increases. As before, increasing M and decreasing C

achieves both. Therefore MP <MP and CP >CP resolves the contradiction in the first-order

conditions. We conclude that ∂M∗
∂P < 0.
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CHAPTER 2

DOES IDENTIFICATION OF PREVIOUSLY UNDIAGNOSED

CONDITIONS CHANGE PATIENT CARE SEEKING BEHAVIOR?

2.1 Introduction

High cholesterol, hypertension, and diabetes are important contributors to premature death

and ill-health in the United States [5,97,98]. However, many people with these condi-

tions are unaware of them since in early stages these conditions are asymptomatic. About

one-fifth of cases of high cholesterol, hypertension, and diabetes are undiagnosed among

U.S. adults [1,35,99]. Lengthy gaps in diagnosis and treatment can lead to negative health

consequences [8,11,12,15,16]. Therefore, increasing screening for these conditions is an

important avenue to increase treatment of undiagnosed conditions and thereby improve

population health [14].

The prevalence of undiagnosed high cholesterol, hypertension, and diabetes is partic-

ularly high in the Medicare population, and policy efforts to increase screening of Medi-

care beneficiaries have expanded in recent years [3]. Medicare offered new beneficiaries

a “Welcome to Medicare” wellness visit without cost sharing starting in 2005, but uptake

of this benefit seems to have been incomplete [100]. Subsequently, the Affordable Care

Act (ACA) has eliminated cost-sharing for annual wellness visits for all Medicare benefi-

ciaries and eliminated cost-sharing for high cholesterol, hypertension, and diabetes screen-

ing for patients at sufficient risk according to US Preventive Services Task Force guide-

lines [7,101]. The ACA also created the Center for Medicare and Medicaid Innovation

which has funded two demonstration projects designed to encourage provider-to-patient

outreach related to screening. Accountable Care Organizations lose their shared savings

payments if they fail to achieve targets for blood pressure screening rates and other quality
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metrics, and Accountable Health Communities are charged with implementing community

outreach to promote awareness of clinical delivery services [102,103]. As more Medicare

beneficiaries receive care under these new payment models, outreach to encourage screen-

ing may become increasingly common.

Although outreach has intuitive appeal as a strategy to increase screening among hard-

to-reach Medicare beneficiaries, it is not clear how many beneficiaries who are screened as

a result of outreach would visit a doctor to evaluate and initiate management of previously

undiagnosed conditions. Studies of changes in self-reported treatment have shown small or

non-significant effects of screening with telephone outreach among Medicare beneficiaries,

but we are not aware of studies that track healthcare utilization with claims data rather than

self-reported data [104]. In addition, it is not clear which participants are most likely to seek

care for previously undiagnosed conditions. Prior screening interventions in vulnerable

populations showed high rates of loss-to-follow-up, particularly among minority women

and women with lower levels of education [105].

This study addresses these gaps in the literature by using Medicare claims data to test

whether in-home screening after telephone outreach translates to doctor visits for evalua-

tion and management of previously undiagnosed conditions among Medicare beneficiaries.

We used data from a geographically and demographically diverse sample of Medicare ben-

eficiaries and separately track the impact for high-priority groups such as women, African

Americans, beneficiaries who are dually eligible for Medicaid, beneficiaries without a usual

healthcare provider, beneficiaries with less than high school education, and beneficiaries

living in a Health Professional Shortage Area. In particular, we exploited an epidemi-

ological study (the REasons for Geographic And Racial Differences in Stroke study, or

REGARDS) that recruited participants from across the continental United States using res-

idential telephone calls and paid them to be screened for high cholesterol, hypertension,

and diabetes [106]. We compared doctor visits for evaluation and management of these
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conditions before and after each participant was screened by REGARDS, using the rolling

recruitment into the study to tease out the impact of screening from the impact of secular

trends.

2.2 Methods

2.2.1 Data

Study population

The REGARDS study was designed to answer questions about racial and geographic dif-

ferences in risks for stroke and stroke mortality. Recruitment was conducted on a rolling

basis over 2003-2007 and was accomplished through the use of commercially available

lists of residential phone numbers in the 48 contiguous United States. Sampling was strat-

ified across African Americans and whites and three regions: the stroke belt (Alabama,

Arkansas, Mississippi, Tennessee, and non-coastal North Carolina, South Carolina and

Georgia), stroke buckle (coastal plains of North Carolina, South Carolina and Georgia) and

elsewhere. Individuals who did not identify as either African American or white, or who

were non-English speaking, under 45 years of age, undergoing cancer treatment, or in a

nursing home were excluded from the REGARDS study [106]. Figure 2.1 shows the ge-

ographic distribution of participants by race. Data from the REGARDS study have been

linked to Medicare claims. Details of the linking process are described elsewhere [70].

We limited the analysis to REGARDS study participants who (a) were aged 67 or older

at the time or REGARDS participation, (b) had Medicare linked data, (c) were enrolled

in Medicare fee-for-service insurance coverage (Parts A and B but not Medicare Advan-

tage/Part C) throughout the 24 months before through 24 months after the REGARDS

study, (d) had one or more of our three conditions of interest. 5,884 met all exclusion cri-
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Figure 2.1. Location of REGARDS participants (Source: Howard et al, 2005)

teria and therefore had a complete panel of Medicare claims from the 24 months before

through 24 months after the REGARDS study. Table 2.1 details the step-wise exclusion of

participants.

Table 2.1: Participants cascade
Exclusion criterion Participants

All REGARDS participants 30,183
< 67 years old at REGARDS participation -17,651

No Medicare-linked data -2,488
No Medicare Part A+B-C between 2 years

before and 2 years after baseline
-3,473

No high cholesterol, hypertension, or diabetes -687
Included 5,884

Study procedures

Participants first answered questions by phone, including whether they had been diagnosed

with high cholesterol, hypertension, or diabetes by a health professional, and questions

about their age, race, sex, income, education, self-reported health, smoking status, number
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of alcoholic drinks per week, and whether they had a usual health provider. During the

interview, participants also completed a short memory test to assess their cognitive func-

tioning and the Short Form 12 (SF-12) questionnaire to assess their physical and mental

health.

Participants were instructed to fast for an in-home visit. During the in-home visit,

trained health professionals measured participants’ blood pressure and collected blood sam-

ples which were shipped on ice packs overnight to a central laboratory. Blood pressure was

measured twice using an aneroid sphygmomanometer, after the participant was seated with

both feet on the floor for 5 minutes. The 2 blood pressure measurements were averaged

for the analysis. Serum glucose, triglycerides, total and high-density lipoprotein choles-

terol were measured from blood samples using colorimetric reflectance spectrophotometry

with the Ortho Vitros 950 IRC Clinical Analyzer from Johnson and Johnson Clinical Di-

agnostics. Low-density lipoprotein (LDL) cholesterol was calculated using the Friedewald

equation [89]. Participants were compensated $30 for their time. They were notified of

their results and advised to seek medical care for abnormal results using letters and cards

with standard text reprinted in Figure 2.4. The study received IRB approval and all partici-

pants gave informed consent [37].

We complemented the REGARDS biomarker and survey data with participants’ Medi-

care claims. We used data from Medicare carrier and outpatient files to track doctor visits

for evaluation and management of high cholesterol, hypertension, or diabetes in each six

month interval during a given participant’s 48-month window of observation. Codes for

evaluation and management visits and International Classification of Diseases (ICD-9) di-

agnosis codes for high cholesterol, hypertension, and diabetes according to the Chronic

Conditions Warehouse definitions are reported in Table 2.5. We also extracted data on

whether each participant was dually eligible for Medicaid and data on hospitalizations dur-

ing each six month interval.
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We identified participants with high cholesterol, hypertension, and/or diabetes and clas-

sified each condition as diagnosed or undiagnosed using self-reported data, claims data, and

biomarker data. Participants were classified as having a diagnosed condition if they posi-

tively responded to the question “Has a doctor or other health professional ever told you that

you have high blood pressure/diabetes or high blood sugar/high cholesterol or an abnormal

level of fats in your blood?” without a positive response to the question “Was this only when

you were pregnant?” in the case of diabetes or hypertension. To correct for under-reporting

of diagnosis in self-reported data, we used the Medicare claims data to identify additional

diagnosed conditions [73]. In particular, biomarker-identified high cholesterol, hyperten-

sion, and diabetes were categorized as diagnosed if the claims data met Chronic Conditions

Warehouse definitions for the condition, i.e., had two or more claims coded as relevant to

the condition within the past 2 years. (The Chronic Conditions Warehouse definitions were

designed to identify chronic conditions using claims data and correctly identify 69% of

true diabetes in validation tests [107,108]. In our data, the use of this additional criterion

increased the prevalence of diagnosed conditions by 4% for hypertension, and by 2% for

high cholesterol and diabetes.) Biomarker-identified high cholesterol, hypertension, and

diabetes that failed to meet either of these criteria were classified as undiagnosed. We used

biomarker cutoffs that took participants’ fasting status into account, as detailed in Table

2.6. We allowed cholesterol control cutoffs to vary by 10-year estimated risk category per

national recommendations, as detailed in Table 2.7 [8,15,16,109].

Outcomes of interest

In our main analysis, the outcome of interest was a binary variable indicating whether

participants with prevalent high cholesterol, hypertension or diabetes received any doctor

visits for evaluation and management of their conditions in a given six month interval. This
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outcome was measured on the condition-level (so that participants with multiple conditions

are entered into the data multiple times) and was tracked for each six month period of the

participant’s 48-month period of observation. (Note that a single doctor visit could be coded

as addressing multiple conditions in the Medicare data.) We also analyzed the number of

doctor visits targeting for evaluation and management of each condition in each six-month

interval.

Predictors of interest

The key predictors of interest were (a) whether or not the participant had already been

screened via REGARDS and (b) whether each prevalent condition was diagnosed or undi-

agnosed prior to REGARDS.

Control variables used in multivariate modeling

Control variables were selected to address two possible biases. First, we expected that

secular trends would contribute to observed changes in doctor visits after REGARDS par-

ticipation. For example, all participants were older after REGARDS participation than

before REGARDS participation, and policy changes were implemented during our period

of observation. These secular trends could have biased our estimates if not controlled for

in the model. Two aspects of our data make it possible to control for secular trends: (a) the

rolling recruitment into the REGARDS study, and (b) the availability of panel data for all

participants the 24 months prior to participation. Figure 1 demonstrates this point using a

graphical example: when analyzing data from the hypothetical participants in Figure 1, we

could separate the effect of screening on person A in 2003 from the effect of secular trends

in 2003 by using the data from person B and person C in 2003. A similar graphic could be

drawn to show how we were able to identify and control for the effects of aging.
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Figure 2.2. Illustration showing the months of observation for four hypothetical RE-
GARDS participants

This figure shows an example of the periods of observation for four hypothetical individuals
in the panel data who were recruited on January 1, 2003, January 1, 2004, January 1, 2005,
and January 1, 2006. The center of each horizontal bar indicates the date that the individual
participated in REGARDS. The length of the horizontal bar indicates the window of time
over which we track each individual’s Medicare claims, i.e., 24 months prior to REGARDS
participation through 24 months after the individual’s date of participation.
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Second, our results might be biased if the type of individual willing to participate in RE-

GARDS changed over time. This would be problematic because, as noted above, not-yet-

screened individuals are compared with recently-screened individuals to control for secular

trends. We addressed this concern by controlling for a number of observable characteristics

in the models and, in some specifications, controlling for all time-invariant individual-level

characteristics using fixed effects. (We also assessed this concern by comparing the health

and biomarkers from our sample with the same characteristics from a national biomarker

survey, the National Health and Nutrition Examination Survey.)

