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Abstract

This dissertation focuses on health and labor economics. In particular, I

study how access to health insurance affects both individuals and family mem-

bers. I show that the effects of being insured in childhood are long lasting. I

also find that caregivers whose child is enrolled in Medicaid are in better mental

health. In a different line of work, I also study how a medical innovation affects

individuals.

In the first chapter, I show that access to health insurance during child-

hood has lasting consequences, well beyond the health outcomes considered in

previous literature. I develop a theoretical model to show several mechanisms

through which health insurance could play a role in determining later in life

outcomes. I then use the Medicaid expansions for children of the late 1980s and

early 1990s to test implications of this model. These reforms greatly expanded

who qualified for Medicaid and provide exogenous variation in eligibility. I find

that access to health insurance during childhood has heterogenous and lasting

effects. There are two main channels through which this occurs: a change in

insurance status and a change in parental labor supply.

In the second chapter I show that having a child enrolled in Medicaid

has a positive effect on the mental health of the caregiver. I use a measure

of Medicaid generosity to show that child access to health insurance decreases

the probability that the primary caregiver screens positive for serious mental

illness. In addition, I show that there is an intergenerational link between

caregiver mental health and child health. This implies that child access to

health insurance may be even more important than previously thought.
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In the third chapter, my coauthors and I study the effect of medical break-

throughs on socioeconomic outcomes among a group of low-income, chronically

ill women. For a group of women infected with HIV, we show that the intro-

duction of an unanticipated HIV treatment innovation (known by its acronym,

HAART) decreased domestic violence, lowered the use of illicit drugs and in-

creased employment. We go on to provide a conceptual framework and addi-

tional empirical evidence suggesting how our findings might be linked.

Primary Reader: Robert A. Moffitt

Secondary Reader: Nicholas W. Papageorge
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Chapter 1

The Lasting Effects of Access to

Medicaid

1.1 Introduction

It has become increasingly clear that early childhood circumstance is im-

portant in determining later-in-life outcomes. Many factors, including maternal

time, health, and family income during childhood, have been shown to be impor-

tant predictors of adult outcomes, such as adult health, education, employment,

and earnings.1 Due to the importance of inputs during the beginning stages of

the life cycle, early childhood interventions may be significant determinants of

later-in-life outcomes. For low income children, one of the largest interventions

is Medicaid, which provides public health insurance.2 Yet, there is little work

considering the long run effects of access to health insurance during childhood.

Even less well documented is the response of parental investments in children

when there is a change in access to health insurance.

The contribution of this paper is twofold. First, I estimate the lasting

effects of access to health insurance. Although there is a large literature consid-

ering the immediate health effects of Medicaid eligibility, this is one of the first

1See ? for a recent summary.
2In the United States, Medicaid spending accounts for over 40% of federal funds to states

and for 16% of the national health spending, and as of 2009, 29.5 million children were covered
by Medicaid.
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papers to study adult socioeconomic outcomes and goes well beyond the health

outcomes considered in the previous literature. I also show how parents react

along labor supply and investments made in children after access to Medicaid

is greatly expanded. In addition to showing how parents optimize, I consider

outcomes such as completed education, teen pregnancy, and criminal activity.

Second, I show that public investments may crowd out private investments by

more than 100% in some scenarios. I refer to this surprising phenomenon as

“super crowd out.” This results from families re-optimizing how they invest in

their children after a policy change. In the context of health insurance, some

families adjust their labor supply downward in order to meet the income limits

for Medicaid. The fall in family income causes a decrease in investments made

in children that is greater than the increase in investments made due to gaining

access to health insurance. To the best of my knowledge, this is the first paper

to highlight the occurrence of super crowd out. In general, this can occur when

the family budget constraint is non-convex and there are income thresholds for

public programs.

To accomplish these goals, I first build an intuitive theoretical model that

illustrates different channels through which health insurance during childhood

could affect later-in-life outcomes. This happens because inputs in the child

production function change. There are two main mechanisms responsible for

the lasting effects: a change in health insurance status and a change in parental

labor supply. The model also highlights how super crowd out could occur. Next,

I test the model predictions using the Medicaid expansions of the late 1980s

and early 1990s. These expansions created exogenous variation in eligibility

that makes Medicaid a natural setting to study the effects of access to health

insurance on parental investments and adult outcomes. I find that Medicaid

eligibility had lasting effects that are heterogenous across the education of the

mother. Children who experienced crowd out of investments tend to have worse

adult outcomes than those that did not.

This paper builds on three strands of economic literature that study the

following: the significance of early childhood in determining adult outcomes,

the effects of other government interventions, and the importance of Medicaid.
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There is a large literature showing that childhood circumstance is an important

predictor of adult outcomes. Specifically, childhood health and family income

are thought to be important determinants of later-in-life outcomes (?; ?; ?; ?; ?).

Additionally, parental inputs shape the human capital development of children

(?). In particular, maternal time spent with the child is important (?; ?; ?). I

extend this literature by showing how, in addition to a direct effect on health,

access to health insurance during childhood can change parental investments

and thus affect adult outcomes. Because health insurance essentially changes

the price of health investments, parents will change the way they invest in their

child. Further, in order to qualify for the program, parents may adjust their

labor supply. This changes the amount of time spent with the child as well as

the family budget constraint, which also has an effect on childhood investments.

Other government programs, in particular cash transfers, have been found

to have a variety of effects, both contemporaneous and long lasting. ? con-

sider one of the earliest welfare programs, The Mother’s Pension Program, and

find that the increase in family income lead to an increase in lifespan for low

income boys. In addition, ? use the Earned Income Tax Credit (EITC) as an

instrument for family income and find small but positive increases in children’s

cognition that fade quickly. ? find that access to the Food Stamp Program

during childhood is associated with increased health outcomes and a decrease

in dependence on government programs for women.3 This paper builds on the

literature studying the effect of government programs on health and later-in-life

outcomes by moving beyond cash transfers and considering an in-kind transfer,

Medicaid.

Medicaid has been shown to be an important intervention. This is par-

ticularly true for health outcomes of children. In a seminal paper, ?, find that

Medicaid eligibility is associated with an increase in health care utilization and

an immediate improvement in health outcomes. ? is one of few papers to

consider the long term effects of access to Medicaid and find that eligibility

is associated with a decrease in teenage mortality, particularly from internal

causes.4 Similarly, ? find that Medicaid eligibility during childhood lead to an

3Although not a direct cash transfer, food stamps are used the same as cash (?).
4This is important because access to health insurance theoretically increases access to
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increase in completed education. In addition to the health effects for the eligible

child, Medicaid may change the mother’s labor supply.5 There are contrasting

views in the literature on how Medicaid affects labor supply of women. ? and

? find large, negative effects while ? find that Medicaid eligibility is associated

with an increase in labor supply. I build on the Medicaid literature in two ways.

First, I conider outcomes that have not previously been explored. In particular,

I am able to observe how investments made in children change as well as how

adult outcomes change. Second, I tie the labor effects of the program to the

effects on child characteristics.

To show why access to health insurance is important, I build a theoretical

model highlighting possible channels through which health insurance acts. The

intuition is as follows: by subsidizing the price of health care, health insurance

changes the price of inputs in the production function of children’s charac-

teristics. Changing the price of inputs during childhood leads to a change in

the composition of inputs and thus characteristics of the child. In the model,

characteristics are defined as health and cognition. Later-in-life outcomes are

determined by these characteristics. More specifically, in my model, mothers

have utility over their own consumption, leisure, and child characteristics. In

each period, mothers make decisions about how much to work and how much to

invest in their child. Investments are also multi-dimensional and include mater-

nal time, health inputs, and good inputs. The mother may choose to purchase

insurance, either private or public, which decreases the cost of health invest-

ments. However, because eligibility is set by the state and is determined by the

age and family income of the child, only children whose family income is below

a certain threshold are eligible to enroll in the public insurance. I use the model

to simulate the mothers’ labor supply, investments made in children, and the

child’s characteristics when public health insurance is not available and compare

them to simulated outcomes when public health insurance is introduced.

This insightful model highlights the mechanisms through which health in-

surance acts and makes important predictions about what happens after public

health care, which would improve mortality from internal reasons but not external reasons.
5See ? for a review of the effects of Medicaid.
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health insurance eligibility greatly expands. I show that under a realistic set of

parameters, some children will experience a decline in both health and ability af-

ter public health insurance is introduced. This startling result happens because

households whose family income is close to, but above the threshold for eligibil-

ity, decrease their labor supply. This shift in the family budget constraint leads

to super crowd out and decreases total investments made in children. On the

other hand, some children experience large increases in health and ability. This

happens because the family income was not near the threshold for eligibility and

so they do not adjust their labor supply. Access to health insurance increases

health investments and allows the family to reallocate resources to goods in-

vestments. Last, children whose family income is far above the threshold for

eligibility are not affected by Medicaid.

Equipped with predictions from the model, I then move to estimate the

effects of access to health insurance. There was a series of reforms to Medicaid

that provides exogenous variation in eligibility that I exploit in order to esti-

mate the long run effects of access to health insurance. Historically, Medicaid,

which provides public health insurance to low income children and other needy

populations, was tied to participation in other welfare programs, particularly

Aid for Families with Dependent Children (AFDC). Prior to the de-linking of

the two programs, it was difficult to separate the effects of the two programs.

This tie was broken in a few small reforms that occurred in the 1980s. Then, in

1989 and again in 1990, Medicaid expanded the set of children eligible for public

health insurance coverage. These expansions provide a series of discontinuities

across states and date of birth in eligibility that I exploit. The second reform

mentioned above mandated that children born after September 30, 1983, with

family incomes below the federal poverty line, be eligible until the age of 18. To

estimate the effects of health insurance on parental investments and adult out-

comes, I use the regression discontinuity framework, which compares children

born just before the cutoff to those born just after the cutoff.

I find that Medicaid expansions had ambiguous effects on investments

made in children and on later-in-life outcomes. Specifically, I find that the in-

creased eligibility is associated with a large increase in investments for some
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children and small decreases for other children. These change in investments

affect later-in-life outcomes. I find that there was a decrease in risky behaviors,

such as becoming a teen parent and criminal activity, for children who experi-

enced an increase in investments. However, I find small decreases in self-reported

health during adolescence and early adulthood for children who experienced a

decrease in investments during childhood. However, I find that there was a

negligible effect on completed education.

To estimate the long term effects, I use two main data sources: the Chil-

dren of the National Longitudinal Survey of Youth (CNLSY) linked with infor-

mation about eligibility from the National Governors Association. The CNLSY

is particularity well suited to answer the question of how health insurance af-

fects later-in-life outcomes for a number of reasons. First, the CNLSY can be

linked with information about the mother. This allows me to control for a rich

set of family characteristics during childhood. Specifically, I can construct an

indicator for eligibility using information on family income. I am also able to

observe the education and labor supply of the mother. Second, the CNLSY is

a long panel, which allows me to link adult outcomes to eligibility. Because the

children affected by these reforms were born in the 1980s, the long term effects

are just starting to manifest themselves in adult outcomes.

This paper has several policy implications. Under the Affordable Care

Act (ACA), Medicaid eligibility for children is set to expand again, up to 138%

of the federal poverty line.6 Additionally, children under the age of 26 will be

allowed to stay on their parent’s private insurance plan. Both of these parts of

the ACA are meant to increase access to health insurance during childhood, and

this paper shows that there may be heterogenous effects that have not previously

been considered. In addition, this paper highlights the need to consider how

parents respond to the availability of public investments.

6Technically, states may cover children through the Children’s Health Insurance Program
(CHIP). Because this paper focuses on access to health insurance, I do not consider the
differences between the two programs. It is also important to note that this is only an
increase for children ages 6-18 and most states already cover children beyond this income
threshold.
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1.2 Medicaid Background

Medicaid is a joint federal and state program that aims to provide health

insurance to needy populations, including the elderly, children, and the disabled.

It began in 1965 under the Social Security Act. Eligibility is determined for

individuals based on their income and resources. Although there are federal

guidelines requiring minimum criteria for eligibility, states have some flexibility

in determining the criteria. Similarly, benefits are designed by the states and so

there is some variation across states in Medicaid generosity. However, benefits

must include immunizations and other early periodic screening, diagnostic, and

treatment services for children, among other services.7

Starting at its inception in 1965 until 1984, Medicaid eligibility was tied

to participation in Aid to Families with Dependent Children (AFDC); only low

income, single parent families were eligible.8 Specifically, only families enrolled

in AFDC qualified for Medicaid. However, the Deficit Reduction Act of 1984

broke this tie. This change in policy required states to cover children up to age

five who were born after September 30, 1983, with family incomes below the

AFDC cutoff, regardless of enrollment in AFDC. This is important because it

allows for estimation of the effects of Medicaid, independent of AFDC.

Following several small expansions, there are two main reforms that drasti-

cally expanded eligibility. The Omnibus Reconciliation Act of 1989 (OBRA89),

enacted in April 1990, required states to cover pregnant women and children

under the age of six in families with income below 133% of the federal poverty

line. The second reform took place in July of 1991 when the Omnibus Rec-

onciliation Act of 1990 (OBRA90) required states to cover children born after

September 30, 1983 with family income less than 100% of the federal poverty

line, and continue coverage until age 18. Coverage was phased in one year at

7These services include hospital care (inpatient and outpatient), nursing home care (for
individuals aged 21+), physician services, laboratory and x-ray services, family planning ser-
vices and supplies, health center and rural health clinic services, physician, nurse midwife and
nurse practitioner services, tobacco cessation counseling and pharmacotherapy for pregnant
women, and non-emergency transportation to medical care.

8The Medically Needy Program was also available for individuals with high medical costs
but whose incomes were too high to qualify. After the expansions, the role of this program
greatly changed, but it does still serve as a last chance for becoming eligible for Medicaid.
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a time and completed by 2002. See ?? for a detailed description of expansions

that impacted the eligibility of children, (?).

Additionally, although the mandates discussed above came from the fed-

eral level, there was great variation across states in who was eligible for coverage.

Initially, states had different thresholds for eligibility, and states expanded el-

igibility at different rates. This means that there is variation in the timing of

when the expansions actually occurred as well as variation in the size of expan-

sion. For example, in January 1988, Alabama had not yet expanded coverage,

while Georgia had expanded coverage to children less than 6 months of age from

families with incomes less than 100% of the federal poverty level. By December

1993, Alabama had expanded coverage to children less than 10 year of age with

family incomes less than 133% of the federal poverty level. In contrast, Georgia

had expanded coverage to children less than 18 years of age from families with

incomes less than 185% of the federal poverty level. Although states are now

required to cover children less than 18 years of age, the income thresholds for

eligibility still vary greatly across states.

Today, Medicaid is the single most important federal program aimed at

insuring children from low income households. As of 2010, over 66 million Amer-

icans, 29.5 of them children, were covered by Medicaid. The program covers

15% of the general population, 41% of those below the federal poverty level, 28%

of children, and 53% of low income children (Kaiser, 2009). Medicaid spending

accounts for over 40% of federal funds to states and for 16% of the national

health spending. The Affordable Care Act of 2010 ensures that coverage of chil-

dren under Medicaid is protected until at least 2019 and establishes a minimum

eligibility level of 138% of the federal poverty level for all children up to age 19.

1.3 A Model of Health Insurance and Child

Development

Here, I present a model where mothers optimally choose their labor supply

and how to invest in their children. Insurance can be purchased and, if bought,
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will change the price of inputs in the child production function. By explicitly

modeling the different channels through which health insurance can affect child

characteristics, I am able to clearly illustrate why Medicaid might matter. I am

also able to clearly show how super crowd out could occur.

I consider a three period model. Initially, the child is born and endowed

with characteristics (k0). Characteristics are multidimensional and consist of

health and skills, so that kt = (kH
t , kC

t ). In the first two periods, the mother

decides how to invest in her child, what insurance plan, if any, to enroll her

child in, and how to spend her time, either at work or at home. There are

two types of investments that the mother can make in her child: health invest-

ments, which can be partially paid for by insurance, and other goods which are

not covered by insurance. Denote health investments made in period t as IHt

and good investments as IDt . The vector, It, contains investments made during

period t (It = (IHt , IDt )). The mother also makes decisions about the number of

hours she works in each period. She can choose not to work, to work part-time,

or to work full-time, so that ht ∈ {0, PT, FT}. Any time that the parent is

not at work I assume she spends with her child, which is also an input in the

child’s characteristics production function.9 In addition to investments and la-

bor supply, the parent can choose from three health insurance options including

no insurance, Medicaid, or private insurance, g ∈ {0, 1, 2}. She receives utility

from her personal consumption (c) and her child’s characteristics (k), and a

disutility from working. In the third period, the child’s outcomes are realized.

These outcomes (ex: completed education) depend on his characteristics.

There are costs and benefits of enrolling the child in health insurance.

Enrolling the child in health insurance means that the parent does not have to

pay the full price of health care; instead, she pays a fraction of the costs, known

as the coinsurance. That is to say, that if the insurance plan reimbursed at rate

γ, the cost to the household would be (1 - γ) times the actual cost of health

care. However, enrollment in insurance comes at a cost. If the parent chooses to

enroll in private insurance, she must pay a premium (P ). To allow for the strong

tie between the labor market and health insurance, the premium is lower if the

9I do not distinguish between “quality” time and “passive” time spent with the child.
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mother works full-time. If the parent chooses to enroll in Medicaid, she pays

a fixed cost φ, which can be though of as suffering a psychic cost of enrolling,

suffering from stigma of enrollment, or as the cost of learning about or finding

out how to enroll (?).

To capture the fact that states set eligibility rules, not every child is eligible

for Medicaid. LetMsa be the income threshold for Medicaid eligibility for a child

age a in state s. A child age a in state s is eligible if his family income is below

this threshold. A parent who receives transfers N and earns wage w and works h

hours, has a child age a in state s who is eligible for Medicaid if wh+N ≤ Msa.
10

Let parent i′s choice set for insurance be donated by Gi. Then, Gi = {0, 2} if

the child is not eligible for Medicaid and Gi = {0, 1, 2} if the child is eligible.

The mother chooses h1, g1, c1, I
H
1 , ID1 , h2, g2, c2, I

H
2 , and ID2 to maximize

her total utility subject to the characteristic production function of the child, a

budget constraint, a time constraint, the rules for Medicaid eligibility, and the

initial characteristics of the child.

Formally:

max u(c1, h1, k1)−φ11{g1 = 1}+β[u(c2, h2, k2)−φ2{g2 = 1}] subject to (1.1)

kt = fk
t (kt−1, I

H
t , IDt ,MTt, gt) (1.2)

wtht+Nt = ct+IHt (1−γ11{gt = 1}−γ21{gt = 2})+IDt +Pt1{gt = 2}(1−.51{ht = FT})
(1.3)

T = ht +MTt (1.4)

10Technically, unearned income (not including food stamps and AFDC/TANF) is included
in the family income calculation. However, I am implicitly assuming that this is equal to 0.
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Git =







{0, 1, 2} if wtht +Nt ≤ Msa

{0, 2} if wtht +Nt > Msa

(1.5)

The mother makes decisions knowing the transition function of her child’s

health and ability, which is shown in Equation (1.2). The child characteristics

in period t depend on past characteristics, investments, maternal time (MT ),

and insurance status. Insurance status is included to allow for the fact that the

quality of health care may differ between Medicaid and private insurance. For

example, Medicaid may cover services that are not covered in low cost private

health insurance plans. On the other hand, waiting times to see a doctor may

be smaller for those with private insurance.

This transition function allows for several well known characteristics con-

sistent with the current child development literature. Dynamic complementar-

ities arise when health or skills during period t increase the productivity of

investments in future periods. This occurs when ∂2kt(kt−1,It,gt)
∂kt−1∂It

> 0. Self produc-

tivity occurs when health in one period persists into future periods; ∂kt
∂kt−1

> 0.

The transition also allows for cross productivities. This means that health in

period t− 1 can have a positive effect on cognitive ability in period t. The pro-

duction function can also allow for sensitive periods and critical periods. Period

t∗ is a sensitive period if ∂kt
∂It∗

|ko=k,I1,g1,...,It,gt >
∂kt
∂Is

|ko=k,I1,g1,...,It,gt for s 6= t∗. Sim-

ilarly, period t∗ is a critical period if ∂kt
∂Is

= 0 for all k0, I1, g1, ..., It, gt, s 6= t∗, but
∂kt
∂It∗

> 0.11

The mother also faces three constraints. First is the budget constraint,

which is shown in Equation (1.3). The family income is the wage of the mother

times the hours worked plus any transfers (N). The mother can spend her

income on personal consumption, health inputs, good inputs, or pay a premium

for private insurance. If she works full-time, she faces a lower cost of purchasing

private insurance. There is no borrowing or saving between periods. The second

constraint is a time constraint (Equation 1.4). She chooses how to divide her

time between work and home. The third constraint is her choice of insurance
11There are some examples in child health. For example, if cataracts in babies or young

children are not treated immediately, they can have lasting impacts on vision development.
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(Equation 1.5). If the family income is belowMsa, she has the option of enrolling

her child in Medicaid. Otherwise, she must choose between no insurance and

private insurance.

To summarize:

Period 0: The child is born. He is endowed with exogenous characteristics

k0.

Period 1: This is early childhood. The mother chooses the number of

hours to work, the type of insurance to enroll her child in, and the investments

(health and goods) to make in her child. She makes these decisions knowing

that her investments now affect the development of the child in the current

period as well as the next period.

Period 2: This is the second stage of childhood. Again, the mother

chooses which insurance plan to enroll her child in and how to invest in her

child. The main difference between period 1 and period 2 is that in period 2, the

mother does not consider how her investments will affect future characteristics

of the child, because she does not receive utility from child characteristics in

the future.

Period 3: The child enters adulthood, and the adult outcomes are real-

ized. These outcomes depend on his characteristics, both health and cognitive

ability. Qj = fQ(kH , kC).

See ?? for a description of how the model is solved.