To this end, we included two main groups of control variables. Time-varying control

variables included year dummies, interactions between region and year, and individual age,

divided into 8 bins of equal size to allow for a non-linear relationship between age and

doctor visits. Time-invariant control variables included physical health measures taken

at the time of REGARDS participation and a number of demographic and health-related

characteristics from the REGARDS survey. In particular, we controlled for waist size in

centimeters, BMI, glucose, lipid panel, the average of two blood pressure measures (both

systolic and diastolic) and reported physical health from the SF-12; type of condition (high

cholesterol, hypertension, or diabetes), and whether the condition was previously undiag-

nosed; race (African American or white), sex (male or female), income (less than $20,000,

$20,000-<$35,000, $35,000-$75,000, and over $75,000), education (less than high school

education, high school, some college education, or graduated from college), fair or poor

self-reported health, usual health provider at the time of the interview (self-reported having

or not-having a usual health provider), self-reported smoking status (current smoker, past

smoker, or non-smoker), number of alcoholic drinks per week, fasting status at the time of

the interview (fasting or not), cognitive status according to a short memory test (impaired

or not), Medicaid dual eligibility in 2008 (eligible or not), status of county as a primary care

health professional shortage area (all, part, or none of the county is a designated health pro-
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fessional shortage area), and the fraction of residents in poverty in the participant’s county

of residence. All continuous variables were binned into four categories of equal size to

allow non-linearity in the relationship between these variables and doctor visits.

2.2.2 Analytic plan

The unit of analysis was a person with high cholesterol, hypertension, or diabetes, so that

people with multiple conditions were entered into the data multiple times. We analyzed

changes in doctor visits for evaluation and management of previously diagnosed vs. pre-

viously undiagnosed high cholesterol, hypertension, and diabetes after REGARDS using

multivariate panel data models of the following form:

Yi jt =µ +TitUi jδ1 +TitUi jsδ2 +Tit(1−Ui j)γ1 +Tit(1−Ui j)sγ2

+Xi jtβ+Ui jφ +αi j + εi jt (2.1)

where i indexes individual, j indexes condition (either high cholesterol, hypertension, or

diabetes), t indexes a given 6-month time interval in individual i’s 48-month period of

observation, and s indicates the average time since or until individual i’s REGARDS par-

ticipation during interval t.

δ1, δ2, γ1, and γ2, were the coefficients of interest, indicating the changes in levels and

trends in doctor visits after screening via REGARDS for undiagnosed and diagnosed con-

ditions, respectively. We modelled changes in levels and trends of the outcome of interest

separately to examine whether changes in doctor visits occurred immediately, developed

over time, or both. Ui j was a binary variable that took the value 1 if individual i’s condition

j was undiagnosed prior to REGARDS, and 0 otherwise. Tit was a binary variable indicat-

ing whether individual i had already been screened via REGARDS at six-month interval t
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(i.e., this variable took the value 1 for all six-month intervals where s >0). Xi jt included

the control variables listed above and all relevant lower-order interaction terms. The αi j

term captured the correlation across measures of the same person and condition over time

and was modeled as a random effect in the basic specification. We modeled εi jt using

heteroskedasticity-robust standard errors clustered on the individual level, to account for

the heteroskedasticity that arose due the use of a binary outcome variable and account for

the fact that some participants had multiple conditions [110].

To additionally control for secular trends and any changes in the composition of RE-

GARDS participants over time, we used six different regression specifications that con-

trolled for participants’ time-invariant characteristics and participants’ health trajectories

in a progressively stricter fashion. In particular, we ran models with and without (a) con-

trolling for participants’ hospitalizations in the current six-month interval, (b) allowing

background trends in doctor visits to vary with patients’ biomarkers (i.e., interacting s

with biomarkers), and (c) controlling for time-invariant characteristics using person-by-

condition fixed effects (i.e., modeling αi j as a fixed rather than random effect). To illu-

minate whether timing of REGARDS participation was indeed related to time-invariant

individual-level characteristics, we conducted a Hausman test to compare the models using

random vs. fixed effects.

In the main analysis, we pooled high cholesterol, hypertension, and diabetes together.

In additional analyses, we restricted the data to examine changes in doctor visits for high

cholesterol, hypertension, and diabetes separately.

To check whether observed changes in doctor visits after REGARDS participation

could have been produced by non-linearity in the trends prior to participation, we ran

placebo regressions. In the placebo regressions, we restricted the sample to only include the

years prior to screening and compared participants’ doctor visits two years before screening

vs. one year before screening.
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We also investigated the predictors of doctor visits for previously undiagnosed condi-

tions by interacting the changes in levels and trends in doctor visits after REGARDS (the

quantities with coefficients δ1, δ2, γ1, and γ2,) with characteristics of participants. These

characteristics included gender, race, Medicaid dual eligibility, low income (<$20,000 per

year), marital status, fair or poor self-reported health, region of residence (stroke belt vs.

other), healthcare use in the 12 months prior to REGARDS, having a usual health care

provider, having multiple chronic conditions, having less than a high-school education, liv-

ing in a high-poverty county (>25% poverty), and living in a county that is a primary care

Health Professional Shortage Area. We examined one of these variables at a time. In all

cases, the relevant lower-order interaction terms were included in the regressions.

2.3 Results

Complete panel data on doctor visits were available for 6,571 participants. The REGARDS

participants with merged Medicare data have been previously shown to resemble a na-

tional 5% sample of fee-for-service Medicare beneficiaries [111]. Figure 2.5 shows that

our sample of participants also resembled the National Health and Nutrition Survey, a na-

tionally representative biomarker survey, on measured and self-reported health in similar

years when the REGARDS exclusion criteria were applied.

Among the 6,571 participants with complete panel data, 5,884 had one or more of our

conditions of interest and were therefore included in the analysis. In total, 4,268 partici-

pants had high cholesterol, including 874 participants with undiagnosed high cholesterol;

4,502 participants had hypertension, including 451 with undiagnosed hypertension; and

1,309 participants had diabetes, including 143 with undiagnosed diabetes. Because partic-

ipants with multiple conditions were entered into the data multiple times, our final dataset
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comprised a panel of 10,079 prevalent conditions, including 1,468 previously undiagnosed

conditions.

Table 2.2 compares the characteristics of participants with only diagnosed conditions

vs. participants with one or more undiagnosed conditions. Participants with undiagnosed

conditions had higher blood pressure and fasting blood glucose, higher total and LDL

cholesterol, and lower HDL cholesterol than participants with only diagnosed conditions.

Participants with undiagnosed conditions were more likely to be male, lack a usual health-

care provider, and currently smoke than participants with only diagnosed conditions; they

were less likely than participants with only diagnosed conditions to have seen a doctor for

evaluation and management of any conditions in the prior year.

Table 2.3 shows the results from the six model specifications used to test for impacts

of screening on the fraction of high cholesterol, hypertension, and diabetes cases that were

seen by a doctor for evaluation and management per six months. The results were highly

similar across the six specifications. Overall, we found no change in doctor visits for

diagnosed conditions after participation, but did find changes in doctor visits for previously

undiagnosed conditions after participation in REGARDS. This evidence is consistent with a

hypothesis that screening changed participants’ care use patterns by informing participants

about previously undiagnosed conditions. In the most conservative model, the fraction of

previously undiagnosed conditions that received a semi-annual doctor visit for evaluation

and management increased by 15 percentage points (11 to 19) by one year after screening

and by 22 percentage points (95% confidence interval: 16-28) by two years after screening.

The raw data showed a similar trend; see Figure 2.

A Hausman test between the first and fourth models in Table 2.3, which were identi-

cal except for the use of fixed or random effects to model variation for each individual-

condition, failed to reject the null hypothesis that both were consistent, assuming the spec-
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Table 2.2: Characteristics of participants meeting all exclusion criteria, by diagnosis status
at the time of REGARDS participation

Participants w/
Only Diagnosed

Conditions

Participants w/
Undiagnosed
Conditions

p-Value of
the

Difference
Mean SE Mean SE

Age 74.1 (0.1) 74.9 (0.2) p<0.01
Systolic blood

pressure
130.3 (0.2) 138.1 (0.5) p<0.01

Diastolic blood
pressure

74.6 (0.1) 78.1 (0.3) p<0.01

Fasting glucose 100.6 (0.4) 109 (1.2) p<0.01
Total cholesterol 185.2 (0.7) 201.2 (1.2) p<0.01

Triglycerides 130.9 (1.2) 139.2 (3.9) p<0.01
LDL cholesterol 106.5 (0.6) 125.8 (1) p<0.01
HDL cholesterol 52.3 (0.3) 48.1 (0.5) p<0.01

N % N %
Total 4562 (69) 1322 (20)
Male 2116 (46) 810 (61) p<0.01

Any doctor visits
the year before
participation

4461 (98) 964 (73) p<0.01

Had a usual
healthcare
provider

4101 (90) 964 (73) p<0.01

Current smoker 324 (7) 114 (9) p<0.01
African

American
1367 (30) 398 (30) p=0.71

Lives in stroke
belt state

1583 (35) 476 (26) p=0.41

Lives in stroke
buckle state

1104 (24) 302 (23) p=0.47

Married 2580 (57) 784 (59) p=0.14
LDL: Low-density lipoprotein. HDL: High-density lipoprotein. SE: standard error of the
mean. In this chart, glucose and lipid measurements are included only from participants
who are fasting.
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Table 2.3: Percentage point change in any semi-annual doctor visits for evaluation and
management of previously diagnosed vs. undiagnosed conditions one and two years after
REGARDS participation (average marginal effects from regression)

(1) (2) (3) (4) (5) (6)
Diagnosed
conditions
After 1 year -1 -1 -1 -1 -1 -1

(-4 to 1) (-4 to 1) (-4 to 1) (-4 to 1) (-4 to 1) (-4 to 1)
After 2 years -3 -3 -3 -2 -3 -3

(-6 to 1) (-7 to 1) (-7 to 1) (-6 to 2) (-7 to 1) (-7 to 1)

Undiagnosed
conditions
After 1 year 16*** 15*** 15*** 16*** 15*** 15***

(12 to 20) (11 to 19) (11 to
19)

(12 to
20)

(11 to
19)

(11 to
19)

After 2 years 23*** 22*** 22*** 23*** 22*** 22***
(17 to 29) (16 to 28) (16 to

28)
(17 to

29)
(16 to

28)
(16 to

28)

Fixed effects N N N Y Y Y
Control for

hospitalizations
N Y Y N Y Y

Background
trends vary by

biomarkers

N N Y N N Y

95% confidence interval in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The rows of the table include marginal effects from a multivariate panel data regression
on the condition level indicating changes in healthcare utilization 1 and 2 years after RE-
GARDS participation. The columns indicate six regression specifications. All specifica-
tions include the control variables noted in the text. In columns 2, 3, 5 and 6 estimates
are adjusted for hospitalizations. In columns 4 through 6, estimates are adjusted for time-
invariant individual characteristics using individual-by-condition fixed effects. In columns
3 and 6, background trends in doctor visits are allowed to vary with participants’ biomark-
ers.
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Figure 2.3. Screening via REGARDS and doctor visits for previously diagnosed and pre-
viously undiagnosed conditions in the raw data

The solid lines indicate not-yet-screened individuals and dashed lines indicate recently-
screened individuals. The year of REGARDS participation is split into time points before
vs. after participation.
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ification of the model is correct (F(54)=37.77, p =0.954). The Hausman test therefore

provided no evidence that the use of a fixed effects model was necessary.

Running the models separately by condition, we found that doctor visits increased for

all three conditions. Over the two years after participation in REGARDS, semi-annual

evaluation and management visits increased by 45 percentage points for previously undi-

agnosed diabetes (95% CI 30 to 60), 19 percentage points for previously undiagnosed high

cholesterol (95% CI 12 to 26), and 20 percentage points for previously undiagnosed hyper-

tension (95% CI 8 to 31). Results were similar when we examined the number of doctor

visits: visits increased by 1.1 per 6-month interval for previously undiagnosed diabetes

(95% CI 0.5 to 1.7), 0.3 percentage points for previously undiagnosed high cholesterol

(95% CI 0.2 to 0.5), and 0.4 percentage points for previously undiagnosed hypertension

(95% CI 0.2 to 0.7). The raw data showed a similar pattern, as shown in Table 2.8.

The results disappeared as expected in the placebo regressions, which used only pre-

REGARDS data and test for changes in levels and trends in doctor visits the year prior to

participation; see Table 2.9 and Figure 2.6.

Finally, we examined which participants were most likely to seek care for previously

undiagnosed conditions. Table 2.4 shows the impact of screening on semi-annual doc-

tor visits for previously undiagnosed conditions two years after screening by participant

characteristics. We found no significant differences in rates of follow-up for previously un-

diagnosed conditions by gender, race, Medicaid dual eligibility, low income, marital status,

fair or poor self-reported health, region of residence (stroke belt vs. other), having multi-

ple chronic conditions, having less than a high-school education, living in a high-poverty

county (>25% poverty) or a county that is a primary care Health Professional Shortage

Area, doctor visits the year before participation, or failing a cognitive test. In contrast,

participants who self-reported having a usual healthcare provider at the time of REGARDS

participation may have been 11 percentage points more likely to seek care for a newly diag-
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nosed condition (95% CI 0 to 23, two-sided p-value: 0.05) than participants who reported

no usual healthcare provider at the time of REGARDS participation.

2.4 Discussion

In our national sample of Medicare beneficiaries, 15% of cases of high cholesterol, hyper-

tension, and diabetes were undiagnosed and 20% of participants were undiagnosed for at

least one of these conditions. In-home screening after telephone outreach increased use of

semi-annual doctor visits for previously undiagnosed conditions by 22 percentage points

after two years. Beneficiaries’ reported access to a usual healthcare provider at the time of

screening was more predictive of doctor visits for their previously undiagnosed conditions

than factors such as gender, race, living in the stroke belt, individual-level or area-level

poverty, living in a health professional shortage area, or even past use of healthcare. In-

deed, the impact of screening on doctor visits for previously undiagnosed high cholesterol,

hypertension, and diabetes was statistically the same for a wide variety of Medicare benefi-

ciaries, with the possible exception of beneficiaries who reported lacking a usual healthcare

provider. This possible exception is concerning because beneficiaries who reported lacking

a usual healthcare provider accounted for about one-quarter of beneficiaries with undiag-

nosed conditions in our sample.

Our analysis builds on previous investigations on the relationship between health be-

liefs and healthcare seeking behaviors and provides several methodological advantages

with respect to studying Medicare beneficiaries [25,104,112]. First, due to the merge of

REGARDS data with Medicare claims, we were able to track participants’ awareness of

health conditions and healthcare utilization in the months directly before and after screen-

ing, and to measure healthcare utilization prospectively using Medicare claims rather than

retrospectively using self-reported data. Second, the REGARDS study recruited Medicare
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Table 2.4: Percentage point change in any semi-annual doctor visits for evaluation and
management of previously undiagnosed conditions two years after REGARDS participa-
tion, by participant characteristics (average marginal effects from regression)

Average
Marginal Effect

If In Group

Average
Marginal Effect
If Not In Group

p-Value of
the

Difference
Mean SE Mean SE

Had usual healthcare
provider

25 (4) 14 (5) p=0.05

Any doctor visits the
year before
participation

23 (3) 24 (8) p=0.88

Male 20 (4) 27 (4) p=0.21
African American 18 (5) 25 (4) p=0.29
Medicaid dual eligible 21 (8) 23 (3) p=0.78
Income < $20,000 25 (7) 23 (3) p=0.80
Married 25 (4) 20 (4) p=0.39
Fair or poor
self-reported health

24 (8) 23 (3) p=0.85

Lives in a stroke belt
state

25 (4) 20 (5) p=0.45

Has multiple chronic
conditions

23 (4) 22 (5) p=0.85

Less than high school
education

21 (7) 23 (3) p=0.72

County of residence
has > 25% residents in
poverty

28 (11) 23 (3) p=0.63

County of residence is
primary care Health
Professional Shortage
Area

25 (8) 23 (3) p=0.80

Failed cognitive test 14 (6) 24 (3) p=0.16
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beneficiaries using random phone calls from across the continental United States. This re-

cruitment procedure produced a sample that resembled a national 5% sample of traditional

Medicare beneficiaries on a variety of characteristics [111]. Third, due to the random vari-

ation in the timing of participants’ recruitment into the REGARDS study, we were able

to tease apart the impact of screening on doctor visits for high cholesterol, hypertension,

and diabetes from the impact of aging or secular trends. In this way, our analysis addresses

concerns about time-varying confounders that are important in studies with before-after de-

signs. Fourth, we incorporate a number of control variables to address possible remaining

confounders. The results did not change when we control for all time-invariant individual-

level characteristics using fixed effects, although the results of our Hausman test indicate

that these additional control variables are not required to produce an unbiased estimate.

This result follows logically from the random, rolling nature of recruitment into the RE-

GARDS study.

The results of our study should be interpreted with the relevant limitations in mind.

Because we lack data from individuals who declined to participate in screening, we could

not calculate the impact of being offered screening (i.e., the intent to treat effect). Instead,

we calculated the impact of screening for individuals who are willing to be screened (i.e.,

the treatment on the treated effect). In addition, we cannot say whether our results will

generalize beyond the group of REGARDS participants with available Medicare claims,

namely, African American and white adults who were enrolled in traditional Medicare and

not in Medicare Advantage.

Our findings have implications for new models of care being tested by the Center for

Medicare and Medicaid Innovation. In care models such as Accountable Care Organiza-

tions and Accountable Health Communities, healthcare providers are incentivized to reach

out to patients who have not recently been screened. Based on our findings, outreach to en-

courage screening is unlikely to exacerbate existing disparities in chronic condition care by
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gender, race, region, or Medicaid dual eligibility because uptake of doctor visits after diag-

nosis did not vary by these factors. However, we found that the hardest-to-reach patients –

those who lacked a usual healthcare provider – had marginally lower uptake of doctor vis-

its for previously undiagnosed conditions. This result suggests that multi-pronged efforts

to support and engage hard-to-reach patients, as in the Accountable Health Communities

model, could become increasingly important to chronic condition care as more patients

become diagnosed.
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2.A Additional tables and figures

Figure 2.4. Text from the card and letter given to REGARDS participants informing them
about their blood pressure and the results of their lab tests
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Table 2.5: Chronic Conditions Warehouse ICD-9 codes related to diabetes, hypertension
and high cholesterol

Condition Included ICD-9 and CPT diagnosis codes
Diabetes ICD-9 codes 249.00, 249.01, 249.10, 249.11, 249.20,

249.21, 249.30, 249.31, 249.40,249.41, 249.50, 249.51,
249.60, 249.61, 249.70, 249.71, 249.80, 249.81,
249.90,249.91, 250.00, 250.01, 250.02, 250.03, 250.10,
250.11, 250.12, 250.13, 250.20,250.21, 250.22, 250.23,
250.30, 250.31, 250.32, 250.33, 250.40, 250.41,
250.42,250.43, 250.50, 250.51, 250.52, 250.53, 250.60,
250.61, 250.62, 250.63, 250.70,250.71, 250.72, 250.73,
250.80, 250.81, 250.82, 250.83, 250.90, 250.91,
250.92,250.93, 357.2, 362.01, 362.02, 362.03, 362.04,
362.05, 362.06, 366.41 in any position

Hypertension ICD-9 codes 362.11, 401.0, 401.1, 401.9, 402.00, 402.01,
402.10, 402.11, 402.90, 402.91, 403.00, 403.01, 403.10,
403.11, 403.90, 403.91, 404.00, 404.01, 404.02, 404.03,
404.10, 404.11, 404.12, 404.13, 404.90, 404.91, 404.92,
404.93, 405.01, 405.09, 405.11, 405.19, 405.91, 405.99,
437.2 in any position

High cholesterol 272.0, 272.1, 272.2, 272.3, 272.4 in any position

Face-to-face physician
contact

CPT codes 99024, 99058, 99429, 99499, 99201-99288,
99291-99292, 99301-99337, 99341-99357, 99385-99387,
99395-99404

This table shows the classification algorithm from the Chronic Conditions Warehouse that
is used to classify doctor visits in the Medicare data as relevant to evaluation and manage-
ment of diabetes, high cholesterol and/or hypertension.
CPT: current procedural terminology. ICD-9: International Classification of Diseases, 9th
Revision.
Source: Chronic Conditions Warehouse website (https://www.ccwdata.org/web/guest/condition-
categories)
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Table 2.6: Definitions used for diabetes, hypertension, and high cholesterol
Condition Status Definition
Diabetes (self-reported
diagnosis, taking diabetes
medication, or FPG>126
mg/dl / NFPG>200mg/dl)

No condition No self-reported diagnosis of
diabetes and FPG<126 mg/dl or
NFPG<200mg/dl

Undiagnosed No self-reported diagnosis of
diabetes, but FPG>126 mg/dl or
NFPG>200mg/dl

Diagnosed Self-reported diagnosis of diabetes
(when non-pregnant for women)

Hypertension (self-reported
diagnosis, taking
hypertension medication,
SBP>140mmHg or
DBP>90mmHg)

No condition No self-reported diagnosis,
SBP<140mmHg, and
DBP<90mmHg

Undiagnosed No self-reported diagnosis of
hypertension, but SBP>140mmHg
or DBP>90mmHg

Diagnosed Self-reported diagnosis of
hypertension (when non-pregnant
for women)

High cholesterol
(self-reported diagnosis,
taking cholesterol
medication, total cholesterol
>200 mg/dl, LDL
cholesterol>160 mg/dl, or
HDL cholesterol<40 mg/dl)

No condition No self-reported diagnosis, and
cholesterol levels below cut-points
defined based on recommendations
provided by the ATP III guideline
(Table 2.7).

Undiagnosed No self-reported diagnosis, but
cholesterol levels above cut-points
defined based on recommendations
provided by the ATP III guideline
(Table 2.7).

Diagnosed Self-reported diagnosis
Note: ATP III: Third Report of the National Cholesterol Education Program (NCEP)
Expert Panel on Detection, Evaluation, and Treatment of High Blood Cholesterol in
Adults; FPG=fasting plasma glucose; NFPG=non-fasting plasma glucose; SBP=systolic
blood pressure; DBP=diastolic blood pressure; HDL=high-density lipoprotein, LDL= low-
density lipoprotein. Cholesterol levels recommended by the ATP III are described in Table
2.7.
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Table 2.7: Cholesterol levels used as definition of high cholesterol based on target values
recommended by the ATP III guideline

Participants’ characteristics LDL
cholesterol for
those with
fasting blood
sample

Non-HDL
cholesterol for
those with
non-fasting
blood sample
or missing
LDL
cholesterol

History of CHD, CHD risk equivalents
(including a history of stroke or diabetes) or
10-year CHD predicted risk > 20%

≥ 100 mg/dL ≥ 130 mg/dL

Multiple (2 or more) risk factors and 10-year
predicted risk 10-20%

≥ 130 mg/dL ≥ 160 mg/dL

0-1 risk factors or multiple (2 or more) risk
factors with 10-year predicted risk <10%

≥ 160 mg/dL ≥ 190 mg/dL

This table shows the cholesterol levels used to define high cholesterol in this paper.
ATP III: Third Report of the National Cholesterol Education Program (NCEP) Expert Panel
on Detection, Evaluation, and Treatment of High Blood Cholesterol in Adults; CHD: coro-
nary heart disease; HDL=high-density lipoprotein, LDL=low-density lipoprotein
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Figure 2.5. Comparison of the REGARDS sample with the NHANES sample year by year,
using comparable sample restrictions and sample weights

This figure shows that REGARDS participants have similar trends in biomarkers and levels
and trends of self-reported diagnosis of high cholesterol, hypertension, and diabetes as
a comparable sample of participants in the National Health and Nutrition Examination
Survey in the years of interest. The comparable sample of participants was constructed by
limiting the NHANES sample to only include participants who were aged 67 or older, were
interviewed in English, and identified as African American or white. SR: Self Reported.
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Figure 2.6. Screening by REGARDS and any doctor visits for undiagnosed and diagnosed
conditions in the raw data