1.3.1 Mechanisms Through Which Medicaid Acts

Here, I outline what happens to investments and adult outcomes when

Medicaid is expanded. In the model presented above, this amounts to a large

increase in Msa. There are two main channels through which Msa can change

inputs of the production function and later-in-life outcomes of the child. The

first possible channel is through a change in insurance status. The switch in

insurance status has ambiguous effects on child characteristics, depending on

if the child switches from private insurance to Medicaid or no insurance to

Medicaid. The second channel is through a change in the mother’s labor supply.
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On the one hand this causes family income to fall, and on the other it allows

the mother to spend more time with her child. Thus, the decrease in maternal

labor supply also has ambiguous effects.

The most obvious mechanism through which Medicaid affects later-in-

life outcomes is through a change in insurance status. However, depending

on the actual change in status, this could have a positive or a negative effect

on outcomes. First, consider the children who were never enrolled in health

insurance prior to Medicaid expansion. The price of health care is now much

cheaper, families are only responsible for a copay rather than the true cost, and

so the family will invest more in health. This causes the child’s health and

ability to increase. This effect is dampened by the fact that health insurance

distorts the price of health care and so parents may reoptimize to invest more

in health and less in goods. However, ceteris paribus, these children are made

better off by having access to health insurance. Next, consider the children

who were previously enrolled in private insurance and switch to Medicaid, an

event known as insurance crowd out. It is not clear if these children will be

made better or worse off. The change in child characteristics depends on the

difference in generosity and quality between private insurance and Medicaid.

If private insurance and Medicaid are the same in quality and reimbursement

rates, then the change from private insurance to Medicaid will have no effect on

these children. However, if Medicaid and private insurance are not equivalent,

then the insurance crowd out effect could have a lasting impact. For example,

if Medicaid is of lower quality than private insurance, possibly because of access

to care, then children who would switch under the expanded coverage would

be worse off.12 On the other hand, Medicaid may reimburse at a higher rate

than private insurance. In the model above, this amounts to γ1 6= γ2. In this

scenario, the insurance crowd out effect could improve outcomes.

The second channel through which Medicaid affects later-in-life outcomes

is a change in the mother’s labor supply. This occurs if the mother adjusts

her labor supply downward in order for her child to qualify for public health

12The difference in quality and outcomes between private insurance and public health in-
surance merits further research. However, see ?, ?, ?, ?, and ? for examples.
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insurance. There are two opposing effects to consider. First, the mother is

working less and thus spending more time with her child. If ∂kt
∂MTt

> 0, then the

decrease in labor supply has a positive effect on child characteristics. However,

the decrease in labor supply also means that the family budget constraint shifts

in. This decrease in family income means that the mother has less to invest

in her children, and outcomes are made worse. Depending on which effect

dominates, the change in labor supply could have children could be made better

or worse off.

Taken together, there are four possible effects that need to be considered.

The first two arise because of a change in insurance status. Children who switch

from not being enrolled in insurance to being covered by Medicaid experience

improvements in health and ability. The effect on child characteristics for chil-

dren who switch from private insurance to public insurance depends on the

quality and generosity of the two plans. The second pair of effects that must be

considered arise because of a change in labor supply of the mother. The total

effect of access to insurance on child characteristics is ambiguous, and depends

on the sum of the four effects.

1.3.2 Simulations of the Model

In this section, I simulate the model choices to show how health, cognition,

labor supply, insurance choice, and investments change after the expansion of

Medicaid. I show that the child characteristics change, and that some children

have improved health and cognition, while others actually are made worse off

because of the availability of public insurance. This happens for two reasons,

which I illustrate in the results below.

I use the following specifications in my simulations:

ut =
cα1

t

α1

+ α21{ht = PT}+ α31{ht = FT}+ α4
kHλ1

t − 1

λ1

+ α5
kCλ2

t − 1

λ2

(1.6)

14



[

lnkH
t

lnkC
t

]
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[
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1t πH
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1t πC
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][

lnkH
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lnkC
t−1

]

+

[

πH
3t πH

4t πH
5t

πC
3t πC

4t πC
5t

]







lnIHt

lnIDt

lnMTt






+

lnIHt

[

πH
6t πH

7t

πC
6t πC

7t

][

1{gt = 1}
1{gt = 2}

]

(1.7)

Equation (1.6) is the specification used for the utility function. The utility

function closely follows ?. I assume that utility is CRRA in consumption with

parameter α1. In addition, there are fixed costs to working. Mothers who work

part-time experience a disutility of α2 and those who work full-time experience

a disutility of α3. In addition, I assume that utility is CRRA in both child’s

health and ability with parameters λ1 and λ2 respectively. If λ1 and λ2 are less

than 1, there are decreasing returns to ability.13

The child production function shown in Equation (1.7) allows for self pro-

ductivity, cross productivity, and dynamic complementarities, discussed earlier.

The first term on the right hand side of the equation allows for current char-

acteristics to depend on past characteristics. The second term says that inputs

include health investments, good investments, and maternal time. The third

and fourth terms are interacted with the health investment to account for the

variation in quality across insurance types. If private insurance was a higher

quality than Medicaid, πH
6t would be greater than πH

7t , which would make health

investments more productive for those with private insurance. I assume that

πC
3t, π

C
6t, and πC

7t are equal to 0. This essentially says that health investments

only affect cognitive ability through their effect on health via cross productivity

and dynamic complementarities.

In all cases, unless otherwise noted, I use the following parameters:

T = 128 hours β=.95 N = $100 k0 = [1; 1]

α1 = .185 α2 = -2.45 α3 = -3.86 α4 = .30 α5 = .30

13In a similar specification, ? considers how maternal time affects cognitive development
and estimated the parameter on cognitive ability to be less than 1.
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γ1 = γ2 = .85 λ1 = λ2 = .45

P ∈ {$0, $5, $10, ...$50} φ ∈ {0, .01, .02, ....1}
w1 = w2 ∈ {$6, $6.25, ...$10}

π1 =

[

.6 .1 .45 .3 .75 .05 .05

.1 .6 0 .5 .75 0 0

]

π2 =

[

.6 .1 .35 .15 .15 .05 .05

.1 .6 0 .35 .35 0 0

]

I choose the parameters to fit some basic outcomes that appear in the

data. For example, in both the data and the simulations of the model, mothers

are more likely to work in the second period of childhood and children are more

likely to be insured during the first period of childhood. In addition, to check

that my parameters are plausible, I calculate the wage elasticity of labor supply

in the first period. To calculate the intensive margin, I consider what happens to

labor supply when the wage is increased by 1%. For example, if the individual is

observed to have a wage rate of $7.75, I solve for optimal labor supply assuming

that the wage rate was $7.8275. I find values between 0 and .79, depending on

what the premium for private insurance is and what the cost associated with

enrolling in Medicaid is. To calculate the extensive margin, I again increase the

wage by 1% and solve for optimal hours. I count the individuals who were not

working at the original wage but entered the labor market at the higher wage.

I find that the extensive margin is between 0 and .56. For all values of the

premium and cost of public insurance, the intensive margin is larger than the

extensive.

1.3.2.1 Baseline: Public and Private Insurance are Equivalent

In the baseline case, I assume that public health insurance and private

insurance are the same in both quality and reimbursement rates. I compare what

happens to the labor supply of the mother as well as the health, cognition, and

insurance status of the child after public health insurance is introduced. That

is to say, I compare outcomes when Msa = $0 to outcomes when Msa is 100%

of the federal poverty line. First, I show that the average effects of change in

health and ability are positive. However, some children are made worse off while
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others are made much better off.

At first glance, it appears that the public health insurance expansion has

a positive impact on children. Figure 1.1 shows the average percent change

in health (panel a) and the average change in ability (panel b) by premium

after Msa changes from $0 to 100% of the federal poverty line. For any given

value of the premium, both health and ability are slightly higher, between 0

and 6% higher for health and between 0 and .16% for ability. The increase in

both health and ability peak when the premium is high; these are the children

who did not have access to health insurance before public health insurance was

made available because private health insurance was too expensive. After the

expansion, investments made in children increase because the price of health

care is cheaper. However, these improvements mask the fact that some children

are actually made worse off after public health insurance is expanded.

When the effects of access to health insurance on health and ability are

broken down by wage, it is easy to see that there are heterogenous effects.14 In

particular, children from low-income families are made much better off. These

children do not have access to health insurance prior to public health insurance

expansion, and after it is introduced they are eligible. Because their family

income is well below the threshold for public health insurance eligibility, their

parents do no adjust their labor supply and no crowd out of investments occurs.

At the other end of the income distribution, children from high-income families

are not affected by the expansion of public health insurance. These children

are not eligible for public health insurance and their mother’s wage is high

enough that it is not worth it to adjust her labor supply downward in order to

qualify for the program. Children from medium-income families can actually

be made slightly worse off from the access to health insurance. This happens

because mothers work less and the decrease in family income causes investments

made in children to decrease. Additionally, the price distortion causes the ratio

of investments made between health and goods to shift towards health. It is

important to note that although the children may have worse health or ability

14See Tables ?? and ?? for numerical results from the model solution when the wage is
$8.25.
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outcomes, the mother is unconditionally made better off by the introduction of

public health insurance.

In addition to family income, the effects of access to health insurance on

health and ability also depend on both the premium of private insurance and

the cost associated with public insurance. This is shown in a series of figures

when the premium is $5 and $15 (Figure 1.2-1.9). I also allow the cost of

public health insurance to vary from zero, low, medium, and high. These costs

help determine whether or not it is worth it for the mother to enroll her child

in public health insurance, and are therefore important in showing the effects

of expansion. In particular, when the cost of public health insurance is high,

mothers will not enroll their children in the program. Because of this, there is

no change in either health or ability in this scenario.

When the premium is relatively small, $5, children from medium-income

families have worse health and ability outcomes, as Figure 1.2 and 1.3 show.

This happens because without the availability of public health insurance, moth-

ers choose to work full-time in order to buy private insurance at a discounted

rate. When public health insurance becomes available, the mother adjusts her

labor supply down to part-time in order to qualify for the program. As discussed

previously, this has offsetting effects. The change in health and ability due to

the change in maternal time, insurance status, first and second period invest-

ments for when the cost of public health insurance is low or medium is shown in

Figures 1.4 and 1.5 respectively. The increased time spent with children boosts

children’s health and ability, while the fall in family income decreases invest-

ments in children. This only occurs when the cost of public health insurance is

low enough to induce the mother to enroll her child in public health insurance.

For example, when the premium for private insurance is $5 and the cost of pub-

lic insurance is low, the change in hours for the medium wage mothers causes

children’s health to increase by about 2.4% and ability to increase by 3.3%.

However, the decrease in investments totally offsets this. In the first period, the

fall in investments causes health to decrease by .4% and ability to fall by about

.45% and the fall in investments during the second period causes health to fall

by about 4% and ability to fall by 3.3%. To summarize, when the premium is
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low and the cost of public health insurance is low, the increase in health for

children from low wage families is driven by an increase in second period invest-

ments. The decrease in both health and ability for children from medium wage

families is caused by a decrease in second period investments. However, when

the cost for public health insurance is medium, the change in both health and

ability is driven primarily by a change in first period investments.

When the premium is moderately high, $15, children’s health is never

made worse off, but their ability might be lower. This is because prior to the

introduction of public health insurance, health insurance was too expensive

to purchase, and so the expansion allows many more children to be covered.

This causes relatively large increases in health (Figure 1.6). For example, when

the premium is $15, and the cost of public health insurance is 0 or low, an

increase in second period investments causes health to increase by 15% for low

wage earners. When the cost of public health insurance is medium, the health

improvements are driven by a change in first period investments, which cause

health to increase by about 1.4%, as shown in Figure 1.8. Although the results

are smaller in magnitude, a very similar pattern arises in the change in ability

after the introduction of public health insurance. When the premium is low

and the cost of public health insurance is low enough to induce mothers to

enroll their children, ability actually falls. Figure 1.3 shows this pattern. The

changes in ability for low wage children when the premium is $15 and the cost

of public health insurance is 0 or low are driven by both first and second period

investments, both of which increase ability by about .25%. When the cost of

public health insurance is medium, the improvements in ability are primarily

caused by an increase in first period investments. This is highlighted in Figure

1.9. The decrease in ability for medium wage children when the cost of public

health insurance is 0 or low happens because the effect of a fall in investments is

larger than the effect of an increase in maternal time. The decrease in first period

investments causes ability to fall by about .45%, second period investments

cause ability to fall by 3.2%, and maternal time causes ability to increase by

3.3%. To summarize, when the premium for private insurance is moderately

high and the cost for public health insurance is low, the increase in health
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is predominately caused by an increase in second period investments. At the

same time, the change in second period investments causes a dip in ability that

is offset by the increase in maternal time spent with the child. However, when

the cost for public health insurance is medium, the increase in both health and

ability is driven by an increase in first period investments.

When the premium is high, health and ability are never made worse off.

This is because prior to the expansion, private health insurance was too ex-

pensive so families were choosing not to cover their children. The expansion of

public health insurance allows children to be covered for the first time and so in-

vestments made in the first and second period greatly increase. This completely

offsets any labor market adjustments that might occur that would increase time

spent with the child.

1.4 Data

I draw on two main data sources, the National Longitudinal Survey Chil-

dren and Young Adults (CNLSY??) and eligibility data from the National

Governors Association (NGA). The CNLSY allows me to analyze children over

the course of their life and the NGA allows me to construct accurate measures

of eligibility.

The main data source that I draw on is the CNLSY merged with the moth-

ers from the National Longitudinal Survey of Youth (NLSY). The NLSY began

in 1979 and collected information from individuals ages 14-22. The CNLSY

started in 1986 as a supplement to this cohort. The CNLSY attempts to collect

data from all children born to women from the original NLSY. Information was

solicited from mothers in the NLSY biennially about their children until 1994.

At this time, the CNLSY was split into two surveys and continues to be ad-

ministered in this manner. The first survey is given to mothers about children

ages 0-14. The second survey is given directly to children ages 15+ and asks

similar questions as survey that the mothers in the NLSY are administered.

In 1986, the CNLSY included 5255 children born to 2922 mothers. By 2008,

3356 mothers were included; the child survey included 1354 individuals and the
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young adult survey included 6306. It is estimated that over 90% of all children

born to females of the NLSY are included in the CNLSY.

The CNLSY merged with the NLSY has many attractive features. Most

importantly, children from the CNLSY were born between 1973 and 2012. This

means that there are observations for individuals born both before and after the

Medicaid eligibility reforms occurred. I focus on children born between October

1980 and October 1986. There was a total of 4130 individuals born to women

of the NLSY during this time period. Of these, I include any observations who

has at least one outcome that is observed. Table ?? shows that this amounts

to 2829 people.

The second attractive feature of the CNLSY merged with the NLSY is

that the data has information about a rich set of topics. Because I link the

child survey with the mother’s survey, I have detailed information about the

mother’s labor supply as well as family income, an important determinant of

eligibility. There is also information about the home environment, which I use

as a proxy for goods investment during childhood. Additionally, the CNLSY

subjects participants to a battery of measures of ability. This allows me to

observe test outcomes at multiple points during childhood.

The third reason why the CNLSY/NLSY is appropriate for estimating the

long run effects of access to health insurance is that being a long panel means

that I am able to connect outcomes to childhood circumstance. Specifically, the

last survey occurred in 2012, which means that children born between Octo-

ber 1980 and October 1986 were between the ages of 25 and 32. Thus, I can

measure risky behaviors and outcomes during adolescence including teen preg-

nancy, criminal activity, and drug use. Additionally, I observe adult outcomes

including employment and wages before the age of 25, as well as self reported

health.

I merge eligibility data from the National Governors Association with the

CNLSY data.15 Additionally, I use the geocode data from the CNLSY to track

what state the children live in. This allows me to construct accurate measures
15Individuals can be eligible either directly through the Medicaid program or through

AFDC. I allow for either of these possibilities.
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of eligibility from a state level. Taken together, the CNLSY and the Medicaid

eligibility data means that I am able to trace Medicaid eligibility to outcomes.

Although the children born before October 1983 and after this cutoff are

similar among many demographic dimensions, they do differ by the mother’s

completed education as well as family income. For example, as Table ?? shows,

the racial composition of the two groups is similar. However, children born

after October 1983 were much more likely to not live in poverty. However, they

were much more likely to be eligible for Medicaid at some point during their

childhood (Table ??). While 62% of individuals in the sample who were born

before the cutoff lived in poverty before age 6, only 15% of them were eligible

for Medicaid during this time. This is in contrast with the 51% who were born

after the cutoff and lived in poverty before age 6 and the 41% who were eligible

for Medicaid during this time.

1.5 Empirical Framework: Regression Discon-

tinuity

In order to estimate the effects of access to health insurance, I rely on

the fact that eligibility is discontinuous across birthdate. The regression dis-

continuity framework exploits the fact that there is a break in eligibility for

children born before September 30, 1983.16 Specifically, OBRA90 mandated

that children born after this date who lived in poverty be eligible up to age 18.

In the model presented above, this amounts to Msa being significantly larger

for children born after September 30 than for children born before this cutoff.

Because Medicaid eligibility also depends not only on birthdate but also

on other factors, including family income, this is an example of a “fuzzy” discon-

tinuity. It should be noted that although there is a break in Medicaid eligibility

by family income, income can be manipulated, and thus mothers may choose

their labor supply to ensure that their child is eligible for Medicaid. However,

OBRA90 was passed well after the cutoff in birthdate, and so mothers could not

16See ? or ? for a review of regression discontinuity or ? and ? for examples that also use
this discontinuity.
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have timed their births to ensure eligibility. Therefore, I focus only on the break

in eligibility by birthdate. This essentially means that eligibility based on the

birthdate is as good as randomly assigned and this discontinuity in eligibility is

what identifies the treatment effect.

One of the assumptions behind the regression discontinuity framework is

that individuals cannot manipulate the running variable, birth month in this

context. Intuitively, this does not seem possible, because the laws that man-

dated expansion of Medicaid were passed after the children were born. One

would be concerned if there was grouping of children who were born immedi-

ately after October 30, 1983, as this would indicate that mothers were timing

their births in order for their children to qualify for Medicaid. However, this

does not appear to be the case– Figure 1.10 shows the frequency of individ-

uals born in each month. In fact, the opposite seems to be true; there is a

decline in the number of births at the cutoff. The test suggested by ? fails

to reject (p=.863) the test that there is grouping after the eligibility cutoff.17

However, since births are seasonal, I also consider a seasonally adjusted measure

of birth month. I take the average number of individuals born in that month

and subtract this number from the actual number of individuals born in the

given month. This creates a seasonally adjusted measure and accounts for the

cyclicality of births. Although October 1983 is positive, indicating that more

children from the NLSY were born in this October than the average October, it

is only slightly positive and September, 1983 is much larger (Figure 1.11). Using

the seasonally adjusted birth month count, the test for manipulation again fails

(p = .303).

Another key assumption behind the regression discontinuity framework

is that covariates are not affected by treatment, eligibility. Figure 1.12 shows

the baseline covariates by month of birth. I show the percent male, African

American, Hispanic, and the age of mom at birth. It is worth noting that

mothers who gave birth after October 30, 1983 are older than mothers who

17As ? points out, the ? density test will over-reject discrete running variables, such as
birth of month. When the true rejection rate should be 5%, ? finds that the McCrary density
test rejects the hypothesis that there was not manipulation of the running variable about 70%
of the time when the sample size is 2500.
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gave birth before the cutoff. However, as the bottom right quadrant of Figure

1.12 shows, there is no discontinuity in age of the mother at birth. I also

conduct formal balancing tests of the covariates and find no support that there

is a discontinuity in gender, race, or age of mom at birth at October 1983 (Table

??). Taken together, Figures 1.10, 1.11, and 1.12 as well as Table ?? support

the idea that the regression discontinuity framework is a valid approach.

To visually show the discontinuity in Medicaid eligibility, I group indi-

viduals by birth month, b. Children born after October 1983 were much more

likely to be eligible for Medicaid at any given point during their childhood, as

shown by Figure ??. I calculate eligibility using the age and income threshold

rules for each state. If OBRA90 did not create a discontinuity, there would not

be a jump in eligibility. As previously mentioned, eligibility also depends on

family income. Because this is endogenous, I use mother’s highest completed

education as a proxy for family income. As one might expect, children who

were born after the cutoff and whose mothers completed college did not experi-

ence an increase in eligibility, mainly because of the family income requirement.

However, children whose mothers have less than a college degree did experience

a jump in eligibility (Figure ??). This is true for children whose mothers did

not graduate high school, whose mothers have a high school degree, and whose

mothers have some college education.

Another way to think about the break in health insurance eligibility is to

show the average number of years that individuals are eligible. Not surprisingly,

there is also a large jump at the birthdate cutoff in the average years of Medicaid

eligibility. Children born up to three years before September 30, 1986 were

eligible on average for 1.74 years. This is almost two times less than the average

of 3.23 years that children born up to three years after the cutoff were eligible.

This is a substantial jump, although it should be noted that children whose

mother has a college degree experienced no jump in years of eligibility.

The regression discontinuity framework essentially compares children born

just before the October 1983 cut off to those born just after the cutoff. I group

individuals by birth month, b, and compare outcomes of individuals born within

three years of the cutoff, i.e. b ∈ [−36, 36]. I estimate the following regression for
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all individuals born within three years of the eligibility cutoff and also run the

same regressions, dividing the sample by mothers education. If the outcome of

interest is binary (becoming a teen parent, for example) I use a linear probability

model.

yi = α + β1{bi > 0}+ f(γ; b) + δXi + εi (1.8)

In this framework, yi is the outcome of interest, 1{bi > 0} indicates if the

individual was born after September 30, 1983, and f(γ; b) is a function of the

birth month, centered around the cutoff. As suggested by ?, high order poly-

nomials are not appropriate in the regression discontinuity framework. Because

of this, I show each regression using both linear and quadratic controls in birth

month (centered around the cutoff, so that b = 0 refers to the child having

been born in October, 1983). The vector Xi includes controls for sex, race, and

dummy variables for the age of mom at birth.