The figure shows that trends in doctor visits for diagnosed conditions are smooth before
and after participation in REGARDS, whereas trends in doctor visits for previously
undiagnosed conditions changed just after participation in REGARDS. This evidence is
consistent with a hypothesis that REGARDS participation changed participants’ care use
patterns by informing participants about previously undiagnosed conditions.
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Table 2.8: Tabulations of raw REGARDS data: Fraction of previously undiagnosed cases
of diabetes, high cholesterol, or hypertension that receive a relevant evaluation and man-
agement visit from a physician each six months, according to Medicare claims data

Months since REGARDS Has relevant claim 95% Confidence Interval
Diabetes
<6 months before 3% (0% to 5%)
<6 months after 26% (18% to 34%)
6-11 months after 31% (22% to 39%)
12-17 months after 35% (26% to 44%)
18-23 months after 38% (30% to 47%)

High cholesterol
<6 months before 4% (3% to 5%)
<6 months after 16% (13% to 18%)
6-11 months after 16% (14% to 19%)
12-17 months after 19% (16% to 22%)
18-23 months after 21% (18% to 24%)

Hypertension
<6 months before 8% (5% to 11%)
<6 months after 16% (12% to 20%)
6-11 months after 21% (16% to 25%)
12-17 months after 25% (21% to 30%)
18-23 months after 27% (22% to 32%)
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Table 2.9: Placebo models: percentage point change in any semi-annual doctor visits
for evaluation and management of previously diagnosed vs. undiagnosed conditions one
year before REGARDS participation, using only data from before REGARDS (average
marginal effects from regression)

(1) (2) (3) (4) (5) (6)
Diagnosed
conditions
After 1 year 2 3 3 2 3 3

(-8 to
12)

(-7 to 13) (-6 to 13) (-8 to 12) (-7 to 12) (-7 to
13)

After 2 years 3 4 5 3 4 5
[If no

REGARDS]
(-11 to

18)
(-10 to 18) (-10 to 19) (-11 to 17) (-10 to 18) (-10 to

19)

Undiagnosed
conditions
After 1 year 2 2 3 2 2 2

(-11 to
16)

(-11 to 16) (-11 to 16) (-12 to 15) (-11 to 16) (-11 to
16)

After 2 years 3 3 3 2 3 3
[If no

REGARDS]
(-17 to

23)
(-17 to 23) (-17 to 23) (-18 to 22) (-17 to 23) (-17 to

23)

Fixed effects N N N Y Y Y
Control for
hospitaliza-

tions

N Y Y N Y Y

Background
trends vary by

biomarkers

N N Y N N Y

95% confidence interval in parentheses
*** p<0.01, ** p<0.05, * p<0.1

This table provides evidence that increases in doctor visits for undiagnosed conditions af-
ter REGARDS participation, shown in Table 2 and Table 3, were not produced by non-
linearity in the trends prior to participation. The data in these placebo models only use data
from prior to REGARDS. The rows of the table include average marginal effects from a
multivariate panel data regression on the condition level indicating changes in healthcare
utilization 1 year and (projected) 2 years after the time point 1 year prior to REGARDS
participation. The columns indicate six regression specifications.
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CHAPTER 3

POLICY ANALYSIS WITH ENDOGENOUS MIGRATION

DECISIONS: THE CASE OF LEFT-BEHIND MIGRANT

CHILDREN IN CHINA

3.1 Introduction

The well-being of children in migrant families is a topic of growing concern. China pro-

vides a case study with wider applicability because migrants within China lose access to

some government social services, as many international migrants do. Inequality in eco-

nomic opportunity has spurred large waves of rural-urban migration since the 1980s, in

what has been called the largest rural-urban labor migration in human history [113]. The

number of rural workers working in China’s urban areas reached an estimated 274 mil-

lion in 2014, accounting for about 36% of China’s total workforce [114]. Due to the

Chinese residential registration permit system (the hukou system), access to health and

education services is more limited for individuals not living in their official place of res-

idence, including family members of migrant workers [115–119]. Migrant children face

difficulties enrolling in urban schools and cannot participate in urban-specific health care

schemes [116,120–122]. As a result, many children remain in their place of official resi-

dence while one or both parents migrate. In 2010, there were 61 million so-called “left-

behind” children in rural China who live apart from at least one parent, including 50 mil-

lion under the age of 14 [123]. This represents an increase of over 2 million since 2005 and

would comprise 38% of all rural children in China [123–125].

Establishing whether being left-behind by migrant parents is good or bad for children

is important for shaping public policy, including targeted efforts to provide additional sup-

port for left-behind children and recent changes in hukou policy [126,127]. An extensive
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body of empirical research has tested whether being left-behind by migrant parents is detri-

mental to Chinese children’s well-being, and the results are highly mixed [119,127–144].

However, mixed results are perhaps to be expected: left-behind children experience both

positive factors (parental remittances) and negative factors (parental absence), and there-

fore the impact of being left behind could be negative or positive depending on the balance

of these two factors and their relative importance for any given child outcome [145]. For

this reason, the empirical literature faces significant challenges in identifying the net impact

of being left-behind by migrant parents on rural children’s well-being.1 This exemplifies a

broader gap in the literature on rural-urban migration, wherein answers to policy-relevant

questions such as when and to what extent such migration is desirable remain unclear [150].

This paper provides a new answer to this question by using economic theory to isolate

a case where the net impact of being left-behind on children can be made clear. To provide

policy-relevant conclusions, I focus on a policy-relevant subset of families. In particular, I

examine whether being left-behind is good or bad for children who become left-behind by

migrant parents as a result of a policy change. Under relatively parsimonious assumptions,

I show that becoming left-behind decreases the well-being of children who become left-

behind as a result of a policy change.

I begin by observing that if parents were previously indifferent between migrating with

their child and leaving the child behind in the rural area, an increase in generosity of place-

specific government services would determine their decision as to where their child should

live. I then model the impact of policies designed to help children from migrant-sending

regions in a framework where government services vary by migration status and place of

1. Self-selection into migration is a separate but also important concern for empirical studies. In partic-
ular, individuals self-select into migration based on factors such as health and social networks that can also
determine their children’s well-being [146–149]. The studies of left-behind migrant children cited above use
various empirical tools to control for self-selection into migration, and imperfect corrections for selection
may also account for some of the mixed results.
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residence. In the model, parents are the sole decision-makers and care about their own

consumption and their children’s well-being [151–155]. Parents can choose between mul-

tiple migration scenarios (migrating and bringing their children, migrating and leaving their

children behind, or not migrating), and they can choose their levels of time and monetary

investments in their children.

I unpack the effects, including migration effects, of two hypothetical policy changes

designed to help children from rural areas, which broadly reflect two recent policy changes

in China. The first hypothetical policy change increases government services for rural non-

migrants; this resembles the New Cooperative Medical Scheme, a government-sponsored

health insurance scheme for rural residents introduced in 2003 [122,156]. The second

hypothetical policy change involves increasing government services for rural migrants; this

resembles ongoing reforms to the hukou system [157–160].

Both policies increase government services, which directly benefits children. However,

additional effects related to migration can augment or undermine these benefits. In partic-

ular, when children become left-behind due to an increase in government services in rural

areas, this decreases their well-being. (This holds both for children who previously lived

in rural areas with parents and for children who previously lived in urban areas with their

migrant parents.) In contrast, when children become no longer left-behind due to an in-

crease in government services in urban areas, this increases their well-being. In summary,

although increases in the generosity of government services for rural children directly help

children, indirect effects can reduce or augment these benefits because of the harm to newly

left-behind children or benefit to children no longer left-behind.

If few children become left-behind as a result of policy changes (for example, because

few parents are near a margin of migrating and leaving children behind), these indirect

effects will not be important in practical terms. I therefore test whether there was a sig-

nificant increase in the fraction of rural children left-behind children by parents coinciding
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with the roll-out of a government health insurance program for rural residents, the New

Cooperative Medical Scheme, over 2003-2009. Employing panel data to run a within-child

(fixed effects) analysis, I estimate that this policy change resulted in a 5 percentage point

increase in the fraction of rural children left-behind by migrant parents. This finding sup-

ports a hypothesis that a significant number of parents are at or close to a margin of leaving

children behind.

In addition to addressing an apparent puzzle in the empirical literature on left-behind

children, this paper contributes to an economic literature on migration responses to public

policy dating back to Tiebout’s classic analysis [161]. (See [162] for a summary of empir-

ical work on internal migration in response to policy in developing countries.) My results

imply that “welfare magnet” migration effects can undermine the effects of a welfare policy

if the people making decisions about migration (in my model, parents) are not the intended

beneficiaries of the policy (in my model, children) [163–167]. This insight contributes to

discussions about the optimal design of government policies. My findings are distinct from

findings of previous studies indicating that sorting of heterogeneous agents across locations

can undermine the observed effect of local policies and programs, because agents are not

heterogeneous in my model [168–172].

This analysis also demonstrates a new approach to signing difficult-to-sign comparative

statics in policy analysis. I sign a difficult-to-sign comparative static by restricting the focus

to marginal treatment effects, the impact of taking a certain path of action for individuals at

the margin of doing so [22,24,173–175]. A number of papers analyze marginal treatment

effects by empirically estimating how marginal treatment effects vary across agents [22,

45,176]. My analysis differs from these in that I focus on broad conclusions that can

be drawn about all marginal agents. In particular, I use the fact that parents were at the

margin of leaving children behind as an additional equation to sign a comparative static

that is otherwise difficult to sign using theory alone (the effect of being left-behind on child
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well-being). A disadvantage of this approach is that I sign the quantity of interest without

pinning down its magnitude or variability. However, this strategy simplifies the application

of marginal treatment effects to policy-relevant questions and is also, to my knowledge,

novel.

The rest of the paper proceeds as follows. Section 3.2 outlines the justification for the

theoretical model and relates this paper to the existing empirical literature on the topic.

Section 3.3 presents the model. Section 3.4 derives the result that being left-behind is

harmful for children who become left-behind in rural areas as a result of a policy change

and related results. Section 3.5 discusses the implications of the theoretical results for

policy analysis. Section 3.6 presents an empirical test showing a increase in the fraction

of children left-behind by migrant parents after a policy change in rural China, indicating

that the migration effects analyzed in the model could be important in practice. Section 3.7

concludes.

3.2 Justification for the theoretical framework

In this section, I argue that two key factors should be taken into account in modeling the di-

rect and indirect impacts of changes to Chinese government policy on rural hukou children:

(1) parental money and time investments in children, and how these change as a result of

migration decisions, and (2) location-specific government investment in children in China.

These factors will be central to the theoretical model presented in the following section.

3.2.1 Changes in parental money and time investments in children, and

implications for left-behind children

Many have argued that because left-behind children experience both positive factors (in-

creased parental spending on children via remittances) and negative factors (decreased
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parental time with children), the impact of being left behind could be negative or posi-

tive, depending on the balance of these two factors [140,144,145,177]. Remittances can

account for a third of migrants’ labor earnings in China and can increase the consumption

of rural households by 20 percent, with the amount of remittances varying based on the

needs of family members left behind [178–181]. Although remittances support children’s

education, these funds are garnered at the cost of parental time with children, which is

also an important determinant of academic performance [140,182–184]. Loss of parental

time can also increase the need for children’s labor at home, which may interfere with

schooling [142,185,186]. Accordingly, the observed impact of being left-behind by migrant

parents on children’s school attendance and performance has been mixed [144,187–189].

A similarly mixed effect has been shown for left-behind children’s nutrition, perhaps be-

cause remittances support the purchase of nutritious food such as meat for left-behind

children, while the lack of an educated caregiver is a risk factor for anaemia and under-

weight [127,137,190–192]. In contrast, the loss of parental time seems detrimental to chil-

dren’s mental health, with higher rates of psychological distress observed among children

who were left-behind at an earlier age or who lack social capital to buffer negative im-

pacts [128,133,193–196]. Similarly, lack of parental supervision and parental remittances

may contribute to higher rates of unhealthy behaviors such as smoking and drinking and

therefore to lower health-related quality of life among left-behind adolescents [129,132].

The theoretical model in this paper is informed by two patterns evident in this empir-

ical literature. First, the empirical literature indicates that parental spending on children

and parental time with children both contribute to child welfare and are differentially im-

pacted by migration. Accordingly, I track both factors in the model. Second, the empirical

literature indicates that parental spending on children and parental time with children dif-

ferentially impact various domains of child development such as physical health, mental

health, and educational progress which contribute to children’s well-being. This raises
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concerns about how to aggregate the mixed impacts of being left-behind on these various

domains to address whether being left-behind is good or bad for children overall. To side-

step this issue, I use a single summary metric of child welfare in the model, as is done in

the theoretical literature on intergenerational mobility, rather than modeling the impacts on

each domain separately and then aggregating the results [151,152,154,155].

3.2.2 Location-specific government investment in children in China

Social services provided by the Chinese government follow a pattern wherein official res-

idents (i.e., people with local hukou) are eligible for more benefits than people with non-

local hukou [115,116,160,197]. In the empirical section, I discuss the New Cooperative

Medical Scheme in China as an example of a policy which increases government services

only for rural citizens who live in their place of official residence [122,198]. Although

the hukou system is particular to China, lessons drawn from this context could be relevant

for government policies in other contexts that use place-specific government benefits as

incentives to reduce urban crowding, stem persistent rural-to-urban migration, or attract a

particular type of resident to a community [161,171,199,200].

The most recent hukou reform, in July 2014, selectively increased availability of hukou

in urban areas. The selective nature of the reform implied that, for many rural children,

availability of government services may remain limited in many urban areas. In the re-

forms, policy-makers set a goal of granting hukou from urban locations to 100 million

people who currently hold hukou from rural locations. These additional hukou were to

be allocated based on size of the destination city: small cities should be “fully open,” mid-

sized cities should be opened in an “orderly” fashion, and hukous in the largest cities should

remain “strictly controlled” [126]. As such, the reforms did not change two characteristics

of the existing system: (1) hukou in more desirable cities are available only to those who
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meet criteria set by the city (often, a points system based on factors like wealth, occupation,

and education),2 and (2) individuals who forgo their rural hukou forgo the land entitled to

them in their home village. For many rural people, obtaining one of the urban hukou that

are within their reach may continue to not be worth the cost [159,160,202].3 Therefore,

the pattern wherein rural people receive lower levels of government services in the city is

expected to persist for many families and should be taken into account in modeling the

response of the Chinese family to changes in government services.

3.3 Model

See Figure 3.1 for a summary of the model including policy inputs, parental decisions,

and consequences for parents and children. The model is constructed to be as simple and

general as possible while incorporating the key factors discussed above. In doing so, it

incorporates some elements of classic models of labor migration and parental investment

in children [152,155,204].

Each household contains one parent and one child, both with rural hukou.4 Parents are

the sole decision-makers in the household and maximize a smooth function of their own

consumption (C) and children’s welfare or expected utility (ψ):

U = u(C,ψ)

2. Typically, desirable locations are larger cities providing more generous benefits [201].

3. This prediction is borne out by earlier hukou reforms. After hukou reform initiatives in 1997, only
1.39 million migrants (about 1%) had changed their hukou by 2002. In the desirable city of Harbin, only
200 migrants out of the 1 million migrants in the city were named "advanced workers" and given Harbin
hukou [203]. National policy to increase offers of urban hukou to rural people, if implemented at the city
level as noted above, are unlikely to give rural people equal access to urban public services in practice [197].

4. The one-parent, one-child setup helps to simplify the analysis for expositional purposes and has been
previously employed in the theoretical literature [151,154].
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Figure 3.1. Summary of the model including policy inputs, parental decisions, and child
welfare
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This setup follows the theoretical literature on parental investments in children and inter-

generational mobility [151,152,154].

Parental migration and child migration are denoted as Mp and Mc, respectively. Mp = 1

if the parent migrates and Mp = 0 if the parent does not migrate. Likewise, Mc = 1 if the

child migrates and Mc = 0 if the child does not migrate.

Each parent is endowed with one unit of time. When the child and parent live in the

same location, the parent has the option of spending some fraction of their time (τ) with the

child. The remainder of the time parents work, earning wage w which varies by location:

w =


wu if parent migrates (that is, Mp = 1)

wr if parent doesn’t migrate (that is, Mp = 0)

Wages in these two locations are not altered by individual agents’ choices [204].

In addition, parents have the option of investing money (of amount I) in their children.

Therefore, parents face the budget constraint:

w(1− I[Mp = Mc]τ) =C+ I

where I denotes the indicator function.

Each child’s welfare is determined by (1) the amount of time spent with the parent (τ);5

and (2) monetary resources spent on him or her (m).6 Spending on the child comes from

the parents (I) and from the government (G); m(I,G) is an aggregate of spending on the

5. In practice, when children are left-behind by (one or more) migrant parents they are cared for by an
alternate caregiver, such as (only one parent or) grandparents. In the model, the value of alternative caregiver
time is normalized to 0.

6. These inputs increase the child’s welfare by increasing the child’s health, psychological well-being, and
educational performance - broadly, his skills or human capital. To link with the literature on intergenerational
mobility, it is worth noting that these skills can increase his potential income in the future.
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child so that mI > 0 and mG > 0. Government spending on the child varies based on the

child’s migration status: Gr or Gu in rural or urban areas, respectively. Child welfare can

therefore be written as ψ (m(I,G) , τ) where G = McGu +(1−Mc)Gr.

3.3.1 Assumptions

I assume that:

Assumption 3.3.1 Parents care about their child’s welfare and their own consumption, but

with decreasing marginal returns to each.7

uψ (C,ψ)> 0; uC (C,ψ)> 0

uψψ (C,ψ)< 0; uCC (C,ψ)< 0

Assumption 3.3.2 u(C,ψ) is additively separable in C and ψ:

u(C,ψ) = µ (C)+ν (ψ)

Assumption 3.3.3 Time and money investments in children increase child welfare.8 How-

ever, there are decreasing marginal returns to each:

ψm (m,τ)> 0; ψτ (m,τ)> 0

7. Note that I am introducing simplifying notation of the form gx(x,y) =
∂g(x,y)

∂x and gxy(x,y) =
∂ 2g(x,y)

∂x∂y .

8. For example, these inputs can increase the child’s human capital which in turn increases his earnings
and consumption in the future and thereby his welfare.
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ψmm (m,τ)< 0; ψττ (m,τ)< 0

These properties and the chain rule, plus mI > 0 and mG > 0 (from the definition of m),

imply ψI > 0, ψG > 0, and ψIG < 0.

Assumption 3.3.4 Parental time weakly increases the productivity of parental monetary

investments in the child:

ψIτ ≥ 0

For example, the books or educational toys may have more impact if the parent spends

time teaching the children how to use them. Likewise, parental time with the child may

have larger impact if the parent has purchased educational books or toys that they can use

together.

Assumption 3.3.5 The government spends more money on children who live in their offi-

cial place of residence:

Gr > Gu

As noted in section 3.2, this assumption is consistent with the hukou system in China,

including recent and previous hukou reforms.

Assumption 3.3.6 Wages for parents are higher in the urban area than in the rural area:

wr < wu

This assumption is broadly consistent with the scale of rural-urban labor migration in

China, including an estimated 270 million migrant workers in 2014 [114].
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3.3.2 Parental decisions

3.3.2.1 Migration decisions

Given the above framework, each parent is faced with the following discrete choice prob-

lem:

• Mp = 1 and Mc = 1 (parent and child migrate together)

• Mp = 0 and Mc = 0 (neither parent nor child migrates)

• Mp = 1 and Mc = 0 (parent migrates and child is left behind)

Within each of these scenarios, the parent can select the optimal I, C, and perhaps τ , to

maximize her utility. When the child is left behind, the parent is not able to spend time

with the child and therefore τ is not a choice variable.

To define notation, let C∗10 and ψ
(
m
(
I∗10,Gr

)
,0
)

denote the parent’s optimal C and

ψ conditional on Mp = 1, Mc = 0 (that is, the first subscript in C∗10 indicates Mp = 1

and second indicates Mc = 0). Then U∗10 = u
(
C∗10,ψ

(
m
(
I∗10,Gr

)
,0
))

is the utility of the

parent at the optimum conditional on Mp = 1, Mc = 0. The optimal choices and utility for

the other migration scenarios are similarly denoted using stars and subscripts. With this

notation, we can summarize parental choices and the corresponding utility as follows:

U = max
Mp,Mc


U∗11 = u

(
C∗11,ψ

(
m
(
I∗11,Gu

)
,τ∗11

))
U∗00 = u

(
C∗00,ψ

(
m
(
I∗00,Gr

)
,τ∗00

))
U∗10 = u

(
C∗10,ψ

(
m
(
I∗10,Gr

)
,0
))

Any of the three migration scenarios could be most appealing to parents, and the key

tradeoffs are as follows. First, parents make more money in urban areas than rural areas by

Assumption 3.3.6. Second, children receive more government services in the rural areas by
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Assumption 3.3.5. Third, migrating parents are unavailable to spend time with left-behind

children. If the importance of parental time is sufficiently large then migrating parents will

not wish to leave their children behind.

3.3.2.2 Optimal decisions if the child and parent live in the same location

When the child and parent live in the same location (Mp = Mc), the parent has the option of

forgoing some income to spend time with the child. In this case, the maximization problem

can be summarized as:

max
I,τ,C
{u(C,ψ (m,τ))+λ (w(1− τ)−C− I)}

where λ is the Lagrange multiplier. The first order conditions are as follows:

{λ} w(1− τ)−C− I = 0

{I} uψψI = λ

{τ} uψψτ

1
w
= λ

{C} uC = λ

At the parent’s preferred point, the marginal utility of the money spent on the parent’s

consumption, the parent’s monetary investments in children, and forgone earnings due to

time spent with children are equated.
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3.3.2.3 Optimal decisions if the parent migrates and child is left-behind

When the child is left-behind by their migrant parent (Mp = 1, Mc = 0), the parent doesn’t

have the option of spending time with the child on a regular basis; that is, τ = 0 and τ is no

longer a decision variable. Therefore, the parent’s maximization problem becomes:

max
I,C
{u(C,ψ (m,0))+λ (w−C− I)}

The first order conditions are:

{λ} w−C− I = 0

{I} uψψI = λ

{C} uC = λ

In this case, the marginal utility of the parent’s monetary investments in children is only

equated with the marginal utility of money spent on the parent’s consumption.

3.4 Deriving parental responses to policy changes and implications

for child welfare

3.4.1 Two policy changes to be considered

I consider parental responses to two hypothetical policy changes. For each change, I will

apply the model to analyze the impact of the policy change on children’s welfare.
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3.4.1.1 First policy change: Increase Gr only.

First, the government could increase spending on rural hukou children who live in their

rural, official place of residence (that is, increase Gr without changing Gu).

One example of such a policy is the New Cooperative Medical Scheme, which provided

government-subsidized health insurance for rural Chinese people living in their official

place of residence starting in 2003 [122,205]. Migrants from rural areas could not bring

their benefits with them in practice [206]. Therefore, the policy essentially increased Gr

without increasing Gu.

3.4.1.2 Second policy change: Increase Gu only.

Second, the government could increase spending on rural hukou children who have mi-

grated away from their official place of residence (that is, increase Gu without changing

Gr). As discussed in section 3.2, recent reforms to the hukou system will increase avail-

ability of government services in urban areas for some rural children [157,159].

3.4.2 Parental reactions to policy changes and implications for child

welfare

I now analyze the policy changes and their impacts on parental utility and child welfare.

First, I focus on the case in which a policy change does not trigger a change in migration.

Second, I focus on the case where parents were previously on the margin of leaving children

behind, so that a policy change determines whether or not children are left behind. In the

next section, I will combine the results to discuss how these migration effects shape the

net impact of a policy on the welfare of children who become left-behind (or no longer

left-behind) after the policy is implemented.
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3.4.2.1 Case 1: Migration decisions do not change as a result of the policy

change.

I first consider the case where G does not change for the child as a result of the policy (i.e.,

Gr changes but the child lives in the urban area, or Gu changes but the child lives in the

rural area), and show that children and parents are unaffected by the policy change in this

case. I next consider the case where G changes for the child as a result of the policy (i.e.,

Gr changes and the child lives in the rural area, or Gu changes and the child lives in the

urban area), and show that both children and parents benefit from the policy change in this

case.