The coefficient of interest is β, which measures the effect of the increase

in eligibility for individuals at the date of birth cutoff. If eligibility was solely

determined by birthdate, β would measure the intent to treat parameter. How-

ever, in the fuzzy framework, β measures the intent to treat × the proportion

of the population that is eligible for Medicaid.

1.6 Results

This section discusses results from the empirical work discussed in Section

1.5. For each outcome, I show results for the full sample, and a restricted sample

including only individuals whose mother had the same level of education. I also

show two sets of results: one that is linear in birth month and one that is

quadratic in birth month.
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1.6.1 Mother’s Labor Supply

According to the intuition of the model, mothers with very high or very

low wages will not adjust their labor supply. However, women from the middle

of the distribution may adjust their labor supply downwards in order for their

children to qualify for Medicaid. I show limited evidence that this happens. I

use the discrete grouping of hours that the mother reports working in the last

calendar as a measure of the mother’s labor supply (no work, part-time, and

full-time).

As Table ?? shows, mothers with a high school degree were more likely

to not work when their children were between the ages of 0-5. The results are

robust to the specification. I find that mothers with a high school degree who

had a child after September 30, 1983 are 7.9% more likely not to work when

their child is young. About 20% of women with a high school degree never work

when their child is young. However, there is no evidence that other mothers

adjusted their labor supply after the expansion. In addition, there is also no

evidence that mothers changed how often they worked part or full-time (not

shown). This is consistent with the predictions of the model: very high and

very low income women had no incentive to adjust their labor supply, while

those in the middle of the distribution did.

1.6.2 Investments During Childhood

After Medicaid is expanded, the model predicts that investments made

in some children will increase while investments made in others will decrease.

In particular, if the mother does not adjust her labor supply and the child is

newly eligible, investments will dramatically increase. However, if the mother

decreases her labor supply, investments may decrease. For children who are

not affected by the expansion of Medicaid, the model predicts that investments

made in them will not change.

Although the NLSY does not allow me to directly observe investments,

either health or goods, made in children, the HOME scores are often used as

a measure of investment during childhood. These scores are a measure of the
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quality of the child’s home environment, and in addition there are subscores

for cognitive stimulation and emotional support. Children under the age of 15

who live with their mothers are eligible for this assessment. The CNLSY uses

four versions of the test: HOME-A for children ages 0-2, HOME-B for children

ages 3-5, HOME-C for children ages 6-9, and HOME-D for children ages 10

and above. Because the CNLSY does not start until 1986, and I am interested

in children born within three years of September 30, 1983, I only observe the

second two measures of the home environment. In 2010, 92.2% of children

eligible for HOME-C and 87.9% eligible for HOME-D were assessed. Parts of

the HOME score are reported by the mother while others are observed by the

interviewer. Examples of the measure of HOME include if the mother showed

physical affection for the child, whether or not the play area is safe, and chores

that the child is expected to perform. In each specification, I use the normalized

score, which has a mean of 100 and a standard deviation of 15.

I find that there were heterogenous effects on the HOME score for later

ages, but no change for the earlier ages. Specifically, children whose mother does

not have a high school degree saw large increases, while children from mothers

who had some college saw small decreases. I find that the standardized score

for HOME-D increased by about nine points for children whose mother did not

have a high school degree, as shown in Table ??. This is almost two-thirds of

a standard deviation increase, which is quite large. Interestingly, these gains

are concentrated in the cognitive HOME score. To put this in context, the

black/white gap in cognitive scores for children whose mother does not have

a high school degree is 10.4 points. Children whose mother had some college

education saw decreases in their HOME-D cognitive score. The cognitive score

inputs are the inputs that are most likely to change if the budget constraint shifts

in. The intuition of the model outlined in Section 1.3 helps explain these results.

Children whose mothers were in the middle of the income distribution had an

incentive to decrease their labor supply, and thus family budget constraint.

Children whose mothers were on the lower tail of the income distribution had no

incentive to change their labor supply. For these children, Medicaid expansions

were unambiguously positive and allowed the family to move expenditures away
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from health and towards goods.

At first glance, it may seem strange that investments increased at later

ages but not at younger ones. Although the Deficit Reduction Act of 1984

mandated that children up to age five born after September 30, 1983 with

family incomes below the AFDC thresholds were eligible, OBRA90 mandated

that children between the ages of 6-18 be newly eligible. This expansion was

actually targeted at older children, and so it is during this time that investments

in children might shift.

1.6.3 Characteristics: Health and Ability

Because investments in children changed after the expansion of Medicaid,

it is logical to think that the characteristics of children will also change. This

means that we might observe changes in ability and health, particularly for those

children whose investments changed or whose mother’s labor supply adjusted.

I use the Peabody Individual Achievement Tests (PIAT) as the measure

of ability. The PIAT has three difference components: mathematics, reading

recognition, and reading comprehension. Each of these exams are very widely

used and are given to children ages 5 and above.18 In 2010, completion rates

were about 85% for each of the PIAT exams. For each test, I use the normalized

standard score, which is derived on an age-specific basis from the child’s raw

score. The norming sample has a mean of 100 and a standard deviation of

15. Because the scores may change with age and I observe individuals multiple

times, I divide the PIAT and PPVT into three different age groups: within eight

months of age eight (i.e. 88 months to 116 months), within eight months of age

ten, and within eight months of age twelve.

I find that there were small improvements in math scores and larger im-

provements in reading scores. Specifically, math scores increased about 6.5

points, or two-fifths of a standard deviation, for older children whose mother

did not have a high school degree. Children whose mother attended some col-

lege saw increases of about 4 points in their math scores at age 12, or just over

18Age is based on the PPVT score.
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one-quarter of a standard deviation (Table ??). The black/white gap in math

scores at age 12 is about 9.3 points, although it is larger for children whose

mother does not have a high school degree (10.1 points) compared to children

whose mothers had some college education (7.5 points).

Children whose mother had a high school degree were the ones who saw

large improvements in reading scores across all ages. The reading comprehension

score increased between 6 and 7 points. This is equivalent to an increase of two-

fifths of a standard deviation, as shown in Table ??. The reading recognition

scores, Table ??, increased between 7.5 and 5 points, or one-half to one-third

of a standard deviation. To put these increases in context, the black/white gap

for reading comprehension at ages 8, 10, and 12 for children whose mother’s

have some college education is 4.3, 5.2, and 8.1 points. The gap for reading

recognition is 3.1, 5.8, and 6.8 points respectively.

I also find that there were small decreases in health for children whose

mothers have either a high school degree or some college. These are the children

whose mother decreased their labor supply and who for the model predicts a

decrease in health. I use self reported health as a measure (1 = Poor, 2 = Fair,

3 = Good, 4 = Very good, 5 = Excellent), and measure average reported health

between the ages of 15-20 and from 20-25. Children whose mothers completed

come college had about a third a point decrease in self reported health between

the ages of 15 and 20 and about a two-fifths of a point decrease between the

ages of 20-25 (Table ??). It is not surprising then that these are the same

individuals who report that they are more likely to be in poor or fair health

between the ages of 15-20 and 20-25, as shown in Table ??. I find that they

are about 12% more likely to be in fair or poor health between both 15-20 and

20-25. In addition, I also find that children whose mother has a high school

degree are about 12% more likely to report being in poor or fair health between

the ages of 15-20. They are slightly more likely to be in poor or fair health

between the ages of 20-25, but it is not statistically significant.
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1.6.4 Outcomes

The last part of the analysis focuses on the realized adult outcomes of the

children affected by the expansion of Medicaid. I consider three main outcomes:

completed education, becoming a teen parent, and being jailed before age 25.

I find that there was no statistically significant effect of Medicaid eligibility

on completed education. I measure education as graduating high school, taking

some college courses, and graduating from college (Tables ?? - ??). Particularly

for college enrollment and completion, access to health insurance during child-

hood had no lasting effect. Although not statistically significant, the effect of

Medicaid eligibility on high school completion for children whose mothers have

no high school degree, is suggestively positive. These are the children who also

experienced large increases in investments, as measured by the HOME scores.

Although I do not find that Medicaid eligibility had an effect on com-

pleted education, I do find that there was significant effects on the probability

of becoming a teen parent and on being jailed before age 25. For children whose

mother did not have a high school degree, I find that Medicaid decreased the

probability of being a teen parent by about 30%. For children whose mother

had a high school degree, I find the effect was about 7%. However, there was no

effect for other children. I also find that that there was about a 20% decrease

in the probability of being jailed before age 25 for children whose mother did

not have a high school degree. Other children did not have a change in the

probability of being jailed. These results are in line with ?, who hypothesis

that individuals with more to loose will be less likely to commit crimes. This

can also be extend to risky behaviors, including risky sex as a teenager. In this

context, the children who were most helped by Medicaid expansions also choose

to avoid risky behaviors.

1.7 Conclusion

I show that access to health insurance during childhood has lasting effects

that are heterogenous across the education of the mother. This happens for two

30



reasons. First, the change in insurance status leads to a change in investments

made during childhood. Newly eligible children experienced large increases in

investments which lead to improvements of adult outcomes, such as a decrease

in teen pregnancy and a decrease in the probability of being jailed before the age

of 25. Second, the large increase in Medicaid eligibility causes some mothers to

adjust their labor supply downward in order to qualify. This causes the family

income to fall and consequently investments made in children also falls. This

also has lasting effects. In particular, these children experience worse health

outcomes between the ages of 15 and 25.

This paper also highlights the need to carefully consider the existence

and consequences of crowd out of private investments that happens after public

investments are introduced. If crowd out is anywhere from 0 to 100%, then total

investments do not fall and public investments can bolster child characteristics.

Of course, children are also made better if there is crowd in of investments, and

the introduction of public investments causes private investments to increase.

However, if crowd out is greater than 100%, I show that the introduction of a

new policy can actually be detrimental to children. I refer to this phenomenon as

super crowd out. In the context of Medicaid, this occurs when families decrease

their labor supply in order to qualify for the program and total investments

made in children falls. Policies meant to improve child characteristics need to

consider both crowd out and crowd in. If there is potential for super crowd out,

policies should be implemented to prevent this problem.
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Table 1.1: Number of Individuals Born Between October, 1980 and October,
1986

Time Span Count
Oct 1980 - Dec 1980 117
Jan 1981 - Dec 1981 405
Jan 1982 - Dec 1982 470
Jan 1983 - Sep 1983 351
Oct 1983 - Dec 1983 117
Jan 1984 - Dec 1984 476
Jan 1985 - Dec 1985 510
Jan 1986 - Oct 1986 403
Total 2829

The sample includes all children born with in three years of October, 1983 whose infor-
mation is not missing for at least one outcome.
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Table 1.2: Summary Statistics

(1) (2) (3)
Full Born Oct. 1980- Born Oct. 1983 -

Sample Sept. 1983 Oct. 1986
Race

Hispanic 0.24 0.25 0.23
Black 0.34 0.36 0.32
Non-Black, Non-Hispanic 0.42 0.39 0.45
Mother’s Education

Ever graduated high school 0.88 0.86 0.89
Some college 0.40 0.36 0.43
College graduate 0.13 0.10 0.15
Child’s Completed Education

Ever graduated high school 0.81 0.82 0.80
Some college 0.46 0.45 0.47
College graduate 0.17 0.16 0.17
Childhood Circumstance

Ever in Poverty before age 1 0.35 0.39 0.31
Ever in Poverty before age 6 0.56 0.62 0.51
Ever in Poverty before age 18 0.66 0.72 0.62
Eligible before 6 0.30 0.15 0.41
Eligible before 18 0.60 0.54 0.66
Observations 2829 1323 1506

The sample includes all children born with in three years of October, 1983 whose infor-
mation is not missing for at least one outcome.

Table 1.3: Balancing Tests

Covariate Tested

Age of Mom African
at Birth American Hispanic Male

Born After Sept 30, 1983 -.061 -.033 .003 .006 -.033 -.034 .056 .059
(.166) (.166) (.035) (.035) (.032) (.032) (.038) (.038)

Obs. 2829 2829 2829 2829 2829 2829 2829 2829
Month Birth (Centered) Y Y Y Y Y Y Y Y
MOB Sq N Y N Y N Y N Y

The sample includes all children born with in three years of October, 1983 whose informa-
tion is not missing for at least one outcome. Each regression contains an indicator variable
for being born on or after October, 1983 (shown), a smooth function of month of birth,
and the other covariates listed.
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Table 1.4: No Work, Ages 0-5

All
Born After Sept 30, 1983 .021 .021

(.033) (.033)

Obs. 2810 2810
No High School Degree
Born After Sept 30, 1983 -.076 -.072

(.091) (.089)

Obs. 349 349
High School Degree
Born After Sept 30, 1983 .079∗ .079∗

(.048) (.048)

Obs. 1336 1336
Some College
Born After Sept 30, 1983 -.060 -.060

(.058) (.058)

Obs. 774 774
College Graduate
Born After Sept 30, 1983 .049 .086

(.084) (.089)

Obs. 351 351
Month Birth (Centered) Y Y
MOB Sq N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Table 1.5: HOME-C, Ages 6-9

Standard Score Cognitive Score Emotional Score

All

Born After Sept 30, 1983 -.427 -.421 .044 .047 -.699 -.686
(1.141) (1.141) (1.177) (1.177) (1.133) (1.133)

Obs. 5600 5600 5311 5311 5045 5045
No High School Degree

Born After Sept 30, 1983 -.742 -1.370 -1.499 -2.066 -1.362 -1.582
(3.931) (3.854) (4.320) (4.272) (3.797) (3.765)

Obs. 689 689 634 634 579 579
High School Degree

Born After Sept 30, 1983 -.415 -.439 .182 .171 -1.095 -1.135
(1.695) (1.695) (1.706) (1.706) (1.663) (1.663)

Obs. 2679 2679 2550 2550 2418 2418
Some College

Born After Sept 30, 1983 -1.252 -1.249 -1.442 -1.421 .281 .268
(1.780) (1.778) (1.898) (1.891) (1.865) (1.862)

Obs. 1526 1526 1443 1443 1389 1389
College Graduate

Born After Sept 30, 1983 1.685 .911 3.796 2.891 -1.596 -1.901
(2.640) (2.659) (2.674) (2.766) (2.971) (2.984)

Obs. 706 706 684 684 659 659
Month Birth (Centered) Y Y Y Y Y Y
MOB Sq N Y N Y N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Table 1.6: HOME-D, Ages 10+

Standard Score Cognitive Score Emotional Score

All

Born After Sept 30, 1983 1.088 1.071 .148 .103 1.490 1.539
(1.129) (1.131) (1.222) (1.220) (1.157) (1.165)

Obs. 5609 5609 5328 5328 4914 4914
No High School Degree

Born After Sept 30, 1983 9.539∗∗∗ 9.417∗∗∗ 10.655∗∗∗ 10.448∗∗∗ 5.963 5.858
(3.278) (3.225) (3.780) (3.725) (4.253) (4.224)

Obs. 679 679 632 632 572 572
High School Degree

Born After Sept 30, 1983 1.537 1.534 .536 .527 2.128 2.161
(1.591) (1.592) (1.699) (1.697) (1.627) (1.639)

Obs. 2649 2649 2531 2531 2302 2302
Some College

Born After Sept 30, 1983 -1.722 -1.703 -3.451 -3.459 -.066 -.099
(2.074) (2.072) (2.112) (2.109) (2.091) (2.088)

Obs. 1560 1560 1481 1481 1395 1395
College Graduate

Born After Sept 30, 1983 .526 -1.035 1.891 .578 -2.053 -2.720
(2.558) (2.627) (2.455) (2.645) (3.167) (3.246)

Obs. 721 721 684 684 645 645
Month Birth (Centered) Y Y Y Y Y Y
MOB Sq N Y N Y N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Table 1.7: PIAT Math Score

Age 8 Age 10 Age 12

All

Born After Sept 30, 1983 1.455 1.350 1.230 1.144 2.411∗ 2.341∗

(1.160) (1.158) (1.287) (1.285) (1.270) (1.266)

Obs. 2504 2504 2498 2498 2412 2412
No High School Degree

Born After Sept 30, 1983 4.572 4.636 4.494 4.493 6.574∗ 6.869∗

(3.771) (3.803) (3.693) (3.682) (3.626) (3.718)

Obs. 282 282 293 293 286 286
High School Degree

Born After Sept 30, 1983 1.026 .964 -.760 -.828 1.110 1.093
(1.529) (1.519) (1.751) (1.740) (1.751) (1.742)

Obs. 1188 1188 1179 1179 1140 1140
Some College

Born After Sept 30, 1983 1.768 1.809 3.940 4.078∗ 3.863∗ 3.902∗

(2.344) (2.353) (2.413) (2.410) (2.309) (2.309)

Obs. 702 702 702 702 679 679
College Graduate

Born After Sept 30, 1983 1.626 -.109 .009 -1.630 2.371 1.350
(3.067) (3.171) (3.438) (3.393) (3.382) (3.345)

Obs. 332 332 324 324 307 307
Month Birth (Centered) Y Y Y Y Y Y
MOB Sq N Y N Y N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Table 1.8: PIAT Reading Recognition Score

Age 8 Age 10 Age 12

All

Born After Sept 30, 1983 1.797 1.788 2.137 2.165 2.573∗ 2.580∗

(1.327) (1.330) (1.394) (1.395) (1.507) (1.506)

Obs. 2481 2481 2493 2493 2409 2409
No High School Degree

Born After Sept 30, 1983 3.648 3.687 2.775 2.777 .870 1.187
(4.221) (4.217) (4.145) (4.118) (4.449) (4.440)

Obs. 277 277 293 293 286 286
High School Degree

Born After Sept 30, 1983 -.186 -.188 -.533 -.542 .753 .758
(1.829) (1.830) (1.927) (1.925) (2.039) (2.039)

Obs. 1179 1179 1179 1179 1139 1139
Some College

Born After Sept 30, 1983 6.224∗∗ 6.366∗∗∗ 6.615∗∗ 6.868∗∗∗ 7.156∗∗ 7.252∗∗

(2.469) (2.468) (2.571) (2.556) (2.865) (2.851)

Obs. 694 694 699 699 677 677
College Graduate

Born After Sept 30, 1983 -1.076 -2.173 3.377 2.566 1.033 1.120
(3.311) (3.378) (3.256) (3.228) (3.926) (3.854)

Obs. 331 331 322 322 307 307
Month Birth (Centered) Y Y Y Y Y Y
MOB Sq N Y N Y N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Table 1.9: PIAT Reading Comprehension Score

Age 8 Age 10 Age 12

All

Born After Sept 30, 1983 2.186∗ 2.096 1.457 1.527 1.606 1.647
(1.308) (1.312) (1.261) (1.262) (1.245) (1.247)

Obs. 2384 2384 2456 2456 2387 2387
No High School Degree

Born After Sept 30, 1983 2.431 2.430 2.553 2.578 4.212 4.148
(4.119) (4.104) (3.759) (3.629) (4.078) (4.058)

Obs. 256 256 286 286 284 284
High School Degree

Born After Sept 30, 1983 .069 .027 -.827 -.829 .788 .796
(1.704) (1.706) (1.666) (1.664) (1.705) (1.708)

Obs. 1131 1131 1159 1159 1128 1128
Some College

Born After Sept 30, 1983 7.700∗∗∗ 7.667∗∗∗ 5.102∗∗ 5.310∗∗ 5.312∗∗ 5.441∗∗

(2.537) (2.540) (2.445) (2.441) (2.297) (2.279)

Obs. 674 674 695 695 674 674
College Graduate

Born After Sept 30, 1983 -.913 -1.863 1.222 1.036 -1.572 -1.843
(3.538) (3.643) (3.198) (3.230) (2.999) (3.065)

Obs. 323 323 316 316 301 301
Month Birth (Centered) Y Y Y Y Y Y
MOB Sq N Y N Y N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Table 1.10: Average Health

Ages 15-20 Ages 20-25
All
Born After Sept 30, 1983 -.204∗∗∗ -.204∗∗∗ -.207∗∗∗ -.203∗∗∗

(.068) (.068) (.077) (.076)

Obs. 2616 2616 2487 2487
No High School Degree
Born After Sept 30, 1983 -.333 -.335 -.165 -.169

(.219) (.218) (.231) (.230)

Obs. 319 319 310 310
High School Degree
Born After Sept 30, 1983 -.128 -.127 -.150 -.149

(.098) (.098) (.112) (.112)

Obs. 1240 1240 1165 1165
Some College
Born After Sept 30, 1983 -.364∗∗∗ -.362∗∗∗ -.416∗∗∗ -.408∗∗∗

(.131) (.131) (.136) (.134)

Obs. 723 723 687 687
College Graduate
Born After Sept 30, 1983 -.220 -.270∗ -.144 -.186

(.156) (.159) (.197) (.205)

Obs. 334 334 325 325
Month Birth (Centered) Y Y Y Y
MOB Sq N Y N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Table 1.11: Poor or Fair Health

Ages 15-20 Ages 20-25
All
Born After Sept 30, 1983 .081∗∗ .081∗∗ .077∗∗ .075∗

(.035) (.035) (.038) (.038)

Obs. 2616 2616 2487 2487
No High School Degree
Born After Sept 30, 1983 .031 .034 .117 .112

(.124) (.123) (.118) (.118)

Obs. 319 319 310 310
High School Degree
Born After Sept 30, 1983 .126∗∗ .126∗∗ .068 .067

(.051) (.051) (.057) (.057)

Obs. 1240 1240 1165 1165
Some College
Born After Sept 30, 1983 .124∗ .122∗ .123∗ .118∗

(.067) (.067) (.071) (.070)

Obs. 723 723 687 687
College Graduate
Born After Sept 30, 1983 -.075 -.041 .035 .030

(.065) (.064) (.079) (.081)

Obs. 334 334 325 325
Month Birth (Centered) Y Y Y Y
MOB Sq N Y N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Table 1.12: Graduate High School

All
Born After Sept 30, 1983 -.009 -.010

(.033) (.033)

Obs. 2756 2756
No High School Degree
Born After Sept 30, 1983 .174 .177

(.135) (.135)