If G does not change

Result 3.4.1 If a policy change does not affect G given a child’s current place of residence

and migration decisions do not change as a result of the policy change, then neither child

welfare nor parental utility will be affected by the policy change.

Without loss of generality, consider the example of a child who lives in an urban area

(Mc = 1); say that Gr increases due to a policy change but the change is not large enough

to provoke the parent of the child to send him home. For this child, G does not change

because G = Gu, and there is no change in Gu.

If G does not change and no other inputs relevant to parental optimization change, then

C, I and τ also do not change. Thus, without any change in any of the inputs, child welfare

(ψ (m(I,G) ,τ)) and parental utility u(C,ψ) also do not change. This is Result 3.4.1.

If G changes
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Result 3.4.2 If a policy change increases (decreases) G given a child’s current place of

residence and migration decisions do not change as a result of the policy change, then

child welfare and parental utility will increase (decrease).

As a first step toward proving this result, I show that governmental investment of level

G is equivalent to having the parents receive a monetary transfer of a certain amount, k(G).

Adding notation to fix ideas, say that if G is set to 0 but the parent is given a transfer of

size k(G) then the parent will spend I∗k(G)
on the child. If instead the government directly

invests amount G in the child and gives no transfer to the parent, the parent will choose

to spend I∗G on the child. I want to show that for any amount of government spending on

children G, there exists a direct transfer to parents of amount k(G) that would produce the

same ψ∗ and C∗, thereby producing identical levels of child welfare and utility for parents.

I will work with the optimization problem for children who live in the same place as

parents, but the Equations I obtain will also hold for left-behind children. This is because

the two first-order conditions that both equal λ and are set to equal each other are equivalent

to two first-order conditions for the left-behind child case, and the third first-order condition

for the left-behind child case is unaffected by the change to the budget constraint (see

section 3.3.2.3).

With the hypothetical transfer k(G) included and G eliminated, the budget constraint

would become:

w(1− τ)+ k (G) =C+ Ik(G)

and therefore the parent’s maximization problem would become:

max
Ik(G),τ,C

{
u(C,ψ (m,τ))+λ

(
w(1− τ)+ k (G)−C− Ik(G)

)}
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where m = m
(

Ik(G),0
)

because G = 0. This maximization problem yields the first-order

conditions:

{λ} w(1− τ)+ k (G)−C− Ik(G) = 0

{I} uψψI = λ

{τ} uψψτ

1
w
= λ

{C} uC = λ

The second and fourth first-order conditions can be combined to yield:

uψψIk(G)
= uC

The comparable condition for the cases without transfer k (G) and where G > 0 is:

uψψIG = uC (3.1)

Therefore if we define the relationship between G and k (G) so that:

ψIG = ψIk(G)
(3.2)

then the transfer k(G) will produce an identical parental optimization problem and identical

outcomes to governmental investment in the child of amount G.

I now establish ∂k(G)
∂G > 0 by examining what changes are needed to maintain equality

3.2 when G changes. First, I examine the left hand size of equality 3.2. ψIG < 0 (see

Assumption 3.3.3) implies that a decrease in G would increase ψI , i.e., increase the left-
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hand side of equality 3.2. The right-hand side of equality 3.2, ψIk(G)
, must therefore also

increase. ψII < 0 (Assumption 3.3.3) implies that increasing ψIk(G)
requires decreasing I.

Decreasing I can be accomplished by decreasing the parent’s budget - that is, by decreasing

the transfer to parents k(G). In summary, if Equation 3.2 holds, a decrease in G implies

an decrease in k(G). By similar logic, an increase in G would imply an increase in k(G).

I conclude that in terms of impacts on parental utility and children’s welfare, an increase

in G produces an effect equivalent to a monetary transfer to parents, i.e., an increase in

k(G). The result that government spending on children is equivalent to a monetary transfer

to parents is also discussed in previous literature, such as Becker’s Treatise on the Family

(p.192) [207].

Having established that an increase in G is equivalent to a transfer of money to parents

of amount k(G), I next consider how ψ∗ changes when parents receive such a transfer.

By Assumption 3.3.1, parental utility is increasing in both consumption C and welfare of

children ψ , but with decreasing marginal returns to each. As a result, the transfer k(G)

must be split so that both C∗ and ψ∗ increase, because to do otherwise would violate the

first-order conditions as combined in Equation (3.1). In summary:

∂C∗

∂k(G)
> 0 and

∂k(G)

∂G
> 0 =⇒ ∂C∗

∂G
> 0

∂ψ∗

∂k(G)
> 0 and

∂k(G)

∂G
> 0 =⇒ ∂ψ∗

∂G
> 0

I have shown that ψ∗ is increasing in G and u(C∗,ψ∗) is increasing in G. This is Result

3.4.2.
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3.4.2.2 Case 2: Parents’ decisions about leaving children behind change

as a result of the policy change.

Children become left-behind after their parents cross one of the following two margins:

U∗10 =U∗11

U∗10 =U∗00

To consider why a policy change might make a parent cross one of these margins, note

that Results 3.4.1 and 3.4.2 imply:

∂U∗11
∂Gr

= 0;
∂U∗10
∂Gr

> 0;
∂U∗00
∂Gr

> 0 (3.3)

∂U∗11
∂Gu

> 0;
∂U∗10
∂Gu

= 0;
∂U∗00
∂Gu

= 0 (3.4)

Based on Equations (3.3) and (3.4), a policy that only increased Gr could increase the num-

ber of left-behind children because a parent that previously had U∗10 = U∗11 (and possibly,

also U∗10 = U∗00) would now prefer to send their child back to the rural area. Likewise,

a policy that only increased Gu could reduce the number of left-behind children because

parents at U∗10 = U∗11 would now prefer to bring their child to live with them in the urban

area. (Results 3.4.1 and 3.4.2 imply that a policy that only increases Gu would not affect

parents at the U∗10 =U∗00 margin.)

I therefore consider parents at the two margins of leaving children behind and compare

ψ∗10 with ψ∗11 and ψ∗10 with ψ∗00 to show the following:
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Result 3.4.3 ψ∗10 < ψ∗11 and ψ∗10 < ψ∗00 for families at the margins U∗10 =U∗11 and U∗10 =

U∗00, respectively.

Result 3.4.4 An incremental increase in Gr will decrease the welfare of children who be-

come left-behind by parents as a result of this change. In contrast, an incremental increase

in Gu will increase the welfare of left-behind children who become migrant children as a

result of this change.

In order to prove Result 3.4.3, I first note that for a parent at U∗10 =U∗11, three scenarios

exist:

1. C∗10 =C∗11 and ψ∗10 = ψ∗11

2. C∗10 <C∗11 and ψ∗10 > ψ∗11

3. C∗10 >C∗11 and ψ∗10 < ψ∗11

These are the only three possible scenarios because utility takes the form U = u(C, ψ)

where uC > 0 and uψ > 0. Therefore, a scenario such as C∗10 <C∗11 and ψ∗10 < ψ∗11 would

violate U∗10 =U∗11.

For similar reasons, three scenarios exist for a parent at U∗10 =U∗00:

1. C∗10 =C∗00 and ψ∗10 = ψ∗00

2. C∗10 <C∗00 and ψ∗10 > ψ∗00

3. C∗10 >C∗00 and ψ∗10 < ψ∗00

In both cases, Scenario 1 and Scenario 2 are inconsistent with the first-order conditions

of the model. The proofs are included in Appendix 3.A, 3.B, 3.C and 3.D. Therefore,

it must be the case that ψ∗10 < ψ∗11 for parents at U∗10 = U∗11 and ψ∗10 < ψ∗00 for parents

at U∗10 = U∗00. This is Result 3.4.3. (Result 3.4.3 signs marginal treatment effects, i.e.,
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the impact of becoming left-behind on children who are at the margin of becoming left-

behind [175].)

By Equations 3.3 and 3.4, migrant parents sufficiently close to the margin of U∗10 =U∗11

would send migrant children to live in the rural area (i.e., to become left-behind) if Gr

increased, and would bring left-behind children to live with them in the urban area (i.e., to

become migrant children) if Gu increased. Likewise, non-migrant parents sufficiently close

to the margin of U∗10 =U∗00 might migrate without their children and leave children behind

if Gr increased, etc. Result 3.4.3 also states that ψ∗10 <ψ∗11 for families with U∗10 =U∗11 and

ψ∗10 <ψ∗00 for families with U∗10 =U∗00. By continuity of ψ , changes near the optimum will

be small; so when we compare ψ∗10 with ψ∗11 or ψ∗00 for families at the two relevant margins,

the relationships ψ∗10 < ψ∗11 and ψ∗10 < ψ∗00 should still hold. This is Result 3.4.4. (This

signs the effect of a small policy change, or a marginal policy-relevant treatment effect, for

the subset of families sufficiently close to the margin of leaving children behind [22].)

3.4.3 Extending and generalizing the model

The model I present is general and simple for tractability and ease of interpretability, but

I believe that several extensions could be readily accomodated. First, although I present

a simple model of the family with only one parent and one child, the notation could be

re-interpreted to describe a two-parent family where one or both parents are close to a

margin of migration. If one or more parents decide to migrate without bringing the child,

this would increase the household’s total earning power while limiting total parental time

with the child, the same trade-offs analyzed in the current setup. Second, the availability

of grandparents to care for the children could be modeled explicitly; in the current setup,

the value of caregiver time is normalized to zero for the non-parental outside option for

simplicity. Third, although I present a one-period model, C and ψ could be reinterpreted as
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lifetime consumption and lifetime welfare of the child, with a focus on the aspects of child

welfare that are sensitive to parental and government inputs during the child’s formative

years. Finally, C could be reinterpreted as a bundle of all parental spending that increases

the parent’s utility without affecting the child’s welfare, including the “purchase” of non-

child care leisure time at the cost of additional forgone wages.

3.5 Combining the results for policy analysis

I discuss four general cases that exemplify how policy changes can place children at risk for

being left-behind and implications for child welfare. These four cases capture how, based

on Equations (3.3) and (3.4), children can become left-behind or no longer left-behind as a

result of policy changes that increase either Gr or Gu. The first two cases focus on children

whose parents cross the U∗11 =U∗10 margin as a result of a policy change, and the second two

cases focus on children whose parents cross the U∗00 = U∗10 margin as a result of a policy

change. I combine Result 3.4.4 with Results 3.4.1 and 3.4.2 to capture the net impact of

the policy on the welfare of children who become left-behind (or no longer left-behind) as

a result of the policy.

In the first case, a child lives with his parent in the urban area before a policy that in-

creases Gr is implemented. A small increase in Gr would not change the parent’s decision

about the child’s migration status and as such would not affect the child’s welfare by Result

3.4.1. If the increase in Gr were sufficiently large, however, the parent would reach and

cross the U∗11 =U∗10 margin and leave the child behind in the rural area, which would harm

the child by Result 3.4.4. This can be considered an indirect effect of the policy on the

child. After becoming left-behind, the child would only benefit from any further increases

in Gr by Result 3.4.2, as a direct effect of the increase in government spending on children.

Therefore, a sufficiently large increase in Gr could overwhelm the harmful migration ef-
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Figure 3.2. Policies that increase government spending in rural or urban locations can
affect whether children are left-behind by migrant parents, which shapes the impact of the
policy change on child welfare: Four representative examples
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The four panels demonstrate how increases in place-specific government spending on chil-
dren can change whether children are left-behind by migrant parents, thereby augmenting
or undermining the impact of changes in government spending on child welfare. The hor-
izontal axis of each graph indicates the size of the increase in government spending on
children in urban areas (Gu) or in rural areas (Gr), and the vertical axis indicates child wel-
fare. Red areas denote that a child is left-behind by their migrant parent in the rural area,
gray areas denote that a child lives with their migrant parent in the urban area, and blue
areas denote that the child lives with their parent in the rural area.

fects so that the net impact of the policy on child welfare is positive. A graphical depiction

is shown in Panel A of Figure 3.2.

In the second case, a child is left-behind in a rural area by her migrant parent before a

policy change increasing Gu is implemented. As before, a small increase in Gu would not

change the parent’s decision about the child’s migration status and as such would not affect

the child’s welfare by Result 3.4.1. If the increase in Gu were sufficiently large, the parent

would reach and cross the cross the U∗11 = U∗10 margin and bring the left-behind child to
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the urban area as a migrant, which would benefit the child by Result 3.4.4. Any further

increases in Gu would further benefit the child by Result 3.4.2. A graphical depiction is

shown in Panel B of Figure 3.2.

The above examples focus on children whose parents cross the U∗11 = U∗10 margin of

leaving them behind. Based on Equations (3.3) and (3.4), these examples capture the two

ways a policy change can affect the number of left-behind children by this margin. How-

ever, children can also become left-behind after parents cross the U∗00 = U∗10 margin, as I

now consider.

Equations (3.3) and (3.4) imply that changes to Gu cannot cause parents to cross the

U∗00 =U∗10 margin but changes to Gr might. I cannot know without making further assump-

tions which direction parents might move across this margin as a result of an increase to

Gr, and therefore I consider both cases. First, a child living in the rural area with his parent

might see the parent migrate and leave him behind after a sufficiently large increase in Gr.

Second, a left-behind child living in the rural area might see his migrant parent return to

the rural area after a sufficiently large increase in Gr. In both cases, the children live in the

rural areas and therefore benefit from the increase in Gr by Result 3.4.2. The changes to the

child’s left-behind status would then reduce or augment these benefits in these two cases,

respectively, by Result 3.4.4. These impacts on child welfare are graphically depicted in

Panels C and D of Figure 3.2.

These examples demonstrate two general predictions about the impact of increasing

place-specific government spending on child welfare. An increase in Gu has direct effects

that are beneficial for children and could have indirect effects that are also beneficial for

children, if children become no longer left-behind as a result of the policy. In this case, it is

clear that children’s welfare can only be increased by the policy. In contrast, an increase in

Gr has direct effects that are beneficial for children and could have indirect effects that are

harmful if children become left-behind as a result of the policy. The extent to which indirect
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effects undermine the benefits of a policy that increases Gr will depend on the size of the

increase in Gr
9 and on how many parents are close to a margin of leaving children behind.

In the following section, I conduct an empirical investigation of whether additional children

became left-behind by migrant parents after a recent increase in government services in

rural China.

3.6 Empirical test: Do children become left behind after an increase

in rural government services?

In the previous section, I analyzed how policy changes can influence parents’ decisions

about whether to migrate and leave children behind, and showed that these migration effects

can reduce the benefits to children of increasing government spending. However, whether

parents actually leave children behind as a result of policy changes is an empirical question.

If no parents are near the margin of leaving children behind, then a policy change cannot

increase the number of children left-behind. In contrast, if many parents are near a margin

of leaving children behind, then implementation of a policy that increases governmental

spending in rural areas but not urban areas (i.e., increases Gr but not Gu) could increase the

number of left-behind children.10

The section addresses this issue by examining whether more children become left-

behind after an increase in rural government services. The sub-sections below detail the

9. As noted above, a large enough increase in Gr could create positive effects that outweigh the negative
effects associated with an increase in the number of left-behind children.

10. To be precise, testing whether children become left-behind after an increase in rural government spend-
ing is not the same as testing whether a significant fraction of parents are near a margin of leaving chil-
dren behind. The fact that parents near the U∗00 = U∗10 margin might return home after a generous increase
in Gr would work against finding significant changes in the fraction of children left-behind after a policy
change; this would also countervail the harmful effects of increasing the number of left-behind children by
the U∗11 =U∗10 margin. More broadly, the change in number of left-behind children is the main indirect effect
that I have mapped to child welfare in this paper and therefore I believe it is the relevant quantity to measure.
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policy used, the panel data on Chinese families used to conduct the test, and the results of

the test.

3.6.1 Policy change: The New Cooperative Medical Scheme

The New Cooperative Medical Scheme (NCMS) was a locally implemented, voluntary

government-sponsored health insurance scheme for China’s rural population. As I ar-

gue below, it was a significant policy change which exemplified the Chinese social policy

framework wherein government services are targeted to citizens according to their place of

residence and hukou.

The introduction of NCMS represented an important increase in availability of health

insurance in rural areas. Before the implementation of the NCMS in 2003, the majority of

the rural population in China had no health insurance and poor health was a leading cause

of household poverty in rural areas [208]. The Cooperative Medical System of the Mao era,

which had once covered up to 90% of Chinese peasants, disappeared after the introduction

of the Household Responsibility System in 1979 and a city-based social health insurance

scheme took its place, offering no coverage to rural households or migrant laborers. As a

result, many families had to pay for health services out of pocket. Out of pocket payments

accounted for 20% of total health expenditure in China in 1978 but reached almost 60%

in 2002 [209,210]. An estimated 16% of rural households incurred catastrophic medical

spending the year the NCMS was introduced [211]. NCMS premiums were 10 yuan per

year per individual enrolled; combined with government contributions of about 40 yuan,

funding per enrollee equalled about a third of typical annual medical expenditure for a

rural person in western or central China at the time [212]. The scheme was rolled-out

aggressively, covering 86% of the rural population in 2007 and 90% in 2011 [211,213],

including more than 95% of rural counties [211,214].

108



The benefits of the health insurance scheme, however, were only available to individu-

als living in their official place of residence. Targeted government insurance programs in

the urban areas, including the Urban Employee Basic Medical Insurance and the newer Ur-

ban Resident Basic Medical Insurance plan, covered urban hukou residents but not migrant

workers or their children [205]. In addition, although migrant workers could opt to enroll in

the NCMS, the majority opted not to participate because reimbursement for non-local hos-

pitals - if local governments chose to provide it - was often slow and inconsistent [198].11

Therefore, the introduction of NCMS in rural areas effectively increased government ben-

efits for non-migrants without significantly increasing benefits for migrants.

3.6.2 Data: The China Health and Nutrition Survey

The China Health and Nutrition Survey (CHNS) is an excellent resource for testing whether

parents become more likely to leave children behind in rural areas after the introduction of

NCMS. The CHNS is a longitudinal survey with nine waves of data collection over 1989

to 2011. The survey follows families in rural and urban areas of nine Chinese provinces

(Guangxi, Guizhou, Heilongjiang, Henan, Hubei, Hunan, Jiangsu, Liaoning, and Shan-

dong) and the baseline sample of the CHNS included 3,795 households or 15,917 indi-

viduals. The data include information on local government services (including availability

of NCMS) and family composition. Tracking changes in family members’ migration sta-

tus after the introduction of NCMS is also possible due to the longitudinal nature of the

study and detailed survey questions about migration of parents and children in the past and

11. Also, few employers offer migrant workers health insurance that could compensate for missing NCMS
benefits [206].
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Table 3.1: Characteristics of the rural villages sampled related to rural wages, child care,
and migration

Mean SD
Typical daily wage, male worker 16.8 yuan 7 yuan
Typical daily wage, female worker 13.2 yuan 6 yuan
Typical daily wage, unskilled farm laborer 14.5 yuan 8 yuan
Monthly cost of child care for young children 84 yuan 57 yuan
% adults in this village who migrate for work, 1+ months 26%
% adult interviewees caring for children in past week 63%

N %
Total villages 150
Village has child care for children under 3 years? 31 21%
Village has child care for children aged 3-6 years? 52 35%
Village has public primary school 122 81%
Village has public lower-middle school 38 25%
Village has public upper-middle school 17 11%

present.12 Selected characteristics of rural communities and adults sampled are listed in

Table 3.1.

3.6.3 Results of the test

This empirical analysis uses the plausibly exogenous roll-out of the NCMS to test whether

increasing government services in rural areas (increasing Gr but not Gu in the parlance

of the model) significantly increases the fraction of children who are left-behind in rural

12. Questions related to migration include:

• (For all people present in previous waves; parents and children can be linked) Is this person still a
household member? If no: What year and month did the person move out of the house? Where does
this person live now? If yes: Does this person still live in the household? If not, how long has this
person been away from home?

• (For all children, to link the responses) Who is the child’s father? Who is the child’s mother?

Matching standard definitions for two-parent households in China, I consider a child to be left-behind if there
is evidence from any of the questions above that the child lives in the rural area and one or both of their
parents currently lived elsewhere.
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Figure 3.3. The New Cooperative Medical Scheme increased the availability of health
insurance for rural residents starting in 2003
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Source: Author’s analysis of China Health and Nutrition Survey panel data

areas. A positive finding would indicate that there are a significant number of parents near

the margin of leaving children behind, so that endogenous migration effects are important

to consider in policy analysis.

If parents were not aware of the CHNS policy, then migration impacts of the policy

would be implausible. Therefore, I first provide evidence that CHNS represented a noti-

cable change to available health benefits in rural China. Figure 3.3 shows rates of health

insurance coverage in rural China and the contribution of NCMS, according to rural Chi-

nese people surveyed by the CHNS. The data show that health insurance coverage in rural

China increased substantially over 2003 to 2011 and that survey respondents attributed

much of this change to NCMS.
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The rural locations sampled in the CHNS show a gradual roll-out of NCMS, such that

about 20% of survey respondents in rural areas had access to NCMS in their community

in 2004, as compared with 64% in 2006 and over 90% in 2009 and 2011. To examine

whether the roll-out of NCMS is plausibly exogenous to parental migration decisions, I

look for relationships between NCMS roll-out and observed determinants of migration

from the Chinese literature [149,179]. Selected pre-NCMS predictor variables for this

analysis include cost and availability of local child care services for very young children

(aged <3 years) and young children (aged 3-6 years); average years of education among

adults; average household size; health13; size of local migrant network14; remoteness15;

and local wages for male and female workers.

As shown in Table 3.2, I find that NCMS may have been more likely to be implemented

rapidly (by 2004) in communities with higher wages for a typical local male worker, al-

though this was not significant at the 5% level. I do not observe associations between

timing of NCMS roll-out and measures of size of the migrant network, availability or price

of child care for young children, remoteness of the community, wealth and education of lo-

cal adults, location in a model township, or health prior to NCMS. There was no evidence

of selection in 2009 because roll-out of the program was nearly ubiquitous at that time. De-

spite these favorable results, I add community-level and sometimes child-level fixed effects

as a conservative approach.

Limiting the sample to children born in rural areas, I examine whether the implementa-

tion of NCMS is associated with an increase in the fraction of rural children left-behind by

one or more migrant parents. I use a panel-data regression following children over multiple

13. Measured as prevalence of disease or injury in the last four weeks.

14. Measured as fraction of adults who migrate for work for at least a month at a time.

15. Measured as distance to the closest train station.
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Table 3.2: Predictors of NCMS Roll-Out

(1) (2) (3)
By 2004 By 2006 By 2009

Distance: village to township seat (km) -0.042 0.016 0.000
(0.029) (0.023) (0.000)

Monthly cost of child care (children <6 years) -0.000 0.000 0.000
(0.000) (0.000) (0.000)

Child care available (children <3 years) -0.006 -0.002 0.000
(0.168) (0.138) (0.000)

Child care available (children 3-6 years) 0.140 -0.032 0.000
(0.127) (0.102) (0.000)

Typical daily wage (male workers, yuan) 0.026* 0.021 0.000
(0.015) (0.013) (0.000)

Typical daily wage (female workers, yuan) -0.024 -0.013 0.000
(0.018) (0.014) (0.000)

% adults migrating for work, -0.002 0.004 0.000
1+ months (0.003) (0.003) (0.000)
Distance to nearest train station (km) 0.001 -0.000 0.000

(0.001) (0.001) (0.000)
Average household income in 2009 (yuan) 0.000 0.000 0.000

(0.000) (0.000) (0.000)
Average years of education (age 18+) -0.028 -0.002 0.000

(0.030) (0.022) (0.000)
% self-report sick/injured, 0.908 0.662 0.000
last 4 weeks (1.112) (0.898) (0.000)
Located in a model township 0.072 0.104 0.000

(0.162) (0.120) (0.000)

Communities 71 77 91
Standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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Table 3.3: Impact of NCMS implementation on whether children are left-behind in rural
areas

(1) (2) (3) (4)
Village has NCMS 0.11*** 0.05*** 0.05*** 0.05***

(0.01) (0.01) (0.01) (0.01)

Number of rural children 7,028 7,028 7,028 5,117
Control for child’s age Y Y Y Y
Community fixed effects Y Y Y Y
Child-level fixed effects N Y Y Y
Control for community-specific time trend N N Y Y
Control for parents’ education and experience N N N Y

Clustered standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

years and estimate four specifications of a linear probability model. From least conservative

to most conservative, the specifications are: (a) a model with community-level fixed effects

and child-level random effects; (b) a model with community-level fixed effects and child-

level fixed effects; (c) model b but with community-specific time trends; and (d) model c

but with controls for parents’ years of potential work experience and years of education,

two factors widely used as predictors of potential wages. In all cases, I cluster standard

errors at the community level and control for the age of the child.