Obs. 340 340
High School Degree
Born After Sept 30, 1983 -.072 -.073

(.046) (.046)

Obs. 1308 1308
Some College
Born After Sept 30, 1983 .051 .051

(.053) (.052)

Obs. 764 764
College Graduate
Born After Sept 30, 1983 .004 .020

(.074) (.072)

Obs. 344 344
Month Birth (Centered) Y Y
MOB Sq N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Table 1.13: Some College

All
Born After Sept 30, 1983 -.031 -.033

(.045) (.045)

Obs. 2756 2756
No High School Degree
Born After Sept 30, 1983 .107 .104

(.092) (.089)

Obs. 340 340
High School Degree
Born After Sept 30, 1983 -.026 -.029

(.066) (.066)

Obs. 1308 1308
Some College
Born After Sept 30, 1983 -.081 -.079

(.083) (.083)

Obs. 764 764
College Graduate
Born After Sept 30, 1983 .023 .025

(.101) (.103)

Obs. 344 344
Month Birth (Centered) Y Y
MOB Sq N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Table 1.14: College Graduate

All
Born After Sept 30, 1983 -.0004 -.002

(.037) (.037)

Obs. 2756 2756
No High School Degree
Born After Sept 30, 1983 -.049 -.049

(.062) (.062)

Obs. 340 340
High School Degree
Born After Sept 30, 1983 .014 .014

(.048) (.048)

Obs. 1308 1308
Some College
Born After Sept 30, 1983 -.080 -.080

(.069) (.069)

Obs. 764 764
College Graduate
Born After Sept 30, 1983 .111 .031

(.126) (.133)

Obs. 344 344
Month Birth (Centered) Y Y
MOB Sq N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Table 1.15: Teen Parent

All
Born After Sept 30, 1983 -.082∗∗∗ -.084∗∗∗

(.030) (.030)

Obs. 2829 2829
No High School Degree
Born After Sept 30, 1983 -.307∗∗ -.303∗∗

(.134) (.133)

Obs. 351 351
High School Degree
Born After Sept 30, 1983 -.073∗ -.073∗

(.040) (.040)

Obs. 1346 1346
Some College
Born After Sept 30, 1983 -.010 -.015

(.059) (.059)

Obs. 776 776
College Graduate
Born After Sept 30, 1983 -.042 -.034

(.049) (.059)

Obs. 356 356
Month Birth (Centered) Y Y
MOB Sq N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Table 1.16: Jailed Before Age 25

All
Born After Sept 30, 1983 .001 .002

(.026) (.026)

Obs. 2829 2829
No High School Degree
Born After Sept 30, 1983 -.208∗ -.204∗

(.123) (.122)

Obs. 351 351
High School Degree
Born After Sept 30, 1983 .056 .057∗

(.035) (.035)

Obs. 1346 1346
Some College
Born After Sept 30, 1983 -.033 -.032

(.050) (.050)

Obs. 776 776
College Graduate
Born After Sept 30, 1983 -.033 -.022

(.031) (.037)

Obs. 356 356
Month Birth (Centered) Y Y
MOB Sq N Y

The sample is restricted to individuals born with in 36 months of October, 1983. Each
specification is a linear probability model with dummy variables for race and sex included.
Standard errors are in parentheses.
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Chapter 2

Child Access to Health

Insurance and Caregiver Mental

Health

2.1 Introduction

Part of the Affordable Care Act aims to expand access to health insurance

to Americans, partly by expanding eligibility for public health insurance. In ad-

dition to providing access to health care, an important goal of health insurance

is to decrease the probability of catastrophic health spending. By potentially

improving health, in addition to reducing both health care costs and the proba-

bility of catastrophic spending due to a negative health shock, access to health

insurance may also indirectly affect the mental wellbeing of the family. Yet little

work has been done considering how access to health insurance affects mental

health.

One of the largest health insurance programs is Medicaid, which aims to

provide health insurance to low-income and other potentially needy subpopu-

lations. Previous studies, such as ? and ?, have found that access to health

insurance is associated with a decrease in out of pocket health expenditures,

increased happiness, and decreased depression. However, this line of work does
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not consider how access to health insurance for family members, as opposed

to oneself, affects spending and mental health outcomes. My paper builds on

this literature by showing that child access to health insurance is important for

caregivers, mothers in particular. This new finding can help explain why fam-

ilies make decisions regarding health insurance and shows just how important

access to health insurance can be.

I use a measure for Medicaid generosity similar to the one used by ?

to show that having a child enrolled in Medicaid significantly decreases the

likelihood that the child’s primary caregiver screens positive for serious mental

illness. To do this, I first show results from basic regressions that suggest

that having a child enrolled in Medicaid is negatively correlated with caregiver

mental health. It appears that having a child who is enrolled in Medicaid means

that the caregiver is more likely to screen positive for a serious mental illness.

However, as I discuss in more depth later, these regressions are biased. Medicaid

enrollment is clearly not exogenous, and families with sicker children may be

more likely to enroll their children in the program. When I use a bivariate probit

model that jointly predicts the child’s Medicaid enrollment and the mother’s

mental health, I show that having a child enrolled in Medicaid is beneficial to

the caregiver. In my preferred specifications, I also show that these equations

should be jointly estimated. As a measure of mental health, I use an indicator

variable that is equal to one if the caregiver scored high on the Kessler-6 (K6)

scale. This scale is constructed from six questions and is a well known measure

of distress. People who score high on this scale are likely to have a severe mental

health disorder.

I find that having a child enrolled in Medicaid decreases the likelihood of

the caregiver screening positive for serious mental illness by about 13 percentage

points. This is robust to a wide variety of controls and specifications. I also

show evidence of an intergenerational link between primary caregiver’s mental

health and the child’s likelihood of being diagnosed with an emotional problem

or being in poor health. This suggests that the child having access to health

insurance may have a variety of indirect effects on health- both physical health

and mental health.
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This paper has important policy implications. Given the relationship be-

tween caregiver’s mental health and child well being, as measured by both health

and emotional problems, Medicaid may be especially important for children.

Further, it is not well understood how access to health insurance of a family

member affects other members of the family and the family unit as a whole.

2.2 Previous Literature

In addition to considering the effects of access to health insurance, this

paper expands the literature establishing a tie between transfers and mental

health. I build on this literature in two main ways. First by considering a

transfer in-kind rather than a direct cast transfer and second by showing that

there are within family effects of transfers.

Although the health/wealth gradient is well documented, it is only recently

that economists have made a connection between welfare and psychological well-

being. Specifically, a relationship between income and mental health outcomes

has been documented. (?) use variation in the Canadian Child Tax Benefit

(CCTB) to examine how child benefits affect both child and maternal health.

They find that increased child benefits significantly decrease the likelihood that

the mother is depressed, and this result is magnified for a low education sample.

Similar to ?, ? uses variation in a cash transfer, the Earned Income Tax Credit

(EITC), to examine how income affects maternal mental health. They find that

increased payments reduced the number of reported poor mental health days for

mothers. ? find that child care subsidies, which encourage labor force participa-

tion of low-income mothers, are associated with reductions in maternal mental

health, as measured by increased depression, anxiety, and stress, as well as lower

quality interactions between the parent and child, measured by increased ag-

gression towards the child. These papers establish an important link between

government transfers and mental health. However, they are largely focused on

cash transfers, rather than a transfer in-kind, such as Medicaid.

There is a much larger body of work considering how Medicaid eligibility

affects individuals, specifically children and pregnant women. A smaller set of
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this work considers how Medicaid affects adults.1 Most closely related to this

paper is work on the Oregon Experiment. ? find that access to health insurance

is associated with a decrease in medical expenditures, as well as in increase in

self reported happiness. Specifically, 25% decrease in the probability of having

an unpaid medical ball accompanied by a 35% decrease in the probability of

having any out of pocket expenditures. This was matched with a 32% increase

in self reported happiness. Further, two years out there is little evidence of

any physical health improvement. Similarly, ? find that Medicaid enrollment

was associated with a 10% decrease in the probability of screening positive

for depression and essentially eliminated all out of pocket health expenditures.

While these results are encouraging, they do not speak to what happens to

individuals when insurance status changes for their family members and thus

can not speak to how health insurance coverage affects the family process.

Taken together, this previous literature suggests that there are several

channels through which child Medicaid could affect maternal mental health.

For example, consider a simple production function for mental health m =

m(c, l, k, I), where consumption, leisure, child characteristics, and health insur-

ance, respectively, contribute to mental health. First, there may be a direct

effect of health insurance on maternal mental health. This would happen if

the mother simply feels better knowing that the chance of catastrophic health

spending is small or if she feels that there is a stigma of having an uninsured

child. Second, there may be several indirect effects on maternal mental health,

including a change in labor supply, child characteristics, and consumption. For

example, if the income threshold for Medicaid increases the primary caregivers

may be able to work less, and spend more time with the child or doing leisure

activities. Further, if Medicaid for the child allows resources to shift from med-

ical expenditures to other forms of consumption, parents may be happier. Last,

if the child experiences an increase in health or skill, the parent could also be

happier. This increase in health could happen directly if having insurance in-

creases health. The increase in skills could happen if resources were able to shift

from medical expenditures to other types of investments in children.

1See ? for a recent review of the literature on Medicaid.
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2.3 Data

To study the effects of child health insurance on caregiver mental health,

I utilize the Panel Study of Income Dynamics (PSID?). The PSID is a lon-

gitudinal study that collects information on both families and individuals in

the families. It is particularly well suited for this study because, in addition

to a rich set of demographic information, it contains information about family

labor income, health insurance status, mental well being of household heads

and primary caregivers of children, and many important child characteristics,

including health status. Although the PSID originally began surveying 5,000

families in 1968, I draw on data from the year 1997, which is the first year the

child development supplement (CDS) was given (see below for a more detailed

description of the CDS).

The PSID includes several subsamples. The original sample in 1968 con-

sisted of two parts: Survey Research Center (SRC) and the Survey of Economic

Opportunity (SEO). The SRC was nationally representative, while the SEO

over-sampled low income families. Due to funding cuts, about half of the SEO

sample was cut in 1997. In addition to these subsamples, the PSID has twice

added immigrant families to the sample. In 1990 a Latino sample was added

and in 1997 the PSID added a refresher sample of post-1968 immigrants. In

my analysis, I drop the immigrant sample, but include all other families whose

information about health insurance and mental health is not missing. Because

SEO families will be more likely to be affected by access to Medicaid, I show

results from both unweighted and weighted, nationally representative, samples.

The CDS was first administered in 1997 to families with children ages 0-12

in an effort to study the development of young children. The CDS is a nationally

representative sample of children and parents. In 1997, the CDS component of

the PSID interviewed 2,380 families which included 3,563 children. In addition

to surveying families about the health status and insurance status of the child,

including whether or not the child was insured and if so the type of health

insurance plan, the CDS also interviewed families about the primary caregiver

of the child. Importantly for this study, the primary caregiver was asked several
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questions in order to construct several measures of their mental health. I merge

the CDS component with the main PSID component to construct a data set

that includes information about the child, primary caregiver, and household.

To construct the sample that I use for analysis, I have to trim some obser-

vations. For example, I ignore all instances where the primary caregiver is not

the mother or father, either biological, step, or adoptive. This is not so restric-

tive, as over 98% of the cases fit this criteria. I have to do this, because in the

cases where the primary caregiver is another relative or legal guardian, I can

not calculate the age of the primary caregiver, even after linking the PSID main

file with the CDS. Of these families where the primary caregiver is either the

mother or father, 1,362 caregivers completed the survey component pertaining

to their mental health, which corresponds to 2,001 children. After trimming

the sample to include only observations who reported information about health

insurance status of this child, health status of the child, and family character-

istics, such as educational attainment, I am left with 1,345 caregivers which

amounts to 1,971 children.

As Table ?? shows, families whose children are insured are different along

many dimensions than families whose child is enrolled in Medicaid or uninsured.

About 92% of the children in the full sample are enrolled in health insurance. Of

those who are enrolled in health insurance, about 23% are enrolled in Medicaid.

I define the child as being enrolled in Medicaid if the parent reports that they are

either enrolled in Medicaid or a state run health insurance program at the time of

the interview. Children who are enrolled in Medicaid tend to be in worse health

than those who are insured or uninsured; only 75% of caregivers report their

child is in very good or excellent health, compared to 84% of insured children

and 83% of uninsured children. Unsurprisingly, children who are enrolled in

Medicaid come from low income families who have less education than others.

In 1996, the year before the survey, their average family income was just above

$10,000, compared to just over $20,000 for uninsured children and $41,000 for

insured children. I record education as being the highest obtained education

in the family. Just 79% of children who are enrolled in Medicaid have parents

who graduated from high school, while 93% of children who are enrolled in
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any insurance have a high school degree and 86% of uninsured families have

a high school degree. However, these groups are similar along several basic

demographic characteristics including the age of the child (about 6 years old),

age of the primary caregiver (between 32 and 34), and the percentage of families

where the primary caregiver is the child’s mother (about 95%).

2.3.1 Mental Health Outcomes

I use the Kessler-6 (K6) as a measure of mental health. It is important to

note that the K6 is a screening tool and not necessarily the same as a diagnosis

of mental health problems. However, screening questions are often the first step

to a clinical diagnosis and the K6 has been shown to be an accurate estimate of

serious mental illness. In addition, screening questions can produce less biased

estimates because they are not linked to specific behaviors and so there is no

incentive to misreport (?).

The K6 is a widely used six item scale that was designed to measure

psychological distress. It includes six items: how often the individual feels

worthless, feels everything is an effort, feels hopeless, restless, nervous, and sad.

Individuals rate how often they feel this way on a scale of 0-4. These numbers

are then summed, so that scores range from 0-24. Scores above 13 indicate that

the caregiver screens positive for serious mental illness (SMI). See ? for more

information about the K6 psychological distress scale.2 In the full sample, only

about 3% of the primary caregivers are psychologically distressed. However,

5% of the primary caregivers whose child is enrolled in Medicaid and 8% whose

child is uninsured are psychologically distressed (Table ??).

2.4 Empirical Framework

I am interested in the relationship between health insurance of the child

and the mental health of the child’s primary caregiver. However, how to esti-

mate this relationship is not clear, as enrolling in health insurance is clearly an

2See ?, ?, or ? for examples of papers that use this scale as a measure of mental health.
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endogenous decision. A direct OLS (or probit) regression will be biased. For

example, children who are in worse health may be more likely to be enrolled

in Medicaid. However, the poor health of the child may also cause stress for

the primary caregiver, causing spurious correlation between child’s health in-

surance status and the mental health of the primary caregiver. To overcome the

problem of endogenous access to health insurance, I use an measure of Medicaid

eligibility, similar to the one proposed by ?.

2.4.1 Medicaid Background and Measure of Generosity

Medicaid is an joint federal and state program that provides health insur-

ance to needy populations, including low income individuals, especially children.

Although the federal government provides minimum guidelines on the popula-

tions that states must cover and the services they must provide, states do have

flexibility in both of these dimensions. Eligibility for children is determined

along two main measures- family income and age. Some states also impose

limits on the amount of assets a family can have, but there was a trend across

states to eliminate these tests, especially when considering eligibility for chil-

dren.3 Medicaid benefits are designed by states and so there is some variation

across states in generosity. However, immunizations and other early periodic

screening diagnostic and treatment services for children must be covered.4

Medicaid was created as part of the Social Security Amendments of 1965.

Until 1984, Medicaid eligibility was tied to participation in Aid to Families with

Dependent Children (AFDC), meaning that the only children eligible were from

low-income, single-parent families. Part of the Deficit Reduction Act of 1984

specified that children whose families were eligible, but not necessarily enrolled

in AFDC be eligible for Medicaid. During the late 1980s, there were several

3For example, by 2000, 42 states had eliminated asset tests for children enrolling in Med-
icaid or Children’s Health Insurance Program (CHIP).

4In addition, hospital care (inpatient and outpatient), nursing home care (for individuals
aged 21+), physician services, laboratory and x-ray services, family planning services and
supplies, health center and rural health clinic services, physician, nurse midwife and nurse
practitioner services, tobacco cessation counseling and pharmacotherapy for pregnant women,
and non-emergency transportation to medical care must also be covered.
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small expansions in eligibility for children, and in 1989 and again in 1990 two

major reforms occurred. The Omnibus Reconciliation Act of 1989 (OBRA89)

required states to cover pregnant women and children aged five or under with

family incomes below 133% of the federal poverty line. The next year, as part

of OBRA90, the federal government required that states cover children born

after September 30, 1983 with family incomes less than 100% of the federal

poverty line be eligible until age 18. Coverage was phased in one year at a time

and completed by 2002. The last significant Medicaid expansion for children

occurred in 1997 as part of the Balanced Budget Act. This act established

the State Children’s Health Insurance Program (CHIP), which gave states the

option to cover children whose family income was below 200% of the federal

poverty line.

Although the set of children who were eligible for Medicaid greatly ex-

panded during the 1980s and 1990s, there was still considerable variation in

eligibility by income, conditional on age, in 1997.5 It is variation in this eli-

gibility that helps identify how child’s Medicaid enrollment is associated with

parental mental health. The mandates discussed above all come from the federal

government and establish minimums for eligibility. However, there was varia-

tion across states in actual eligibility. Initially, states had different threshold for

eligibility, and states also expand eligibility at different rates. Even for states

with similar demographics and regions, there is variation. For example, in 1997,

Tennessee covered infants up to 400% of the federal poverty line, while Arkansas

covered infants up to 200% of the federal poverty line and Alabama only cov-

ered infants up to 133% of the poverty line (the federally mandated minimum).

At the same time, Maryland covered children ages 5 through 14 whose family

income was below 185% of the poverty line and Pennsylvania covered the same

children who lived below the federal poverty line.

I use the 1997 March supplement of the Current Population Survey (CPS)

to simulate eligibility for Medicaid. To construct the measure, I calculate the

percent of children each age 0-12 who would be eligible in each state, given

5It should be noted that there was also variation in age. Some states chose to expand to
older children faster than others. However, the focus of this paper is on children ages 0-12.
States had to cover children these ages, conditional on meeting income requirements.
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that state’s eligibility thresholds as of October, 1997. For example, I take all

of the children from the CPS who are 5 years old and calculate the percent of

them who would be eligible in each state. This means that each state has a

total of 13 different values for eligibility, one for each age 0-12, which are the

ages of the children in the 1997 CDS of the PSID. I link each PSID entry by

age and state with these simulated values. The intuition behind this measure of

eligibility is that by holding the population fixed and calculating eligibility of the

fixed population for each state, I am only picking up changes in state legislated

eligibility rather than state characteristics, such as economic conditions. Simply

calculating the percent of children of a given age in a given state who are eligible

for Medicaid will pick up on the demographic and/or economic characteristics.

However, use of the percent eligible from a fixed population creates a measure of

the states’ Medicaid generosity. It should be noted that this measure is slightly

different than the instrument proposed by ?. Rather than have one measure

eligibility, I use one for each age. The instrument used by ? can be thought of

as a weighted linear sum of the measures that I use.

The variation in eligibility can be conceptualized visually. I present two

graphics to help understand how states varied in the eligibility thresholds for

income by age. First, I show the actual income thresholds for the states for

children who were infants and children who were age 10. Figure ?? shows that

there was considerable variation in the thresholds for both infants, Panel (a),

and for 10 year olds, Panel (b). The majority of states set the income threshold

for infants at either 133% (the federally mandated minimum) or 185%. For 10

year olds, much more states adhered to the federally mandated minimum, which

was which was 100% of the federal poverty line. These income thresholds can

be translated into the simulated percent eligible. Figure ?? shows the simulated

eligibility- each dot represents a state/age combination. Because I use a fixed

population, any differences in the percent eligible arise solely from differences

in the income threshold for eligibility. For example, in all of the states, income

thresholds for infants are at least as high as those for 10 year olds, and this is

reflected in Figure ?? by the infants having a higher simulated percent eligible

than 10 year olds. This figure is sorted by the percent of infants that were
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eligible in the fixed population. It should be noted that this is not necessarily

the same as sorting by the percent of 10 year-olds who were eligible. It is this

variation in both age in income threshold that identifies the model.

2.4.2 Approach

I assume that health insurance and psychiatric distress are related to each

other in the following way:

MCD∗
ia = βMCD

1 Xia + βMCD
2

12
∑

a=1

DiaEia + βMCD
3 Sia + εMCD

ia (2.1)

PD∗
ia = βPD

1 Xia + βPD
2 MCDia ++βPD

3 Sia + εPD
ia , (2.2)

where a indicates the child’s age and Dia is an indicator for the child i

being age a. MCD∗
ia and PD∗

ia are latent variables for the child being enrolled

in Medicaid and psychiatric distress of the caregiver respectively. These values

depend on family characteristics, Xia, the state (or region) of residency Sia, and

the measure of Medicaid generosity for child age a discussed above, Eia.

However, these latent values are not actually observed. Rather, the PSID

allows me to observe the realized values of Medicaid enrollment and psychiatric

distress for each family. Specifically, families enroll their child in Medicaid

if MCD∗
i ≥ 0 and the primary caregiver is recording as being in psychiatric

distress if PD∗
i ≥ 13, which is the threshold for screening high on the K6:

MCDi =







1 if MCD∗
i ≥ 0

0 else
(2.3)

PDit =







1 if PD∗
it ≥ 13

0 else
(2.4)

These variables can be interpreted in the following ways- parents will enroll

their child in Medicaid, MCD = 1, if the value of doing so is positive. That
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is to say that the benefits of enrolling including discounted medical care and

the reduced probability of catastrophic spending compared to being uninsured

is greater than the cost of enrolling, which includes the stigma associated with

doing so. The primary caregiver will screen positive for serious mental illness,

PD = 1 if her K6 score is above a 13, as discussed in Section ??

2.4.3 Basic Regressions

First, I run basic probit regressions that have the measure of mental health

as the outcome and include a control for whether or not the child is enrolled

in Medicaid. This is equivalent to estimating Equation (??) and assuming that

the error terms of Equation (??) and Equation (??), εMCD
i and εPD

i are not

correlated. If these errors are in fact correlated, estimations from Equation

(??) are biased.