Table 3.3 shows the coefficient of interest from the regressions, which indicates that the

number of left-behind children increased by about 5 percentage points as a result of NCMS

implementation. This result implies that a significant fraction of rural hukou parents are

near the margin of leaving a child behind, so that migration effects after policy changes

may be significant.
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3.7 Concluding remarks

This paper addresses a puzzle in the empirical literature about the effects of being left-

behind by migrant parents on children’s well-being. By exploiting the fact that children

can only become left-behind after their parents cross a margin of indifference, I am able

to sign the effect of being left-behind for children who become left-behind as a result of a

small change in the policy environment. In particular, I use the margin of indifference as an

additional equation to sign an otherwise difficult-to-sign comparative static. Therefore, in

addition to addressing an empirical puzzle, this paper expands the field of policy analysis

by demonstrating that focusing on marginal treatment effects can make it easier to sign

otherwise difficult-to-sign comparative statics.

The effects I find have significant implications for policy analysis in China and other

contexts where government dollars for social services do not systematically follow chil-

dren who move. I find that although any increase in government spending on children

directly helps children, these beneficial direct effects could be undermined by harmful in-

direct effects if parents respond by leaving children behind when they migrate. Because

my empirical results indicate that a significant number of parents responded in this way

after a recent policy change, it follows that the indirect effects I derive could be empirically

important. These results add an important caveat to welfare magnet analyses of public pol-

icy: generous place-specific government services could have harmful effects for vulnerable

individuals who cannot decide on their own migration.
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3.A Proof that C∗10 =C∗11 leads to a contradiction for parents at the

margin of U∗10 =U∗11

First, I can prove that by contradiction that in this scenario, it must be that τ∗11 > 0 and

therefore I∗10 > I∗11. If C∗10 = C∗11 and τ∗11 = 0, this would yield I∗10 = I∗11 by the budget

constraint, but I∗10 = I∗11 and τ∗11 = 0 would imply ψ∗10 > ψ∗11 which contradicts the premise

of this case. In particular, I∗10 = I∗11 and τ∗11 = 0 imply:

ψ
∗
11 = ψ (m(I∗11,Gu) ,τ

∗
11)

= ψ
(
m
(
I∗10,Gu

)
,0
)

(3.5)

Which would then imply ψ∗10 > ψ∗11 because:

ψ
(
m
(
I∗10,Gr

)
,0
)
> ψ

(
m
(
I∗10,Gu

)
,0
)

(3.6)

by Assumption 3.3.5 (Gr > Gu) and Assumption 3.3.3 (ψm > 0).

In turn, ψ∗10 > ψ∗11 and C∗10 =C∗11 implies:

u
(
C∗10,ψ

∗
10
)
> u(C∗11,ψ

∗
11)

which would contradict U∗10 =U∗11, the premise of this case. Therefore, marginal families

must have τ∗11 > 0 meaning that if the child is left-behind, parental income will be higher

by τ∗11wu. By the budget constraint and premise of this case (C∗10 = C∗11), this implies

I∗10 > I∗11.

I now show that I∗10 > I∗11, C∗10 =C∗11, τ∗11 > 0, and ψ∗10 = ψ∗11 would violate the first-

order conditions. Together with ψII < 0 and ψIG < 0 (Assumption 3.3.3), ψIτ ≥ 0 (As-

sumption 3.3.4), Gr > Gu (Assumption 3.3.5), these properties would imply:
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ψI
(
m
(
I∗10,Gr

)
,0
)
< ψI (m(I∗11,Gu) ,τ

∗
11) (3.7)

However, according to the first order conditions in sections 3.3.2.2 and 3.3.2.3, the optimal

decisions if children are left-behind or migrate with their parents must satisfy, respectively:

uψ

(
C∗10,ψ

∗
10
)

ψI
(
m
(
I∗10,Gr

)
,0
)
= uC

(
C∗10,ψ

∗
10
)

(3.8)

uψ (C∗11,ψ
∗
11)ψI (m(I∗11,Gu) ,τ

∗
11) = uC (C∗11,ψ

∗
11) (3.9)

These first order conditions cannot both hold if C∗10 = C∗11, ψ∗10 = ψ∗11, and inequality

(3.7) hold. Starting with Equation (3.8) and substituting using these properties yields the

inequality:

uψ (C∗11,ψ
∗
11)ψI (m(I∗11,Gu) ,τ

∗
11)> uC (C∗11,ψ

∗
11)

which violates Equation (3.9).

I conclude that this scenario is not possible, because it would involve taking optimal

decisions that violate the first order conditions and would therefore not be optimal. As a

result, I can rule out ψ∗10 = ψ∗11 for families at the U∗10 =U∗11 margin.

3.B Proof that C∗10 =C∗00 leads to a contradiction for parents at the

margin of U∗10 =U∗00

First, I show that I∗10 > I∗00. Because wu > wr by Assumption 3.3.6, C∗10 = C∗00 implies

I∗10 > I∗00 by the budget constraint for any τ∗00 ≥ 0. (The budget constraints are listed below

to make this point.)
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wr
(
1− τ

∗
00
)
=C∗00 + I∗00

wu =C∗10 + I∗10

The remainder of the proof proceeds along similar lines to that in section 3.A. I now

show that I∗10 > I∗00, C∗10 = C∗00, and ψ∗10 = ψ∗00 would violate the first-order conditions.

Together with ψII < 0 and ψIG < 0 (Assumption 3.3.3) and ψIτ ≥ 0 (Assumption 3.3.4),

these properties would imply:

ψI
(
m
(
I∗10,Gr

)
,0
)
< ψI

(
m
(
I∗00,Gr

)
,τ∗00

)
(3.10)

However, according to the first order conditions in sections 3.3.2.2 and 3.3.2.3, the optimal

decisions if children are left-behind or live in rural areas with their parents must satisfy,

respectively:

uψ

(
C∗10,ψ

∗
10
)

ψI
(
m
(
I∗10,Gr

)
,0
)
= uC

(
C∗10,ψ

∗
10
)

(3.11)

uψ

(
C∗00,ψ

∗
00
)

ψI
(
m
(
I∗00,Gr

)
,τ∗00

)
= uC

(
C∗00,ψ

∗
00
)

(3.12)

These first order conditions cannot both hold if C∗10 = C∗00, ψ∗10 = ψ∗00, and inequality

(3.10) hold. Starting with Equation (3.11) and substituting using these properties yields the

inequality:

uψ

(
C∗00,ψ

∗
00
)

ψI
(
m
(
I∗00,Gr

)
,τ∗00

)
> uC

(
C∗00,ψ

∗
00
)

which violates Equation (3.12).
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I conclude that this scenario is not possible, because it would involve taking optimal

decisions that violate the first order conditions and would therefore not be optimal. As a

result, I can rule out ψ∗10 = ψ∗00 for families at the U∗10 =U∗00 margin.

3.C Proof that C∗10 <C∗00 leads to a contradiction for parents at the

margin of U∗10 =U∗11

In order to satisfy both U∗10 =U∗11 and C∗10 <C∗11, it must be the case that ψ∗10 > ψ∗11. This

case can be also ruled out by a violation of the same first order conditions as in Appendix

3.A.

First, C∗10 < C∗11 implies I∗10 > I∗11 by the budget constraint and τ∗11 ≥ 0. (The budget

constraints are listed below to make the point clear.)

C∗10 + I∗10 = wu

C∗11 + I∗11 = wu (1− τ
∗
11)

Then I∗10 > I∗11 plus Assumptions 3.3.3, 3.3.4, and 3.3.5 imply Equation 3.7 as in Appendix

3.A. In addition, uCC < 0 and uψψ < 0, and additive separability of the utility function

(Assumption 3.3.2), C∗10 < C∗11 and ψ∗10 > ψ∗11 imply uC
(
C∗10,ψ

∗
10
)
> uC

(
C∗11,ψ

∗
11
)

and

uψ

(
C∗10,ψ

∗
10
)
< uψ

(
C∗11,ψ

∗
11
)
.

As before, I examine the first-order conditions by starting with a first-order condition

for left-behind children, Equation 3.8:

uψ

(
C∗10,ψ

∗
10
)

ψI
(
m
(
I∗10,Gr

)
,0
)
= uC

(
C∗10,ψ

∗
10
)
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starting with this equation and applying Equation 3.7, uC
(
C∗10,ψ

∗
10
)
> uC

(
C∗11,ψ

∗
11
)

and

uψ

(
C∗10,ψ

∗
10
)
< uψ

(
C∗11,ψ

∗
11
)

yields the inequality:

uψ (C∗11,ψ
∗
11)ψI (m(I∗11,Gu) ,τ

∗
11)> uC (C∗11,ψ

∗
11)

which would violate the first-order conditions (Equation 3.9).

I conclude that this scenario is also not possible, because the optimal decisions would

violate the first order conditions and would therefore not be optimal.

3.D Proof that C∗10 <C∗00 leads to a contradiction for parents at the

margin of U∗10 =U∗00

The proof proceeds along similar lines to that in section 3.B. In order to satisfy both

U∗10 =U∗00 and C∗10 <C∗00, it must be the case that ψ∗10 > ψ∗00.

First, C∗10 <C∗00 implies I∗10 > I∗00 by the budget constraint, wu >wr (Assumption 3.3.6)

and τ∗00 ≥ 0. (The budget constraints are listed below to make the point clear.)

C∗10 + I∗10 = wu

C∗00 + I∗00 = wr
(
1− τ

∗
00
)

Then I∗10 > I∗00 plus ψII < 0 and ψIτ ≥ 0 (Assumptions 3.3.3 and 3.3.4) imply:

ψI
(
m
(
I∗10,Gr

)
,0
)
< ψI

(
m
(
I∗00,Gr

)
,τ∗00

)
(3.13)
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In addition, uCC < 0 and uψψ < 0, and additive separability of the utility function (Assump-

tion 3.3.2), C∗10 <C∗00 and ψ∗10 >ψ∗00 imply uC
(
C∗10,ψ

∗
10
)
> uC

(
C∗00,ψ

∗
00
)

and uψ

(
C∗10,ψ

∗
10
)
<

uψ

(
C∗00,ψ

∗
00
)
.

As before, I examine the first-order conditions by starting with a first-order condition

for left-behind children, Equation 3.8:

uψ

(
C∗10,ψ

∗
10
)

ψI
(
m
(
I∗10,Gr

)
,0
)
= uC

(
C∗10,ψ

∗
10
)

starting with this equation and applying Equation 3.13, uC
(
C∗10,ψ

∗
10
)
> uC

(
C∗00,ψ

∗
00
)

and

uψ

(
C∗10,ψ

∗
10
)
< uψ

(
C∗00,ψ

∗
00
)

yields the inequality:

uψ

(
C∗00,ψ

∗
00
)

ψI
(
m
(
I∗00,Gr

)
,τ∗00

)
> uC

(
C∗00,ψ

∗
00
)

which would violate the first-order conditions (Equation 3.9).

I conclude that this scenario is also not possible, because the optimal decisions would

violate the first order conditions and would therefore not be optimal.
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