I use four different sets of controls: none, basic child characteristics, health

status of the child, and family characteristics. In each specification, I also

include indicator variables for region of residence (Northeast, Midwest, South,

with West omitted). The basic demographics include indicator variables for

child’s race (White, African American, with Other omitted) and an indicator

for the child being a male. As a measure of child health, I use an indicator

for the child being in very good or excellent health, as reported by the primary

caregiver. Last, family characteristics include indicator variables the highest

education obtained by any member of the family (college plus omitted), and

indicator for whether or not the primary caregiver is older than 40 years of age,

and the family income from 1996 in 1000s of dollars. In this specification, family

income and education are clearly endogenous. However, both are determined

prior to 1997, which is when the Medicaid enrollment of the child and mental

health of the mother are observed and so it can be argued that they are not

affected by the Medicaid eligibility rules of 1997. My preferred specification

only includes controls from the basic child characteristics, as these are clearly

exogenous controls. In all specifications, errors are clustered by household to

account for the fact that some households have multiple children.
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The relationship between child Medicaid enrollment and the probability

of the caregiver screening positive for severe mental illness depends on the spec-

ification, as shown in Table ??. Specifically, when controlling for regions or

basic child characteristics, it appears as if the child being enrolled in Medicaid

is detrimental to primary caregivers’ mental health. That is to say that hav-

ing a child enrolled in Medicaid increases the probability of screening positive

for serious mental illness. After controlling for family characteristics, having a

child enrolled in Medicaid is negatively related to screening positive for serious

mental illness. However, as discussed above, my preferred specifications do not

include family characteristics.

I also calculate the marginal effect of Medicaid enrollment for African

American children at the means of all other covariates. This is equivalent to

reporting

βPD
2 φ(βPD

1 X̄a + βPD
2 + βPD

3 S̄)− βPD
2 φ(βPD

1 X̄a + βPD
3 S̄), (2.5)

where φ(·) is the standard normal pdf, X̄a is the mean of all variables except for

race, which is African American, and S̄ is the mean region of individuals in the

sample,6 and βPD
1 , βPD

2 , and βPD
3 are defined in Equation (??). I show marginal

results for African Americans because a higher percentage of African American

children qualify for (and are enrolled in) Medicaid, as shown in Table ??. The

marginal results show that having a child enrolled in Medicaid increases the

probability that the primary caregiver screens positive for serious mental illness

by 2.2 percentage points for the simplest specification. However, when even

basic controls are added, the marginal effects are no longer significant.

2.4.4 Controlling for the Endogeneity of Medicaid En-

rollment

As discussed above, enrollment in health insurance is not exogenous and

select populations enroll in Medicaid. To overcome this, I use the state Medi-

caid generosity measure discussed above as an explanation for the child being

6This is equivalent of holding the region fixed and calculating the marginal effect.
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enrolled in Medicaid. I jointly estimate Equations (??) and (??) using a bi-

variate probit. I assume that the covariance matrix between εMCD
i and εPD

i is:

V =
[

1 ρ
ρ 1

]

, where ρ is a parameter to be estimated. If ρ is not equal to 0, and

the error terms are correlated, then estimating the equations separately will pro-

duce biased results. I choose to use a bivariate probit model for several reasons.

First, the probability of the primary caregiver being in poor mental health is

somewhat low, and linear models may make poor predictions at the tail ends of

the distribution. Second, Medicaid enrollment is determined at the same time

as mental health and the joint estimation of Equations ?? and ?? allow for this.

It should also be noted that using a two step estimator, first nonlinearly esti-

mating Equation ?? and then using the predicted value to nonlinearly estimate

Equation ??, produces inconsistent and biased estimators. This is an example

of the “forbidden regression.” See ? for a more detailed description.

After controlling for the endogeneity of Medicaid eligibility, it becomes

clear that having a child who is enrolled in Medicaid is associated with better

mental health outcomes for the primary caregiver. Primary caregivers who have

a child enrolled in Medicaid are less likely to screen positive for serious mental

illness, as Table ?? shows. My preferred specification, including basic controls,

is found in Column [2]. In all specifications except for the last, which includes

the potentially endogenous regressors family income and the education of the

family, child Medicaid enrollment is a significant predictor of caregiver mental

health. Importantly, in all specifications, the simulated measure of Medicaid

generosity that I use as an exclusion restriction is a significant predictor of

the child being enrolled in Medicaid. In addition, ρ is always estimated to be

positive, meaning that the correlation between εMCD
i and εPD

i is greater than

0 and there is a positive correlation between the unobserved factors affecting

both Medicaid enrollment and primary caregiver’s mental health. In two speci-

fications (Columns [2] and [3]), including my preferred one, the null hypothesis

that ρ = 0 can be rejected, indicating that Equations (??) and (??) should be

jointly estimated.

I also calculate the marginal effects of Medicaid enrollment on the primary

caregiver’s mental health and the marginal effect of Medicaid generosity on child

73



enrollment in Medicaid. Similar to the univariate probit set-up, I calculate the

marginal effects of for African Americans at the mean of all other covariates.

Having a child enrolled in Medicaid lowers the probability of the primary care-

giver screening positive for psychiatric distress by about 13 percentage points,

as shown in Table ??. Although the coefficient is still negative, the significance

of the effect of Medicaid on mental health decreases when family characteristics

are controlled for. Again, Column [2] is the most credible specification. It is

not surprising that an increase in the measure of simulated Medicaid generosity

increases the probability of the child being enrolled in Medicaid- by at least

33%, depending on the specification. All specifications are significant at least

at the 5% level.

These results calculate the average treatment effect of children’s access

to Medicaid on caregiver’s mental health. A caveat is that these results are

the reduced form and do not show a mechanism through which Medicaid acts.

While there may be direct effects of having a child enrolled in Medicaid on care-

giver mental health, it may also be the case that expanding access to Medicaid

causes caregivers to work less and this is why they are in better mental health.

Further work should show why caregivers whose child has access to Medicaid

are less likely to screen positive for severe mental illness. However, this paper

is an important first step in showing that child health insurance is important

to caregivers.

These results show that child health insurance is important to the family,

specifically the primary caregiver. They are also similar in magnitude to those

reported in ? and ?. As part of the Oregon Experiment, a lottery determined

which uninsured adults were able to enroll in Medicaid. In a series of papers,

the designers of the study compare the group who won the lottery and were able

to enroll, to the group who applied and would have been eligible for Medicaid,

but lost the lottery. ? reports that the winners of the lottery experienced

a 32% increase in overall happiness and a 7.8 percentage point decrease in

screening positive for depression. These results are reported just over a year

after individuals won the lottery. ? show that about two years after winning

the Medicaid lottery there was a decrease of 9.15 percentage points in screening
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positive for depression and an increase of 1.18 percentage points of reporting to

be happy or very happy.

It is important to note that although similar in magnitude, my results are

fundamentally different for three main reasons. The first is a difference in our

measure of mental health. The papers related to the Oregon Experiment use

measures of happiness and depression. Although similar to psychiatric distress,

much more of the population suffers from depression than psychiatric distress.

My measure of poor mental health is much stricter than theirs is. The second

is who is actually covered by Medicaid. The Oregon Experiment shows that

individuals who are insured are happier and less likely to be depressed. I show

that this is also true with in a family- caregivers are in better mental health

when their child is insured. The third is in the timing of our measurements. I

show what happens when the child is covered, while work from ? and ? shows

what happens to individuals a year and two years after gaining coverage.

2.5 Robustness Checks

In this section, I present several robustness checks. First, I show that when

limiting the sample to families most likely to qualify for Medicaid, low income

and low education families, the results hold and that the Medicaid instrument

is a stronger predictor of enrollment in Medicaid. I also show that having a

child enrolled in Medicaid causes the caregiver to be in better mental health

even when controlling for a set of state characteristics. Third, I show that the

results are robust to weighting and considering a nationally representative sam-

ple. Finally, I show that using the traditional measure of Medicaid generosity,

proposed by ? does not change my main results that having a child enrolled in

Medicaid is beneficial to caregiver mental health.

2.5.1 Considering At Risk Populations

Although the PSID over samples low income families, I also focus on a

subsample of families whose income is less than 400% of the federal poverty line
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and a subsample of families who do not have a college degree.7 These families

are more likely to have children who qualify for Medicaid, and so the eligibility

instrument will be more salient for them. It is reassuring that the estimated

coefficients of Medicaid generosity on enrollment for these families is stronger

than it is for the full sample.

The results for the at risk populations are similar to those for the full

sample. I report results for both the univariate model, Equation (??) only,

and the bivariate model, which jointly estimates Equations (??) and (??). The

results are presented in the same fashion as those shown in Section ?? and ??.

When estimating the univariate model, I find that having a child enrolled in

Medicaid is weakly positively correlated with the primary caregiver being in

psychiatric distress, as shown in Table ??. However, the marginal results for

the univariate model for African Americans are never significant, as shown in

Table ??.

When the bivariate probit model is estimated, the measure of generosity

is positively associated with the child being enrolled in Medicaid, and the child

being enrolled causes the caregiver to be less likely to be in psychiatric distress,

as shown in Table ??. My preferred specification is still found in Column [2].

In this specification, the measure of Medicaid generosity is significant at the

1% level and having a child enrolled in Medicaid is significant at the 10% level.

The marginal effect of eligibility on the probability of the child being enrolled

in Medicaid is between 45 and 80%, which is larger than the marginal effect

for the full sample. Although the marginal results for the effect of Medicaid

on primary caregiver’s mental health are not significant, they are negative, as

shown in Table ??.

I also consider a subsample of families who do not have a college degree.

Because these results are very similar to those obtained from the low-income

sample, I only present the bivariate estimates. Again, the measure of Medicaid

generosity is much more salient for this group than for the full sample, as shown

in Table ??. In my preferred specification (Column [2]), having a child enrolled

7400% of the federal poverty line is the highest threshold at which children can qualify in
any state (Tennessee) in 1997.
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in Medicaid leads to a lower probability of the caregiver screening positive for

serious mental distress. The marginal effect of having a child enrolled in Medi-

caid is a decrease of about 7 percentage points in having a high K6 score. The

marginal results are shown in Table ??. The marginal effect of the measure of

Medicaid generosity on the probability of the child being enrolled in Medicaid

is between 40 and 60%, which is larger than the effects estimated for the full

sample.

2.5.2 Using State Characteristics

As an additional check, instead of relying on state fixed effects, I include

a set of state controls. These controls describe the economic and demographic

conditions of each state. I include the state minimum wage, median income, the

percent of the state population that is white, black, and Hispanic, the percent of

the state population whose family income is below 100% of the federal poverty

line, and the percent of the state population older than 25 who are high school

drop-outs, graduates, attended some college, and graduated with a four year

degree. I show results from the bivariate probit model- these results are very

similar to those reported in Section ??.

The state characteristics seem to be a stronger predictor of the caregiver

being in psychiatric distress than they are of the child being enrolled in Med-

icaid. In particular, the economic conditions of the state, median income and

minimum wage, are strongly positively associated with caregiver mental health-

the higher the income and minimum wage, the less likely the caregiver is to

screen positive for serious mental distress. In addition, the racial composi-

tion of the state appears to be related to caregiver mental health. The only

state characteristic that is a significant predictor of the child being enrolled in

Medicaid is the percent of poor households in the state, although this is only

marginally significant.

In my preferred specification as well as the model including child health,

the instrument for Medicaid eligibility is a significant predictor of the child
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being enrolled in Medicaid and the child being enrolled in Medicaid is a signif-

icant predictor of the caregiver’s mental health. These are shown in Columns

[2] and [3] of Table ??. In each of these specifications, ρ is also significant,

indicating that the two equations should be jointly estimated. The marginal

results for models including state characteristics (Table ??) show that an in-

crease in the instrument for Medicaid generosity increases the likelihood that

the child is enrolled in Medicaid by about 22%, which is significant at the 10%

level. Additionally, having a child enrolled in Medicaid decreases the likelihood

that the primary caregiver screens positive for serious mental illness by about

7 percentage points, which is also significant at the 10% level.

2.5.3 Weighting the Observations

As a third robustness check, I re-weight the observations to create a na-

tionally representative sample. In my main analysis, I include the SEO sample

(see Section 1.4), which over samples low income families. I include this sample

because they are more likely to qualify for Medicaid and the measure of eligi-

bility should be more salient for them. However, in this section, I estimate the

bivariate probit model as described in Equation (??) and (??) but re-weight

each observation by the primary caregiver. Results for both the full sample

and the low income sample using the weighted observations are similar to the

unweighted observations, although the results from the weighted sample are

smaller in magnitude. I present results for the full sample, but results from the

low income subsample are available upon request.

I again find evidence of having a child enrolled in Medicaid improving

caregiver mental health. Table ?? shows results from the weighted full sample.

In the most credible specification (Column [2]) the measure of Medicaid gen-

erosity is positively related to child Medicaid enrollment. In addition, having

a child enrolled in Medicaid is associated with better mental health outcomes

for the primary caregiver, as they are less likely to screen positive for serious

mental health. Additionally, I also estimate that ρ is significant, indicating that

Equation (??) and (??) should be jointly estimated. In fact, my estimates for

ρ are very similar for the weighted and unweighted sample- about .7 for the
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preferred specification.

I find that having a child enrolled in Medicaid decreases the probability of

the caregiver screening positive for psychiatric distress by about 9.7 percentage

points, as shown in Table ??. This is a bit smaller than the results for the

unweighted, full sample, which was about 13 percentage points. I also find that

the marginal effect of the measure of Medicaid generosity is smaller than that

for the unweighted sample- about 40% vs. 50%. This is consistent with the

idea that the SEO sample is more likely to be eligible for Medicaid and that the

measure of Medicaid generosity is more binding for them.

2.5.4 Using the Currie/Gruber Measure of Medicaid Gen-

erosity

As a final robustness check, I use the Currie and Gruber measure of Med-

icaid generosity to control for the endogeneity of Medicaid enrollment. Rather

than calculating 13 different measures of Medicaid generosity for each state,

one for each age 0-12, this measure uses a fixed sample and calculates the total

percentage of children who would have been eligible in each state. I randomly

choose 700 children of each age, 0-12, from the CPS and use this sample of

9,100 children as my fixed population. For each state, I calculate the percent

of the fixed population that would have been eligible for Medicaid under the

given eligibility rules. Using this measure means that although I can not use

state fixed effects, as the eligibility measure is constant within a state, I can

control for age characteristics of the children. I include two age indicators in

these regressions- one for having a child between the ages of 0 and 1 and another

control for having a child between the ages of 2 and 5. I also include the state

controls discussed in Section ??.

My findings using the Currie and Gruber measure of Medicaid generosity

are similar to the main findings in that I find having a child enrolled in Medicaid

has a positive effect on caregiver mental health. However, I do not find that this

eligibility measure is a significant predictor of enrollment in Medicaid. I also

reject the hypothesis that ρ is equal to 0 in my preferred specifications. This
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can be seen in Table ??. Although the coefficient for the measure of eligibility is

positive, the estimates of Medicaid enrollment are very noisy. The child’s age is

a significant predictor of Medicaid enrollment. This makes sense, because young

children are much more likely to be eligible than older ones (See Figure ??).

Specifically, there are higher thresholds for both infants and children below the

age of six than for older kids. However, it is interesting to see that the age of

the children does not appear to be an important predictor of caregiver mental

health, as shown in the first panel of Table ??.

When using the Currie and Gruber measure of eligibility, I find that there

are significant marginal effects of having a child enrolled in Medicaid, but that

they are smaller than the effects shown in my main findings. I find that having

a child enrolled in Medicaid decreases the probability of the caregiver screening

positive for serious mental illness by about 11 percentage points, as shown in

Table ??.

2.6 Intergenerational Effects of Mental Health

As a final exercise, I show that there may be an intergenerational com-

ponent to mental health. For example, ? find that maternal depression has

negative consequences for children and this is exacerbated for those living in

poverty. I show that children whose caregiver is in poor mental health are

more likely to be in worse physical health and are more likely to be diagnosed

with an emotional disorder by a doctor. If caregiver mental health is important

for child development, access to health insurance may be more important than

previously thought. Although not causal estimates, this suggests that there

may be an additional channel through which access to Medicaid affects child

development.

Table ?? shows that children whose primary caregiver is psychologically

distressed are more likely to have been diagnosed with an emotional problem

themselves. Although the coefficient on caregiver’s mental health is not a sig-

nificant predictor of child’s mental health in all specifications, it is significant in

the preferred and most credible one. In this case, the measure of child’s mental
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health is whether or not they were diagnosed with an emotional disorder by

a doctor in the past. It is important to note that diagnoses are not perfectly

correlated with actual emotional disorders, only ones that were severe enough

in the parents’ eyes to warrant a doctor’s visit. About 10% of children in the

sample were diagnosed with an emotional disorder, and the number is slightly

larger for those who are enrolled in Medicaid, about 13%. These results could be

especially important for child’s development: ? find that poor childhood mental

health may be persistent and have a negative effect on educational outcomes

and test scores.

Additionally, I find that children whose caregiver is psychologically dis-

tressed also are in worse health, as shown in Table ??. I find that this result

is robust and holds in all specifications. This implies that caregiver’s mental

health could have lasting consequences for the child. Similar to the persistence

of mental health, childhood health also has lasting effects on adult outcomes.

For example, both ? and ? find that poor childhood health is negatively as-

sociated with adult socioeconomic outcomes, including lower family income,

earnings, and labor supply.

In addition to the relationship between maternal mental health and child

outcomes, I also show evidence that children who are enrolled in Medicaid uti-

lize more health care and suggestive evidence that they themselves are in better

health- both physical and emotional. For each of these outcomes, I use a bi-

variate probit model, similar to Equations ?? and ??, that jointly estimates

Medicaid take-up and the outcome of interest. I control for state characteristics

in each model.

First, I recreate ? and show that children who are enrolled in Medicaid

are much more likely to have had a check-up in the past year. This is impor-

tant because yearly check-ups for children are strictly preventative and missing

one may be an indicator of poor access to health care. Table ?? shows that

the measure of Medicaid generosity is positively associated with having a child

enrolled in Medicaid. In addition, the child being enrolled in Medicaid means

that they are much more likely to have had a check-up in the last year.

Next, I show that children who are enrolled in Medicaid are less likely to
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have been diagnosed with an emotional disorder and may be less likely to be

in poor health (Tables ?? and ??). However, the true meaning of these results

is more difficult to interpret. First, there may be misreporting of diagnosis of

emotional problems. On the one hand, parents may under report diagnosis if

they are embarrassed about having a child who has been diagnosed with an

emotional disorder. On the other, they may over report diagnosis to cover for

poor behaviors or outcomes. As discussed in Section ??, screening question-

naires are less likely to produce biased results. Second, the results for poor

health are some what weak, and only significant in one specification.

Taken together, these results suggests two important things. First, Medi-

caid has a direct effect on the child. This has also been documented in several

other papers, including ?, ?, ?, and Chapter 1 of this dissertation. Second,

the intergenerational correlations between mother’s mental health and child’s

health suggests that Medicaid access could be even more important than previ-

ously thought. Mother’s mental health could be an important channel through

which child’s health is affected by Medicaid.

2.7 Conclusion

I show evidence that having a child enrolled in Medicaid has a positive

effect on caregivers mental health, an indirect effect of Medicaid that has not

been considered in previous literature. I also show that caregiver mental health

and child enrollment in Medicaid should be jointly estimated; a bias is intro-

duced when only mental health is considered. Child access to health insurance

is important for caregivers and should be thought of as part of the family pro-

cess. An important area for future research is to detail why having a child with

access to health insurance is good for mental health.

I also show auxiliary evidence of an intergenerational effect of caregivers

mental health. Children whose caregiver screens positive for serious mental

illness are more likely to be diagnosed with an emotional disorder and are also

more likely to be in poor health. These results suggests that access to Medicaid

may be more important than previously thought.
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Table 2.1: Summary Statistics by Child’s Health Insurance Status

(1) (2) (3) (4)
All Insured Medicaid Uninsured

White 0.55 0.56 0.24 0.44
African American 0.40 0.39 0.71 0.51
Hispanic 0.02 0.02 0.02 0.02
Other race 0.04 0.04 0.03 0.03
Child is male 0.51 0.51 0.53 0.47
Did not graduate HS 0.08 0.07 0.21 0.14
HS graduate 0.35 0.34 0.52 0.52
Some college 0.29 0.29 0.23 0.29
College graduate 0.16 0.18 0.03 0.05
College graduate plus 0.11 0.12 0.01 0.01
Age of child 6.24 6.25 5.61 6.16
Primary caregiver’s age 34.32 34.35 32.08 33.93
Primary caregiver is child’s mom 0.96 0.96 0.95 0.95
Family income, 1996 39298.71 40997.93 10174.58 20195.68
Child has health insurance 0.92 1.00 1.00 0.00
Child is enrolled in Medicaid 0.23 0.26 1.00 0.00
Child’s health is at least very good 0.83 0.84 0.75 0.83
Child’s health is poor, fair, good 0.17 0.16 0.25 0.17
Primary caregiver is distressed (%) 3.20 2.76 5.19 8.07
Observations 1971 1810 462 161

The sample consists of individuals from the 1997 Child Development Survey of the PSID
whose primary caregiver is the mother or father. Observations were dropped if they were
missing any of the above information.
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Table 2.2: Medicaid Enrollment and Psychiatric Distress: Full Sample Uni-
variate Probit

[1] [2] [3] [4]

Child is enrolled in Medicaid .286∗∗ .215∗ .190 .045
(.122) (.128) (.129) (.139)

Northeast .846∗∗ .834∗∗ .831∗∗ .877∗∗

(.361) (.364) (.364) (.371)

Midwest .672∗ .631∗ .601∗ .586
(.353) (.356) (.357) (.366)

South 1.020∗∗∗ .912∗∗∗ .883∗∗ .850∗∗

(.337) (.345) (.345) (.354)

White . .271 .274 .431
(.398) (.398) (.410)

African American . .514 .493 .565
(.396) (.395) (.405)

Child is male . -.120 -.118 -.092
(.115) (.116) (.120)

Child’s health is at least very good . . -.288∗∗ -.239∗

(.133) (.138)

Primary care giver is older than 40 . . . .142
(.155)

Did not graduate HS . . . .740∗∗∗

(.276)

HS graduate . . . .233
(.247)

Some college . . . -.159
(.262)

College graduate . . . -.132
(.282)

Obs. 1971 1971 1971 1971

Psychiatric distress is defined as a score of 13 or higher on the K6 scale.
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Table 2.3: Medicaid and Psychiatric Distress: Marginal Effects, Probit

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

Child is enrolled in Medicaid 0.0221** 0.0252 0.0215 -0.0195
(0.0106) (0.0180) (0.0169) (0.0141)

Observations 1971 1971 1971 1971
Child characteristics N Y Y Y
Child health N N Y Y
Family characteristics N N N Y

These are marginal effects calculated for African Americans at the mean of all other
covariates. All specifications include indicators for region of residence. Psychiatric distress
is defined as a score of 13 or higher on the K6 scale.
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Table 2.4: Medicaid Enrollment and Psychiatric Distress: Full Sample Bi-
variate Probit

[1] [2] [3] [4]

Primary caregiver is Distressed

Child is enrolled in Medicaid -1.048∗ -.985∗∗ -1.032∗∗ -.554
(.630) (.445) (.495) (.762)

White . -.970∗∗∗ -.951∗∗∗ -.351
(.203) (.211) (.239)

Other race . -1.136∗∗∗ -1.108∗∗∗ -1.315∗∗
(.340) (.334) (.644)

Child is male . -.089 -.088 -.101
(.099) (.099) (.129)

Child’s health is at least very good . . -.292∗∗ -.093
(.122) (.151)

Primary care giver is older than 40 . . . .110
(.229)

Family income, 1996, 1000s . . . -.027∗∗∗
(.009)

Did not graduate HS . . . .244
(.454)

HS graduate . . . -.485
(.371)

Some college . . . -.779∗∗
(.377)

College graduate . . . -.737∗∗
(.370)

Obs. 1971 1971 1971 1971
Child is Enrolled in Medicaid

Medicaid Generosity 1.356∗∗∗ 1.883∗∗∗ 2.031∗∗∗ 1.785∗∗
(.516) (.572) (.579) (.712)

White . -1.165∗∗∗ -1.145∗∗∗ -.624∗∗∗
(.106) (.107) (.123)

Other race . -.715∗∗∗ -.707∗∗∗ -.412∗
(.205) (.204) (.246)

Child is male . -.004 -.003 .014
(.067) (.067) (.082)

Child’s health is at least very good . . -.344∗∗∗ -.182∗
(.097) (.109)

Primary care giver is older than 40 . . . -.259∗
(.144)

Family income, 1996, 1000s . . . -.041∗∗∗
(.003)

Did not graduate HS . . . .880∗∗∗
(.319)

HS graduate . . . .519∗
(.290)

Some college . . . .322
(.295)

College graduate . . . -.111
(.348)

Obs. 1971 1971 1971 1971
Rho 0.829 0.732** 0.751* 0.184

All specifications include state fixed effects. Psychiatric distress is defined as a score of 13
or higher on the K6 scale.
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Table 2.5: Medicaid Enrollment and Psychiatric Distress: Full Sample Bi-
variate Probit Marginal Effects

[1] [2] [3] [4]

Primary caregiver is Distressed
Child is Enrolled in Medicaid -0.0774 -0.1340* -0.1389* -0.0568

(0.0761) (0.0719) (0.0838) (0.0718)

Child is Enrolled in Medicaid
Medicaid Generosity 0.3877*** 0.4834*** 0.5147*** 0.3282**

(0.1476) (0.1452) (0.1462) (0.1304)
Observations 1971 1971 1971 1971
Child characteristics N Y Y Y
Child health N N Y Y
Family characteristics N N N Y

Marginal effects are calculated for African Americans at the mean of all other covariates.
State fixed effects are included in all regressions. Psychiatric distress is defined as a score
of 13 or higher on the K6 scale.
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Table 2.6: Medicaid Enrollment and Psychiatric Distress: Low Income Sam-
ple Univariate Probit

[1] [2] [3] [4]

Child is enrolled in Medicaid .110 .052 .024 -.364∗∗

(.139) (.145) (.147) (.168)

Northeast .670∗ .620 .621 .653
(.395) (.402) (.402) (.437)

Midwest .702∗ .641∗ .603 .630
(.370) (.377) (.378) (.410)

South .887∗∗ .769∗∗ .735∗∗ .762∗

(.355) (.367) (.367) (.397)

White . 3.730 3.729 4.124
(216.258) (185.093) (137.798)

African American . 3.931 3.906 4.098
(216.258) (185.093) (137.798)

Child is male . -.074 -.069 -.056
(.132) (.132) (.142)

Child’s health is at least very good . . -.290∗ -.280∗

(.150) (.159)

Primary care giver is older than 40 . . . .100
(.185)

Family income, 1996, 1000s . . . -.023∗∗∗

(.005)

Did not graduate HS . . . .063
(.358)

HS graduate . . . -.374
(.336)

Some college . . . -.484
(.343)

College graduate . . . -.322
(.387)

Obs. 1390 1390 1390 1390

Psychiatric distress is defined as a score of 13 or higher on the K6 scale. The sample is
restricted to families whose income is less than 400% of the federal poverty line.
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Table 2.7: Medicaid and Psychiatric Distress: Marginal Effects, Low In-
come Sample Probit

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

Child is enrolled in Medicaid 0.00872 0.00431 0.00206 -0.0370
(0.0114) (0.631) (0.267) (3.419)

Observations 1390 1390 1390 1390
Child characteristics N Y Y Y
Child health N N Y Y
Family characteristics N N N Y

These are marginal effects calculated for African Americans at the mean of all other
covariates. All specifications include indicators for region of residence. Psychiatric distress
is defined as a score of 13 or higher on the K6 scale. The sample is restricted to families
whose income is less than 400% of the federal poverty line.
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Table 2.8: Medicaid Enrollment and Psychiatric Distress: Low Income, Bi-
variate Probit

[1] [2] [3] [4]

Primary Caregiver is Distressed

Child is enrolled in Medicaid -1.191∗ -1.023∗ -1.091∗ -1.281
(.680) (.576) (.653) (.978)

White . -.803∗∗∗ -.790∗∗∗ -.375
(.262) (.285) (.290)

Other race . -5.858∗∗∗ -5.482∗∗∗ -6.820∗∗∗
(1.219) (1.322) (1.843)

Child is male . -.050 -.046 -.028
(.113) (.112) (.137)

Child’s health is at least very good . . -.266∗ -.187
(.138) (.154)

Primary care giver is older than 40 . . . .009
(.279)

Family income, 1996, 1000s . . . -.036∗∗∗
(.013)

Did not graduate HS . . . .335
(.445)

HS graduate . . . -.419
(.395)

Some college . . . -.612
(.408)

College graduate . . . -.741∗
(.425)

Obs. 1390 1390 1390 1390
Child is Enrolled in Medicaid

Medicaid Generosity 1.472∗∗ 2.105∗∗∗ 2.274∗∗∗ 2.094∗∗∗
(.584) (.653) (.660) (.757)

White . -1.077∗∗∗ -1.054∗∗∗ -.533∗∗∗
(.118) (.119) (.134)

Other race . -.819∗∗∗ -.807∗∗∗ -.394
(.239) (.238) (.296)

Child is male . -.007 -.004 .012
(.076) (.076) (.089)

Child’s health is at least very good . . -.318∗∗∗ -.228∗
(.108) (.118)

Primary care giver is older than 40 . . . -.304∗∗
(.155)

Family income, 1996, 1000s . . . -.047∗∗∗
(.004)

Did not graduate HS . . . .544∗
(.330)

HS graduate . . . .183
(.298)

Some college . . . .024
(.309)

College graduate . . . -.248
(.367)

Obs. 1390 1390 1390 1390
Rho 0.839 0.683 0.716 0.576

All specifications include state fixed effects. Psychiatric distress is defined as a score of 13
or higher on the K6 scale. The sample is restricted to families whose income is less than
400% of the federal poverty line.
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Table 2.9: Medicaid Enrollment and Psychiatric Distress: Low Income Bi-
variate Probit Marginal Effects

[1] [2] [3] [4]

Primary caregiver is Distressed
Child is Enrolled in Medicaid -0.0984 -0.1066 -0.1143 -0.0783

(0.0964) (0.0846) (0.1013) (0.0795)

Child is Enrolled in Medicaid
Medicaid Generosity 0.4585** 0.7583*** 0.8121*** 0.5898***

(0.1814) (0.2324) (0.2331) (0.1827)
Observations 1390 1390 1390 1390
Child characteristics N Y Y Y
Child health N N Y Y
Family characteristics N N N Y

Marginal effects are calculated for African Americans at the mean of all other covariates.
State fixed effects are included in all regressions. Psychiatric distress is defined as a score
of 13 or higher on the K6 scale. The sample is restricted to families whose income is less
than 400% of the federal poverty line.
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Table 2.10: Medicaid Enrollment and Psychiatric Distress: Low Education,
Bivariate Probit

[1] [2] [3] [4]

Primary Caregiver is Distressed

Child is enrolled in Medicaid -.758 -.712∗ -.671 -.804
(.759) (.397) (.443) (.502)

White . .223 .213 .642
(.424) (.417) (.531)

African American . 1.125∗∗∗ 1.079∗∗∗ 1.207∗∗
(.391) (.387) (.524)

Child is male . -.066 -.069 -.041
(.121) (.122) (.141)

Child’s health is at least very good . . -.280∗ -.123
(.151) (.160)

Primary care giver is older than 40 . . . -.102
(.284)

Family income, 1996, 1000s . . . -.025∗∗∗
(.008)

Did not graduate HS . . . 1.149∗∗∗
(.287)

HS graduate . . . .377∗
(.216)

Obs. 1424 1424 1424 1424
Child is Enrolled in Medicaid

Medicaid Generosity 1.223∗ 1.914∗∗∗ 2.062∗∗∗ 1.613∗∗
(.646) (.681) (.686) (.791)

White . -.566∗∗∗ -.553∗∗∗ -.423∗
(.201) (.200) (.235)

African American . .497∗∗ .496∗∗ .242
(.195) (.195) (.222)

Child is male . -.021 -.022 .010
(.073) (.073) (.086)

Child’s health is at least very good . . -.277∗∗∗ -.104
(.105) (.114)

Primary care giver is older than 40 . . . -.302∗
(.157)

Family income, 1996, 1000s . . . -.044∗∗∗
(.004)

Did not graduate HS . . . .546∗∗∗
(.177)

HS graduate . . . .187
(.117)

Obs. 1424 1424 1424 1424
Rho 0.614 0.531** 0.501* 0.320

All specifications include state fixed effects. Psychiatric distress is defined as a score of
13 or higher on the K6 scale. The sample is restricted to families who have no college
education.
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Table 2.11: Medicaid Enrollment and Psychiatric Distress: Low Education
Bivariate Probit Marginal Effects

[1] [2] [3] [4]

Primary Care Giver is Distressed
Child is Enrolled in Medicaid -0.0545 -0.0774 -0.0707 -0.0704

(0.0681) (0.0484) (0.0524) (0.0466)
Child is Enrolled in Medicaid
Medicaid Generosity 0.4030* 0.5795*** 0.6197*** 0.3810**

(0.2123) (0.2037) (0.2042) (0.1870)
Observations 1424 1424 1424 1424
Child characteristics N Y Y Y
Child health N N Y Y
Family characteristics N N N Y

Marginal effects are calculated for African Americans at the mean of all other covariates.
State fixed effects are included in all regressions. Psychiatric distress is defined as a score
of 13 or higher on the K6 scale. The sample is restricted to families whose income is less
than 400% of the federal poverty line.

95



Table 2.12: Medicaid and Psychiatric Distress: Full Sample Bivariate Pro-
bit

[1] [2] [3] [4]

Primary caregiver is Distressed

Child is enrolled in Medicaid -.355 -.493∗∗ -.496∗ -.146
Median income, 1000s -.091∗∗ -.085∗ -.080∗ -.100∗∗

Minimum wage -.330∗∗ -.273∗ -.254∗ -.320∗∗

Percent white -10.684∗ -9.603∗ -9.527∗ -10.411∗

Percent black -9.637∗ -10.087∗ -10.021∗ -10.774∗

Percent Hispanic -11.908∗ -11.454∗ -11.296∗ -12.688∗

Percent poor -.070 -.042 -.038 -.061
Prcnt no HS degree -1.489 -3.638 -3.684 -3.304
Prcnt HS degree -1.626 -2.458 -2.276 -3.693
Prcnt some college -6.893 -7.748 -7.688 -9.072
Prcnt college degree 5.579 4.618 4.212 9.208
White . -.628∗∗∗ -.595∗∗∗ -.058
Other race . -.808∗∗ -.772∗∗ -.655
Child is male . -.078 -.077 -.068
Child’s health is at least very good . . -.310∗∗ -.176
Primary care giver is older than 40 . . . .164
Family income, 1996, 1000s . . . -.021∗∗∗

Did not graduate HS . . . .197
HS graduate . . . -.329
Some college . . . -.564∗

College graduate . . . -.228
Obs. 1971 1971 1971 1971
Child is Enrolled in Medicaid

Medicaid Generosity .219 .643∗ .668∗ .496
Median income, 1000s -.00008 .008 .010 .024
Minimum wage -.095 -.013 .002 -.030
Percent white -6.075∗∗ -2.317 -2.420 1.094
Percent black -4.060 -3.412 -3.574 -.105
Percent Hispanic -5.704∗ -3.203 -3.263 .333
Percent poor .014 .065∗ .068∗ .077∗

Prcnt no HS degree 1.447 -2.512 -2.913 -2.502
Prcnt HS degree 3.602 1.238 1.198 .197
Prcnt some college .627 -1.428 -1.590 -1.573
Prcnt college degree -2.583 -3.248 -3.740 -.200
White . -1.172∗∗∗ -1.154∗∗∗ -.622∗∗∗

Other race . -.725∗∗∗ -.718∗∗∗ -.465∗

Child is male . .006 .006 .038
Child’s health is at least very good . . -.297∗∗∗ -.146
Primary care giver is older than 40 . . . -.238∗

Family income, 1996, 1000s . . . -.040∗∗∗

Did not graduate HS . . . .843∗∗

HS graduate . . . .494
Some college . . . .378
College graduate . . . -.094
Obs. 1971 1971 1971 1971
Rho 0.398 0.419∗∗∗ 0.408∗∗ -0.057

Psychiatric distress is defined as a score of 13 or higher on the K6 scale. Controls for state
characteristics are included.
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Table 2.13: Medicaid Enrollment and Psychiatric Distress: Full Sample
Bivariate Probit Marginal Effects

[1] [2] [3] [4]

Primary caregiver is Distressed
Child is Enrolled in Medicaid -0.0238 -0.0745* -0.0719* -0.0183

(0.0302) (0.0387) (0.041) (0.0438)
Child is Enrolled in Medicaid
Medicaid Generosity 0.0651 0.2210* 0.2268* 0.1051

(0.0993) (0.1252) (0.123) (0.0936)
Observations 1971 1971 1971 1971
State characteristics Y Y Y Y
Child characteristics N Y Y Y
Child health N N Y Y
Family characteristics N N N Y

Marginal effects are calculated for African Americans at the mean of all other covariates.
Psychiatric distress is defined as a score of 13 or higher on the K6 scale. Controls for state
characteristics are included.
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Table 2.14: Medicaid and Psychiatric Distress: Weighted Full Sample Bi-
variate Probit

[1] [2] [3] [4]

Primary Care Giver is Distressed

Child is enrolled in Medicaid -.786 -.741∗ -.891∗ -.600
(.572) (.430) (.522) (.609)

White . .236 .221 1.446
(.398) (.393) (.902)

African American . 1.079∗∗∗ 1.041∗∗∗ 1.601∗
(.393) (.369) (.893)

Child is male . -.203 -.209∗ -.251
(.132) (.122) (.157)

Child’s health is at least very good . . -.545∗∗∗ -.210
(.186) (.197)

Did not graduate HS . . . .388
(.529)

HS graduate . . . -.871∗∗
(.392)

Some college . . . -.888∗∗
(.379)

College graduate . . . -1.345∗∗∗
(.491)

Family income, 1996, 1000s . . . -.026∗∗∗
(.007)

Primary care giver is older than 40 . . . .476
(.290)

Obs. 1971 1971 1971 1971
Child is Enrolled in Medicaid

Eligibility IV 1.007 1.282∗ 1.486∗∗ 1.583∗
(.698) (.707) (.687) (.863)

White . -.648∗∗∗ -.618∗∗∗ -.085
(.202) (.198) (.237)

African American . .507∗∗ .487∗∗ .474∗
(.215) (.220) (.254)

Child is male . -.035 -.051 -.083
(.086) (.086) (.103)

Child’s health is at least very good . . -.677∗∗∗ -.435∗∗∗
(.141) (.152)

Did not graduate HS . . . .892∗∗
(.389)

HS graduate . . . .289
(.338)

Some college . . . .057
(.355)

College graduate . . . -.290
(.379)

Family income, 1996, 1000s . . . -.039∗∗∗
(.004)

Primary care giver is older than 40 . . . -.142
(.172)

Obs. 1971 1971 1971 1971
Rho 0.778∗ 0.716∗∗∗ 0.764∗ 0.716

Psychiatric distress is defined as a score of 13 or higher on the K6 scale. All specifications
include state fixed effects. All observations are weighted by primary caregiver to produce
a nationally representative sample.
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Table 2.15: Medicaid Enrollment and Psychiatric Distress: Weighted Full
Sample Bivariate Probit Marginal Effects

[1] [2] [3] [4]

Primary Care Giver is Distressed
Child is Enrolled in Medicaid -0.0414 -0.0974* -0.1120 -0.0650

(0.0383) (0.0586) (0.0743) (0.0654)
Child is Enrolled in Medicaid
Medicaid Generosity 0.2388 0.3750* 0.4138** 0.2832*

(0.1634) (0.2126) (0.1999) (0.1617)
Observations 1971 1971 1971 1971
Child characteristics N Y Y Y
Child health N N Y Y
Family characteristics N N N Y

Marginal effects are calculated for African Americans at the mean of all other covariates.
Psychiatric distress is defined as a score of 13 or higher on the K6 scale. All specifications
include state fixed effects. All observations are weighted by primary caregiver to produce
a nationally representative sample.

99



Table 2.16: Medicaid and Psychiatric Distress: Full Sample Bivariate Pro-
bit with Currie/Gruber Instrument and Age Controls

[1] [2] [3] [4]

Primary Caregiver is Distressed

Child is enrolled in Medicaid -.561∗∗ -.732∗∗∗ -.747∗∗∗ .101
(.257) (.252) (.258) (.623)

Child is 0-1 . -.012 .012 -.180
(.176) (.176) (.205)

Child is 2-5 . -.027 -.020 -.102
(.117) (.119) (.133)

White . .357 .340 .977∗∗
(.348) (.337) (.449)

African American . 1.126∗∗∗ 1.082∗∗∗ 1.044∗∗
(.338) (.327) (.458)

Child is male . -.088 -.089 -.084
(.098) (.098) (.114)

Child’s health is at least very good . . -.292∗∗ -.106
(.124) (.139)

Primary care giver is older than 40 . . . .148
(.191)

Family income, 1996, 1000s . . . -.019∗∗∗
(.006)

Did not graduate HS . . . .052
(.388)

HS graduate . . . -.408
(.290)

Some college . . . -.627∗∗
(.316)

College graduate . . . -.391
(.305)

Obs. 1971 1971 1971 1971
Child is Enrolled in Medicaid

Currie/Gruber Instrument -.193 .194 .175 .165
(.434) (.471) (.464) (.588)

Child is 0-1 . .444∗∗∗ .468∗∗∗ .443∗∗∗
(.099) (.099) (.120)

Child is 2-5 . .144∗ .149∗ .167∗
(.079) (.080) (.095)

White . -.526∗∗∗ -.519∗∗∗ -.226
(.176) (.174) (.200)

African American . .679∗∗∗ .668∗∗∗ .420∗∗
(.175) (.174) (.197)

Child is male . .011 .013 .047
(.067) (.067) (.080)

Child’s health is at least very good . . -.321∗∗∗ -.170
(.096) (.106)

Primary care giver is older than 40 . . . -.220
(.146)

Family income, 1996, 1000s . . . -.040∗∗∗
(.003)

Did not graduate HS . . . .911∗∗∗
(.331)

HS graduate . . . .546∗
(.304)

Some college . . . .376
(.310)

College graduate . . . -.052
(.356)

Obs. 1971 1971 1971 1971
Rho 0.529*** 0.572*** 0.569*** -0.186

Currie/Gruber instrument. All specifications include controls for state characteristics: median household income
(in 1000s), minimum wage, the percent of white, black, and Hispanic individuals, the percent of individuals living
in poverty, the percent of adults (aged 25+) who did not graduate high school, graduated high school, have some
college education, and have a college degree, and indicator variables for region of residence.
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Table 2.17: Medicaid and Psychiatric Distress: Full Sample Bivariate Pro-
bit Marginal Results with Currie/Gruber Instrument and Age Controls

[1] [2] [3] [4]

Primary Care Giver is Distressed
Child is Enrolled in Medicaid -0.0374* -0.1137** -0.1113** 0.0124

(0.0199) (0.0497) (0.0499) (0.079)
Child is Enrolled in Medicaid
Currie/Gruber Instrument -0.0568 0.0501 0.0447 0.0311

(0.1276) (0.1219) (0.1189) (0.1112)
Observations 1971 1971 1971 1971
Child characteristics N Y Y Y
Child health N N Y Y
Family characteristics N N N Y

Marginal effects are calculated for African Americans at the mean of all other covariates.
All specifications include indicator variables for region of residence and controls for state
characteristics: median household income (in 1000s), minimum wage, the percent of white,
black, and Hispanic individuals, the percent of individuals living in poverty, the percent
of adults (aged 25+) who did not graduate high school, graduated high school, have some
college education, and have a college degree. Psychiatric distress is defined as a score of
13 or higher on the K6 scale.
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Table 2.18: Child is Diagnosed with Emotional Disorder

[1] [2] [3] [4]

Primary care giver is distressed .395∗ .450∗ .395 .355
(.231) (.236) (.242) (.248)

Median income, 1000s -.007 -.008 -.004 -.003
(.026) (.026) (.026) (.027)

Minimum wage .030 .016 .028 .0004
(.119) (.120) (.120) (.120)

Percent white -1.372 -1.957 -2.035 -2.743
(2.900) (3.026) (3.039) (3.021)

Percent black -1.840 -2.179 -2.357 -2.967
(3.004) (3.070) (3.077) (3.058)

Percent Hispanic -1.219 -1.784 -1.813 -2.654
(3.188) (3.275) (3.291) (3.250)

Percent poor -.019 -.023 -.020 -.023
(.040) (.041) (.041) (.041)

Prcnt no HS degree -1.809 -1.420 -1.672 -1.148
(3.304) (3.323) (3.324) (3.342)

Prcnt HS degree -2.379 -2.219 -2.235 -2.373
(3.509) (3.531) (3.560) (3.582)

Prcnt some college -3.410 -3.414 -3.553 -3.817
(3.714) (3.747) (3.760) (3.748)

Prcnt college degree -2.189 -2.093 -2.670 -2.707
(4.378) (4.403) (4.421) (4.475)

White . .006 .008 .032
(.197) (.200) (.212)

African American . -.147 -.174 -.224
(.207) (.210) (.219)

Child is male . .259∗∗∗ .262∗∗∗ .264∗∗∗
(.083) (.084) (.085)

Child’s health is at least very good . . -.311∗∗∗ -.319∗∗∗
(.113) (.115)

Primary care giver is older than 40 . . . .446∗∗∗
(.109)

Family income, 1996, 1000s . . . -.003
(.002)

Did not graduate HS . . . -.267
(.252)

HS graduate . . . -.028
(.167)

Some college . . . -.028
(.165)

College graduate . . . -.175
(.167)

Obs. 1559 1559 1559 1559

The dependent variable is whether the child has visited a psychiatrist, psychologist, doctor,
or counselor about an emotional, mental, or behavioral problem.
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Table 2.19: Child is in Poor or Fair Health

[1] [2] [3]

Primary care giver is distressed .667∗∗∗ .595∗∗∗ .459∗∗
(.189) (.194) (.192)

Median income, 1000s -.040∗ -.036 -.033
(.024) (.024) (.024)

Minimum wage -.162 -.132 -.134
(.100) (.100) (.099)

Percent white .198 1.545 1.886
(2.824) (2.856) (2.914)

Percent black 1.941 2.304 2.759
(2.918) (2.921) (2.971)

Percent Hispanic .356 1.279 1.656
(3.090) (3.112) (3.179)

Percent poor -.055 -.037 -.038
(.034) (.034) (.034)

Prcnt no HS degree 3.867 2.509 2.830
(2.817) (2.862) (2.895)

Prcnt HS degree .690 -.056 .025
(3.091) (3.178) (3.271)

Prcnt some college 2.156 1.810 1.912
(3.223) (3.243) (3.333)

Prcnt college degree 4.725 4.443 6.116
(3.884) (3.952) (4.076)

White . -.115 -.033
(.182) (.185)

African American . .290 .225
(.185) (.189)

Child is male . .009 .001
(.081) (.082)

Primary care giver is older than 40 . . .030
(.111)

Family income, 1996, 1000s . . -.003∗∗
(.001)

Did not graduate HS . . .492∗∗
(.223)

HS graduate . . .356∗∗
(.175)

Some college . . .054
(.176)

College graduate . . .294∗
(.177)

Obs. 1560 1560 1560

The dependent variable is if the caregiver reported the child to be in poor or fair health.
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Table 2.20: Medicaid and Check-ups: Full Sample Bivariate Probit

[1] [2] [3] [4]

Child Has Had a Check-up in the Past Year

Child is enrolled in Medicaid 1.671∗∗∗ 1.705∗∗∗ 1.705∗∗∗ .507
Median income, 1000s .045∗∗∗ .037∗∗ .034∗∗ .047∗∗

Minimum wage -.003 -.054 -.056 .017
Percent white 4.576∗∗ 2.030 2.015 3.523
Percent black 3.116 1.812 1.831 3.213
Percent Hispanic 5.206∗∗ 3.015 3.002 4.477∗

Percent poor .063∗∗∗ .035 .032 .075∗∗∗

Prcnt no HS degree -4.792∗∗ -3.446∗ -3.410∗ -5.969∗∗

Prcnt HS degree -1.582 -1.391 -1.537 -1.147
Prcnt some college -4.972∗∗ -5.330∗∗ -5.456∗∗ -5.792∗∗

Prcnt college degree -.585 -.678 -.613 -2.881
White . .145 .133 -.254
African American . -.362∗∗ -.343∗∗ .047
Child is male . .047 .045 -.017
Child’s health is at least very good . . .219∗∗∗ .014
Primary care giver is older than 40 . . . -.290∗∗∗

Family income, 1996, 1000s . . . .002
Did not graduate HS . . . .126
HS graduate . . . -.032
Some college . . . .084
College graduate . . . .137
Obs. 2347 2347 2347 2347
Child is Enrolled in Medicaid

Eligibility IV 1.289∗∗∗ 1.196∗∗∗ 1.277∗∗∗ .688
Median income, 1000s -.039∗∗ -.028 -.024 .022
Minimum wage -.069 .072 .088 .074
Percent white -7.676∗∗∗ -2.516 -2.334 .890
Percent black -4.955∗ -2.397 -2.213 1.233
Percent Hispanic -6.955∗∗∗ -2.629 -2.396 -.024
Percent poor -.061∗∗ -.002 .005 .048
Prcnt no HS degree 6.430∗∗∗ 2.300 2.367 4.426
Prcnt HS degree 4.501∗ 4.688∗ 5.150∗ 5.680
Prcnt some college 2.988 4.233 4.563 6.922∗

Prcnt college degree 2.165 2.802 2.862 5.677
White . -.543∗∗∗ -.526∗∗∗ -.327∗

African American . .626∗∗∗ .617∗∗∗ .281
Child is male . -.102∗ -.104∗ -.108
Child’s health is at least very good . . -.290∗∗∗ -.167
Primary care giver is older than 40 . . . .108
Family income, 1996, 1000s . . . -.037∗∗∗

Did not graduate HS . . . .890∗∗∗

HS graduate . . . .574∗∗

Some college . . . .407
College graduate . . . -.147
Obs. 2347 2347 2347 2347
Rho -0.994* -0.995** -0.990*** -0.168

Controls for state characteristics are included.
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Table 2.21: Medicaid and Emotional Problems: Full Sample Bivariate Pro-
bit

[1] [2] [3] [4]

Child Has Been Diagnosed with an Emotional Disorder

Child is enrolled in Medicaid -1.413∗∗∗ -1.358∗∗∗ -1.373∗∗∗ .509∗

Median income, 1000s -.025 -.011 -.006 -.006
Minimum wage -.083 -.019 -.010 -.097
Percent white -5.214∗∗ -2.583 -2.440 -5.338∗∗

Percent black -3.642∗ -2.800 -2.728 -5.627∗∗

Percent Hispanic -5.078∗∗ -3.034 -2.891 -5.339∗∗

Percent poor -.048∗ -.010 -.003 -.035
Prcnt no HS degree 1.494 -1.068 -1.237 -3.375
Prcnt HS degree -.286 -1.029 -.804 -4.362
Prcnt some college -.546 -.948 -.763 -5.667∗∗

Prcnt college degree -1.772 -2.618 -2.812 -7.191∗∗

White . -.338∗∗ -.333∗∗ .020
African American . .250 .231 -.408∗∗

Child is male . .041 .039 .167∗∗

Child’s health is at least very good . . -.336∗∗∗ -.199∗∗

Primary care giver is older than 40 . . . .359∗∗∗

Family income, 1996, 1000s . . . -.002
Did not graduate HS . . . -.420∗∗

HS graduate . . . -.178
Some college . . . -.177
College graduate . . . -.148
Obs. 2521 2521 2521 2521
Child is Enrolled in Medicaid

Eligibility IV 1.432∗∗∗ 1.770∗∗∗ 1.796∗∗∗ .312
Median income, 1000s -.028 -.029 -.024 .036
Minimum wage -.012 .090 .101 .107
Percent white -5.953∗∗ -1.070 -.950 2.794
Percent black -3.097 -.949 -.905 3.006
Percent Hispanic -4.906∗ -1.118 -1.012 1.676
Percent poor -.047∗ .001 .010 .065∗

Prcnt no HS degree 6.041∗∗∗ 2.034 1.784 4.925∗

Prcnt HS degree 5.143∗∗ 3.476 3.709 6.165∗

Prcnt some college 3.027 2.874 3.092 7.901∗∗

Prcnt college degree 1.236 1.489 1.259 6.197
White . -.574∗∗∗ -.566∗∗∗ -.332∗

African American . .579∗∗∗ .564∗∗∗ .324∗

Child is male . -.098∗ -.101∗ -.094
Child’s health is at least very good . . -.368∗∗∗ -.194∗∗

Primary care giver is older than 40 . . . .045
Family income, 1996, 1000s . . . -.037∗∗∗

Did not graduate HS . . . .786∗∗∗

HS graduate . . . .525∗∗

Some college . . . .345
College graduate . . . -.197
Obs. 2521 2521 2521 2521
Rho 0.998*** 0.960*** 0.960*** -0.199

Controls for state characteristics are included.
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Table 2.22: Medicaid and Child Health: Full Sample Bivariate Probit

[1] [2] [3]

Child is in Poor Health

Child is enrolled in Medicaid .046 -.804∗∗ -.019
Median income, 1000s -.064∗∗∗ -.049∗∗ -.051∗∗∗

Minimum wage -.177∗∗ -.084 -.129∗

Percent white -3.286 -1.079 -1.187
Percent black -1.898 -.751 -.779
Percent Hispanic -2.956 -1.411 -1.253
Percent poor -.106∗∗∗ -.061∗∗ -.082∗∗∗

Prcnt no HS degree 1.313 .932 1.054
Prcnt HS degree -3.780 -2.138 -3.314
Prcnt some college -3.354 -.978 -2.499
Prcnt college degree -.106 .467 1.992
White . -.299∗ -.095
African American . .426∗∗∗ .180
Child is male . .008 .052
Primary care giver is older than 40 . . -.113
Family income, 1996, 1000s . . -.003∗∗

Did not graduate HS . . .459∗∗

HS graduate . . .262∗

Some college . . -.038
College graduate . . .182
Obs. 2522 2522 2522
Child is Enrolled in Medicaid

Eligibility IV .588 .637∗ .492
Median income, 1000s -.028 -.010 .029
Minimum wage -.030 .105 .091
Percent white -5.072∗∗ .288 2.684
Percent black -2.219 .315 2.924
Percent Hispanic -4.456∗ -.346 1.593
Percent poor -.047 .022 .055
Prcnt no HS degree 5.405∗∗ 2.168 4.876∗

Prcnt HS degree 3.695 3.536 5.655
Prcnt some college 3.355 4.633 7.568∗∗

Prcnt college degree .848 1.722 6.245
White . -.564∗∗∗ -.344∗

African American . .625∗∗∗ .327∗

Child is male . -.100∗ -.092
Primary care giver is older than 40 . . .055
Family income, 1996, 1000s . . -.037∗∗∗

Did not graduate HS . . .834∗∗∗

HS graduate . . .554∗∗

Some college . . .357
College graduate . . -.172
Obs. 2522 2522 2522
Rho 0.223 0.672** 0.126

Controls for state characteristics are included.
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Chapter 3

Health, Human Capital and

Domestic Violence

This chapter is joint work with Nicholas W. Papageorge, Mardge

Cohen, Tracey Wilson, Barton H. Hamilton, and Robert A. Pollak.

3.1 Introduction

Domestic violence is tragic, rampant and costly. In the U.S., there are

about 4.5 million instances of domestic abuse each year, and about 22% of

women will be physically assaulted by an intimate partner at least once in their

lives (?). The annual cost—including direct medical expenditures and losses to

productivity—is estimated at $5.8 billion.1

By counting productivity losses along with direct healthcare costs, these

expenditures highlight two important relationships. The first is the well-established

relationship between domestic violence and poor labor market outcomes. This

relationship reflects how several factors, such as low education or drug abuse,

1Further costs accrue through spillover effects in classrooms (?), intergenerational persis-
tence (?), emotional duress and compromised quality of life. The above estimate also does
not include costs to the justice system or social services and so annual expenditures probably
amount to a gross under-estimation of the true economic costs of domestic violence.
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can increase the likelihood of violence and simultaneously discourage success-

ful employment. It also reflects causality in both directions. Abuse can deter

human capital accumulation or undermine a woman’s success at work. In the

other direction, women with few resources, poor labor market prospects or low

earnings have fewer options outside of violent partnerships (???). Less under-

stood is the relationship between health and domestic violence. Poor health and

chronic illness have been shown to be associated with abuse, reflecting how un-

derlying factors (e.g., lack of education and drug abuse) contribute to both (?).

Mechanically, this relationship is also causal, at least in one direction: violence,

by its nature, damages health.

Scant attention has been paid to causality in the opposite direction. In

other words, we know virtually nothing about the impact of positive shocks to

health and lifespan on a woman’s likelihood of suffering abuse. This gap in our

knowledge is at odds with two key ideas in economics: that health is a form of

human capital, properly viewed as a resource (??) and that limited resources

are causally linked to domestic violence.

This study is the first to establish a causal link between medical innova-

tion and domestic violence. Among a group of low-income and chronically ill

women, we find that a breakthrough medical innovation led to reductions in

domestic violence of roughly 10%. We find that the same breakthrough also

led to decreases in illicit drug use of about 15% and increases in employment of

about 10%. To establish a causal relationship, we exploit differences in health

trajectories (objectively measured using blood tests) prior to the introduction

of the new medical technology. After presenting these empirical results, we go

on to provide a theoretical framework to link them. We argue that theory and

data provide support for the following mechanism. An unanticipated medical

innovation functioned like a positive health shock, improving health and in-

creasing expected lifespan. This spurred women to make investments in their

own health human capital. One such investment was to refrain from using illegal

drugs, such as crack cocaine and heroin. Lower drug use promoted employment,

which improved women’s options outside of violent partnerships.

To identify the causal impact of medical innovation on violence, drug use
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and employment, we examine a sample of HIV-infected (henceforth: HIV+)

women both before and after the introduction of a medical innovation known as

HAART, which treats HIV.2 The sample is from a longitudinal study providing

rich information on objective health measures, domestic violence, illicit drug use

(like crack cocaine and heroin) along with labor market outcomes. Our treat-

ment group consists of HIV+ women who were just falling ill prior to HAART

introduction. The use of blood samples collected by medical professionals from

women in the study allows for sharp, credible identification of the group most

affected by the advent of HAART. We compare pre- versus post-HAART behav-

ior changes among the treatment group to the responses of two control groups.

Our first control group consists of HIV+ women who were relatively healthy

before the introduction of HAART. The second control group is a subsample of

socio-demographically similar women who are not infected with HIV (hereafter:

HIV−). Identification of a causal effect relies on pre-HAART trends in out-

comes being the same across our treatment and control groups and we perform

several checks to show that this is the case.

We argue that the treatment group was more immediately affected by

HAART introduction in comparison to the two control groups and that any

changes to behavior or outcomes exhibited by the treatment group following

HAART introduction should be stronger. Notice, a crucial component of our

analysis is therefore our use of micro-level, longitudinal data that measure the

progression of each woman’s health prior to the introduction of HAART. Pre-

vious work supports the idea that the impact of an intervention on outcomes

like violence can change dramatically depending on pre-treatment characteris-

tics. For example, studying the effect of cash transfers on violence, ? finds that

wealth and behavior measured prior to the intervention effectively determine

whether transfers reduce violence.3

2HAART stands for highly active anti-retroviral treatment. There is no vaccine or cure for
HIV or AIDS, but HAART is the current standard treatment. In general, 1996 is marked as
the year when two crucial clinical guidelines that comprise HAART came to be commonly ac-
knowledged. First, protease inhibitors (made widely available towards the end of 1995) would
be an effective HIV treatment. Second, several anti-retroviral drugs taken simultaneously
could indefinitely delay the onset of AIDS.

3More generally, ? predict that employment will affect violence in a way that depends
heterogeneously and non-monotonically on a woman’s marginal earnings.
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Two key features of HIV and the AIDS epidemic make it a natural setting

to study how poor health interacts with socially relevant decisions and out-

comes such as domestic violence, employment and illicit drug use. First, the

introduction of HAART was unanticipated, providing a quasi-experimental set-

ting that allows us to identify a causal effect of health improvements. Second,

the debilitating effects of untreated HIV-infection coupled with the effectiveness

of HAART permit sharp identification of health-induced shifts in behavior and

outcomes. Untreated, HIV leads to immune system deterioration (known as

AIDS) where fairly routine infections cause grave symptoms, illness and death.4

HAART effectively transformed HIV-infection from a virtual death sentence

into a manageable, chronic condition, reducing mortality rates by over 80%

within two years of its introduction (?).

Our focus on low-income, HIV+ women does not mean that our results

cannot be generalized. Domestic violence, drug use and unemployment are not

limited to women who are HIV+. Additionally, HIV is similar to many other

chronic conditions (e.g: diabetes) in that it is harmful or deadly when untreated,

but manageable when treated. Further, chronic illness is not only a widespread

phenomenon, but one that is associated with poverty.5 Therefore, our focus on

low-income, HIV+ women helps us to understand how chronically ill women

with limited resources respond to and benefit from a medical breakthrough.

Having established that HAART introduction substantially reduced vio-

lence and illicit drug use and considerably raised employment, we go on to the

theoretical links among these empirical findings. The impact of HAART on

employment and illicit drug use is key to understanding how a medical innova-

tion can reduce violence. The key insights are that a new medical technology

reduced violence by inducing women to invest in their human capital and that

one such investment was a reduction in illicit drug use.

That increases in expected lifespan induce investments in human capital

4Without treatment, a newly infected HIV+ individual lives an average of 11 years.
5According to the Centers for Disease Control and Prevention, nearly 50%

of adults in the U.S. suffer from a chronic condition, about one quarter of
whom experience significant limitations in daily activities. For this point, see
http://www.cdc.gov/chronicdisease/resources/publications/aag/chronic.htm. For research
linking chronic illness to poverty, see ? and ?.
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is a basic result of human capital theory with broad empirical support (???).

That lower illicit drug use can be viewed as such an investment is perhaps

less obvious, though it is rooted in the idea of rational addiction (?). It is

also supported by clinical evidence showing that illicit drug use is responsive

to shifts in incentives (?). Finally, it is consistent with the idea, discussed in

sociology, of desisting, which posits that individuals choose to avoid (or desist

from) risky behaviors like drug use after important life events, such as having

children, that give them more to live for (?). In other words, we argue that

HAART incentivized desisting from illicit drug use by endowing women with

longer and healthier lives.

In further support of the view that desisting from illicit drug use is properly

interpreted as an investment, we exploit differences in the the direct, short-term

pharmacological impacts of illicit drugs on violence to develop a falsification test.

First, we show evidence that the direct effect of crack cocaine among women

in our sample is to increase violence, whereas the direct effect of heroin is to

reduce violence. These patterns are in line with clinical research on the short-run

effects of illicit drugs on intimate partner violence.6 These patterns also imply

that, if we limited attention to the immediate pharmacological effects of illicit

drugs on violence, we should expect declines in crack use to reduce violence, but

declines in heroin use to increase violence.7 Instead, we show that post-HAART

declines in heroin use in our sample are accompanied by declines in violence.

This motivates us look beyond immediate effects, to uncover possible indirect

effects of lower illicit drug use on violence.

As a potential mechanism, we highlight the fact that lower drug use also

leads to better labor market prospects, which also improves women’s options

outside of violent relationships. This mechanism is consistent with our finding

that HAART introduction led to higher employment. Moreover, among women

in our sample, we show that lower illicit drug use predicts higher employment.

6Indeed, crack cocaine induces spikes in brain chemicals associated with aggression, such
as norepinephrine, whereas heroin has a pacifying and sedating effect. See ? or ? on
pharmacologically-induced violence. For the effects of heroin, see, in particular, ?.

7An underlying and important assumption in relating illicit drug use to domestic violence is
that intimate partners are likely to use the same drugs. This assumption has broad empirical
support from a variety of fields. See, for example, ? for a review of this literature.
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It is also consistent with a substantial amount of research showing that women

with better labor outcomes are less likely to face abuse (???).8 Another po-

tential effect of illicit drug use is to improve physical and mental health, and

previous research shows that these improvements could help to explain declines

in violence. ? review a large body of research showing that women with better

mental health are less likely to be abused.

We also observe a link between better employment prospects and lower

violence by showing that women in our sample are less likely to be abused in

periods when they are employed.9 This empirical finding is only suggestive

of a causal relationship since we cannot rule out that it is driven by selection

on time-varying unobservables. However, the negative relationship between

employment and violence that holds among women in our sample is consistent

with well-established empirical evidence showing that women with access to

more resources (e.g., through better employment or higher income) have more

options outside of abusive relationships and are therefore better-equipped to

leave violent partners.

Since human capital accumulation can help to explain why medical innova-

tion reduces violence, these reductions could last longer than reductions arising

from more palliative policies. The reason is that accumulated human capital

depreciates slowly compared to short-turn policies, such as one-shot cash trans-

fers. Often, short term interventions are meant to transfer resources to women

who are in dangerous situations. We do not dispute the need to provide emer-

gency resources to women in the short term. However, many abused women

with few resources return to violent situations. Therefore, an intervention that

induces women to invest in their own human capital, such as access to new med-

ical technology, merits further attention as it suggests the possibility of more

8It would be difficult to claim that we identify the sole possible mechanism linking our
findings. However, we are able to rule out a substantial number of alternative links between
medical innovation and lower rates of violence. One possibility, which we rule out, is that lower
violence is due to increased contact with the medical community once HAART is introduced.
Another possibility that we also rule out is that the salient group is less likely to be depressed.
These results are shown in Appendix ??.

9? use the same data set and show that low-income and minority women are more likely
to be abused than other groups.

112



durable solutions to a costly social ill.

The rest of the paper is organized as follows: Section 1.4 introduces the

data from the Women’s Interagency HIV Study. In Section ??, we discuss our

empirical framework and main results on the effect of HAART. In Section ??,

we provide a conceptual framework and suggestive evidence linking the effects

of HAART. Section ?? concludes.

3.2 Data

We employ a unique data set from the Women’s Interagency HIV Study

(WIHS). The study was initiated to investigate the impact of HIV on women

in the United States, and the sample was selected to include both HIV+ and

HIV− women. Participants were recruited from a variety of places, including:

HIV primary care clinics, hospital-based programs, research programs, com-

munity outreach sites, women’s support groups, drug rehabilitation programs,

HIV testing sites and referrals from enrolled participants (?). The study be-

gan in 1994, and a second cohort was added to the sample in 2001-2002. Each

woman in the sample was enrolled in one of six clinical consortia, located in:

Bronx/Manhattan, New York; Washington DC; San Francisco/Bay Area; Los

Angeles/Southern California/Hawaii; Chicago, IL; and Brooklyn, New York.

Semi-annual interviews are ongoing for both HIV+ and HIV− women. These

two groups of women were recruited similarly and were matched on demographic

and risk factors. For example, both groups of women reported having engaged

in risky behaviors, such as intravenous drug use or unprotected sex prior to

selection into the study. Women were compensated for participation with re-

muneration, gift packs, bathing and laundry facilities, meals, transportation,

and access to dental care at some sites. In addition, services such as HIV

counseling, health assessments, health education, and referral to clinical trials,

primary care and social services were provided. For more information on the
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WIHS, see ?.10

The WIHS data set is well-suited for use in assessing the causal effect of

medical innovation on domestic violence for several reasons. First, the panel

structure of the data allows us to follow women over time and control for per-

manent unobserved heterogeneity. Second, WIHS started interviewing women

in October 1994, before HAART became widely available in mid-to-late 1996.

This means we observe women before and after the unanticipated medical ad-

vance and can control for pre-treatment characteristics. Third, there was a

second cohort added in 2001-2002, after the introduction of HAART. We use

this second cohort in a series of robustness checks to assess the potential effects

of participation in the study. Simply participating in WIHS can be beneficial

to the participants, and we use the second cohort to separate the experimental

effect from the effect of medical innovation.11 Fourth, the data set includes a

rich set of behavioral, socio-demographic and health variables. Information is

elicited on employment, income, housing status, relationship and marital sta-

tus, sexual behaviors, illicit drug use, and medication use.12 Fifth, because the

10Data in this manuscript were collected by the Women’s Interagency HIV Study (WIHS).
The contents of this publication are solely the responsibility of the authors and do not repre-
sent the official views of the National Institutes of Health (NIH). WIHS (Principal Investiga-
tors): UAB-MS WIHS (Michael Saag, Mirjam-Colette Kempf, and Deborah Konkle-Parker),
U01-AI-103401; Atlanta WIHS (Ighovwerha Ofotokun and Gina Wingood), U01-AI-103408;
Bronx WIHS (Kathryn Anastos), U01-AI-035004; Brooklyn WIHS (Howard Minkoff and Deb-
orah Gustafson), U01-AI-031834; ChicagoWIHS (Mardge Cohen), U01-AI-034993; Metropoli-
tan Washington WIHS (Mary Young), U01-AI-034994; Miami WIHS (Margaret Fischl and
Lisa Metsch), U01-AI-103397; UNC WIHS (Adaora Adimora), U01-AI-103390; Connie Wofsy
Women’s HIV Study, Northern California (Ruth Greenblatt, Bradley Aouizerat, and Phyl-
lis Tien), U01-AI-034989; WIHS Data Management and Analysis Center (Stephen Gange
and Elizabeth Golub), U01-AI-042590; Southern California WIHS (Alexandra Levine and
Marek Nowicki), U01-HD-032632 (WIHS I - WIHS IV). The WIHS is funded primarily by
the National Institute of Allergy and Infectious Diseases (NIAID), with additional co-funding
from the Eunice Kennedy Shriver National Institute of Child Health and Human Develop-
ment (NICHD), the National Cancer Institute (NCI), the National Institute on Drug Abuse
(NIDA), and the National Institute on Mental Health (NIMH). Targeted supplemental fund-
ing for specific projects is also provided by the National Institute of Dental and Craniofacial
Research (NIDCR), the National Institute on Alcohol Abuse and Alcoholism (NIAAA), the
National Institute on Deafness and other Communication Disorders (NIDCD), and the NIH
Office of Research on Women’s Health. WIHS data collection is also supported by UL1-
TR000004 (UCSF CTSA) and UL1-TR000454 (Atlanta CTSA).

11Results of this robustness check are available in Appendix ??.
12Although we observe if the participants are in a relationship, we do not observe the length
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HIV− women in the study are similar on many dimensions, but not directly

affected through a health improvement by the advent of HAART, we can use

them as one of our control groups.

To quantify health, we use a common measure of immune system func-

tionality: CD4 count, defined as the number of white blood cells per mm3 of

blood. CD4 count is measured using plasma samples, which are collected by

medical professionals. This ensures that the health measure that we use is ob-

jective rather than self-reported. Counts between 500-1,500 are normal among

healthy people. For HIV+ individuals, lower counts indicate that immune de-

terioration has commenced, with counts below 200 signaling high susceptibility

to common illnesses (a condition known as AIDS). Monitoring CD4 cells allows

individuals to track their immune system health, with lower CD4 reflecting a

weaker immune system, sometimes known as immunosuppression. Guidelines

recommend starting HAART as CD4 counts decrease, especially once the CD4

count reaches 350 (??).

We focus our analysis on a group of women who were just beginning to fall

ill and experience the debilitating effects HIV-infection when HAART was made

available: those whose minimum CD4 count prior to HAART was between 300

and 399. We refer to this group as the salient group. As discussed above, the

most basic current guidelines recommend beginning HAART with CD4 count

reaches 350, and our salient group encompasses this number. We compare the

salient group to two groups of women whose health was not directly affected

by HAART but who are similar to the salient group. These groups include

HIV+ women with CD4 counts that never dipped below 400 prior to HAART

introduction and HIV− women.13 The relatively healthy HIV+ women are

similar to the salient group, but were not in danger of imminently becoming

of the relationship.
13Here, we should say that at-risk HIV− women or healthier HIV+ women might also

respond to HAART introduction. Even though they are not directly and immediately affected
by the new technology, they are affected by it in expectation. We base our use of control groups
on the idea that they are affected by the new treatment less than women who need to take
it sooner. The idea that a pharmaceutical innovation affects healthy individuals whom it
benefits in expectation has been developed in the context of HIV and risky sexual behavior
in ?.
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gravely ill at the time of HAART introduction. We also use HIV− women as a

control group. Though less obviously comparable, HIV− women in our sample

were chosen to be in the study because they are similar to the HIV+ women.

In most cases, the results for the two control groups are similar. Using HAART

introduction as the treatment, we compare how domestic violence, employment,

and drug use evolved after the introduction of HAART for the salient group

compared to the two control groups.14

Our measure of domestic violence indicates whether women reported expe-

riencing any of three forms of violence in the six months prior to their interview:

physical abuse, sexual abuse or coercion by an intimate partner or spouse.15 We

classify the woman as having experienced coercion if a partner threatened to

hurt or kill her or prevented her from leaving or entering her home, seeing

friends, making telephone calls, getting or keeping a job, continuing her educa-

tion, or seeking medical attention. Moreover, it is important to note that we do

not require that women report being in a relationship in order to report domes-

tic violence. Indeed, many women report not being in a relationship at visits

t and t + 1 and also report violence between the same two visits. This might

occur if a woman has a short-term intimate partner who abuses her. Because we

do not condition experiencing domestic violence on being in a relationship, we

bypass problems that arise if HAART affected who self-selects into a long-term

partnership such as marriage.

The subsample used for our analysis includes all women from the first

WIHS cohort who answered questions about outcomes including domestic vi-

olence, employment, and illicit drug use, as well as all of the controls that we

include.16 The first cohort of the WIHS data set includes 2,623 women who

participated in the study for up to 33 visits. This amounts to 63,223 person

14An obvious alternative treatment group would be HIV+ women with CD4 counts below
300, including women with AIDS. For a number of reasons, women who have exhibited AIDS-
level CD4 counts prior to HAART are not a good treatment group. One key reason is that at
very low CD4 counts, health improvements are correlated with lower rates of violence since
some women are effectively too sick to be abused. We return to this discussion when we
describe identification in Section ??.

15In Appendix ??, we show that results are robust when we look at each type of domestic
violence separately.

16See Section ??.
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visits. Once we trim the observations to include only those without missing in-

formation on key variables, we are left with 1,320 women and a total of 17,921

person visits. About one-third of this attrition comes from the fact that starting

at visit 11, study participants were only asked about domestic violence in every

other interview. When we trim observations that are missing information about

domestic violence, exact date of visit, or CD4 count before HAART, we are left

with 18,259 person visits.17 The remaining observations are dropped because

they are missing information about our other controls. Although we use an un-

balanced panel, 77% of our sample stayed in the study for all 33 visits.18 These

33 visits occurred between October, 1994 and April of 2010.

Summary statistics for the subsample used for our main analysis and for

the salient group, two controls groups, as well as low CD4 count women are

presented in Table ??. Looking at the whole sample (Column 1), women in our

sample are not highly educated, live in low-income households, are not likely

to be employed, are largely minorities, and are more likely to be unmarried in

comparison to the average American woman at a comparable age. About 65%

of women in our sample are African American. Further, 65% graduated high

school, which is lower than the national average of about 80% for females from

all races and 71% for female African Americans (?). Before the introduction of

HAART, 47% of our sample lived in households with maximum yearly incomes

below $12,000, 39% were employed before the introduction of HAART and 29%

were married. Clearly, the sample used in our analysis is not nationally repre-

sentative. Nevertheless, it is appropriate and well-suited to studying domestic

violence. Low income, under-employed and non-white women are more likely to

experience domestic violence during their lifetime than the average American

woman.
17When we impute missing variables, our results change very little. Thus, we choose to

simply drop observations that are missing information.
18We include in our sample all women who are not missing information, regardless if they

die during the study. In a conservative robustness check, we re-run our analyses excluding all
women who die during the study and find that our results do not change for most specifica-
tions. These results are available in Appendix ??. Given these results, we do not believe that
survival bias is driving our main empirical results. Excluding women who die is effectively
non-randomly removing individuals from our sample, i.e., we may be removing women who
are more likely to suffer domestic violence.
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Turning to violence, in Column 1 we see that 6% of the analysis sam-

ple reported experiencing sexual abuse between one year prior to the start of

the survey (1994) and the introduction of HAART (1996). During this same

period, women experienced physical abuse, coercion, and domestic violence at

much higher rates: 16% 26%, and 29% respectively. The rates of domestic vi-

olence for our comparison groups are shown in Columns 2-5: women with low

CD4 counts, the salient group, women with high CD4, and HIV− women respec-

tively. Although rates of domestic violence are similar across our comparison

groups, HIV+ women with high CD4 counts prior to HAART and HIV− women

experienced more domestic violence than our salient group. In particular, 27%

of the salient group experienced domestic violence before the introduction of

HAART, while 33% of the high CD4 count women, and 37% of the HIV−
women did. It should be noted that both the high CD4 count women and the

HIV− women were more likely to suffer sexual abuse, physical abuse, and co-

ercion than our salient subsample. However, the mean differences in outcomes

between the groups does not threaten the validity of differences-in-differences

as long as the trends in domestic violence and other outcomes are similar.

Comparing other outcomes, we find that the salient group is similar in

terms of illicit drug use to our control groups. Prior to the introduction of

HAART, 28% of the salient group had used stimulants (defined as crack or

cocaine), while 30% of the high CD4 count women and 36% of the HIV− women

had. The higher rate of stimulant use by HIV− women is mainly driven by

cocaine use rather than crack. Heroin use prior to HAART was very similar for

the three groups: 18% for the salient group, 16% for the high CD4 count women,

and 17% for HIV− women. Although drug use was similar prior to HAART,

employment was less so. 38% of the salient group reported being employed at

any point before HAART was introduced, while 44% of the high CD4 count

women and 56% of the HIV− women did. Again, we are more interested in

trends of each of these outcomes prior to the introduction of HAART, and we

explore this in greater depth in Section ??.
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Finally, much of our analysis considers African American women sepa-

rately. Nationally, this group of women is more likely to report domestic vi-

olence. Table ?? presents summary statistics broken down by race. African

American women also suffer domestic violence at higher rates than the white

women in our sample: 30% of African American women reported experiencing

domestic violence, compared to just 23% of white women. Further, the African

American women in our sample have, on average, less education than the white

women. They also come from less well-off households: 49% had maximal pre-

HAART incomes below $12,000 compared to 25% of white women. It should be

noted that identifying as African American is not a risk factor for experiencing

domestic violence in and of itself. Rather, we think of identifying as African

American as a marker for a constellation of social determinants that increase

risk for domestic violence.

3.3 Empirical Approach and Main Results

We consider three main outcomes: domestic violence, employment, and

illicit drug use. Our first aim is to compute how a marginal change in health

(H) affects each outcome. For exposition, we consider the propensity to suffer

domestic violence (V ). We aim to estimate:

dV

dH
. (3.1)

Isolating this relationship using observational data is beset with problems since

health is endogenous. Not only is health likely to be driven by omitted factors

that simultaneously affect violence, but it may also reflect previous abuse. To

overcome these problems, our empirical approach leverages variation in health

status at the time of HAART introduction along with the fact that HAART

was an unanticipated innovation.

The passage of time from the pre- to the post-HAART era affects our

outcomes (domestic violence, employment, and illicit drug use) through the

impact of HAART availability on health (H) both directly and indirectly. For
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violence, this can be written as follows:

∆V g =

[

∆Hg × ∂V

∂H

g]

+

[

∆Xg × ∂V

∂X

g]

(3.2)

where ∆ is the change in a variable from the pre-HAART to the post-HAART

eras and g indexes groups distinguished by pre-HAART health status. The

first expression on the right-hand-side of equation (??) is the effect of HAART

introduction on health (the health shock) multiplied by the effect of health

on violence. The second expression captures other avenues through which the

passage of time between the pre- and post-HAART eras affected violence, in-

cluding secular trends and omitted factors (together denoted X). To calculate

the causal effect of HAART, we compute differences-in-differences, relying on

variation in how women respond to exogenous shifts in medical technology de-

pending on their health status at the time of the innovation. To be clear, ∆V g

does not show mechanisms that might be driving the change in violence, but

instead highlights how we establish causality. We present a model in Section

1.3 to unpack some mechanisms that are consistent with our findings.

As discussed in Section 1.4, we compare women who were strongly affected

by the introduction of HAART, the salient group, to women who are similar,

but who are less immediately affected by HAART: HIV− women and HIV+

women whose minimum CD4 count prior to the introduction of HAART was

greater than or equal to 400. In this context, ∆Hg = 0 for the two control

groups, while ∆X × ∂V
∂X

is nearly the same for the salient group and the control

groups. Using HAART introduction as the treatment, we compare ∆V g for

the groups. This design effectively treats CD4 dipping below 400 just prior to

HAART introduction (and thus being in the salient group) as independent of

domestic violence, employment, and drug use.

An alternative and obvious treatment group would be HIV+ women who

exhibited very low level CD4 counts prior to HAART introduction (below 300).

Although HAART implied a large immediate benefit to them, these women are

not an appropriate treatment group. There is evidence of a non-monotonic

relationship between health and violence at very low CD4 counts. To see this,

120



consider Table ??, where we focus on women with CD4 counts below 300 prior

to HAART. Among these women, we compare those whose CD4 count drops

below 200 (AIDS-level CD4) versus those whose counts remain above 200. We

see that women whose CD4 counts fall below 200 are much more likely to report

abuse at least once. Nonetheless, women whose CD4 counts fall below 200 also

exhibit strong heterogeneity across time in their reports of abuse. In Table ??,

we focus on women whose counts are observed below 200 at least once. We

see that they are less likely to report abuse in periods where their counts are

actually below 200. In other words, although women who exhibit AIDS-level

CD4 counts at least once are more likely to report abuse in general, they are

less likely to do so during the actual periods when they exhibit AIDS-level CD4.

This could mean that their illness has become so acute that they are effectively

too sick to be abused. Given these patterns, all of which threaten the validity

of comparing low-CD4 count women to healthier women, our analysis does not

use low-CD4 count women as a treatment group.19

Identification using the differences-in-differences approach relies on the as-

sumption that the path of the outcome variables for the salient group of HIV+

women and the control groups would not be systematically different in the ab-

sence HAART introduction. Specifically, this means that the introduction of

HAART should be the only factor that drove the salient group to experience

a change in the outcome variable, for example, a relative reduction in domes-

tic violence. To confirm this, we first argue that HAART was an unexpected

medical breakthrough. Second, we study pre-HAART trends in our outcome

variables and show that they are not different for the salient group and our con-

trol groups. We do this by plotting pre-HAART trends for the outcomes and

then by performing four formal statistical tests using only pre-HAART data.

The validity of our research design relies on HAART being an unantici-

pated innovation. For evidence of this, we turn to questions used to compute

the CES-D scale score, which is used to asses whether women are likely to be

depressed. One question asks women whether they were hopeful about the fu-

ture in the week leading up to their interview. Figure ?? depicts the probability

19Nonetheless, we do use this group in various robustness tests. See Appendix ??.
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that women in the sample answered “most or all of the time” broken down by

HIV status. There are two reasons that this figure suggests that HAART was

not anticipated. First, HIV+ women experienced a jump in hopefulness right at

the introduction of HAART. Before this, the percentage of HIV+ women who

reported being hopeful was relatively flat. If they had anticipated HAART,

they might have reported more hopefulness earlier. Second, HIV− women did

not experience such a jump. If some other factor drove the increase in hope-

fulness, then this would be reflected by a jump in the hopefulness of HIV−
women.20 The figure therefore supports the idea that HIV− women, though

they conceivably benefit from HAART in expectation, are less affected by the

breakthrough.

Next, we discuss pre-HAART trends among our treatment and control

groups. Figures ?? - ?? show the pre-HAART trends in outcomes for the salient

group and two control groups. Comparison of the pre-HAART trends in do-

mestic violence (Figure ??) shows that the salient group and two control groups

were very similar prior to the introduction of HAART. At first glance, it might

appear that the trends in employment were not the same for the salient group

compared to the two control groups in the full sample (Figure ??). However, in

general, they are quite similar—decreasing until the third visit and then sharply

increasing at the fourth. Employment trends for the salient group and HIV−
women for African Americans are very similar. High CD4 count women follow

the same general trend of decreasing and then increasing employment rates.

Turning to illicit drug use, we see that the trends in both stimulant use (Figure

??) and heroin use (Figure ??) are very similar for the salient group and HIV+

high CD4 count women, both in the full sample and restricted African American

subsample.

To formally test that the pre-HAART trends are the same for the salient

group and our two control groups, we perform four tests. First, we construct a

placebo variable that is equal to 1 in the second half of the pre-HAART visits.

Because this is a placebo intervention, the coefficient on the interaction between

the placebo and the salient group should be equal to zero in all cases. In our

20See ? for use of CES-D scale score data in the context of an HIV study.
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second test, we evaluate the hypothesis that the effect of the number of days

until the introduction of HAART on the outcome was different for the salient

group than it was for the control groups. If the trends in outcomes are the

same, we should not see a difference between the salient and control groups.

The third test is similar to the second one, but instead of days until HAART,

we consider the number of visits until HAART. The fourth test is also similar

to the second, but uses a dummy variable for each pre-HAART visit interacted

with a dummy for the salient group.21

The results from the four tests described above are encouraging. Almost all

of these tests pass for each of the outcomes. Table ?? shows summary results

tests of validity of differences-in-differences. For each outcome, we perform

the test comparing the salient group to both control groups for both the full

sample and the subsample of African Americans. When considering domestic

violence as an outcome, only the fourth test fails for the HIV− African American

subsample. Employment, stimulant use, and heroin use do not fail any test. The

weakest test is the fourth one, which shows differences in means for the three

groups as opposed to trends. Although not every outcome passes every test,

taken together, the four tests and graphs show that there is no obvious difference

in the pre-HAART trends of domestic violence, employment, stimulant use, or

heroin use.

Finally, we note that one additional concern might be that another shift

(e.g., a government program or policy change) had an impact on the salient

group, but not on the comparison groups (or vise-versa). An obvious candi-

date is the Personal Responsibility and Work Opportunity Reconciliation Act

(PRWORA), which reformed welfare and was signed into law in August of 1996,

right at the same time HAART was introduced. However, given that the com-

parison groups are similar among socio-demographic characteristics, including

income and education, it is unlikely that welfare reform affected the control

group differently than the salient group.22

21Results from these tests are available in Appendix ??.
22Unfortunately, we cannot test this assumption more directly since our data only contain

information about welfare participation after the introduction of HAART.
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3.3.1 The Effect of HAART on Domestic Violence

In this section, we show the direct effects of the introduction of HAART on

domestic violence. We first show that the salient group experienced a reduction

in domestic violence compared to the two control groups. This is especially true

for African Americans. We use a differences-in-differences approach to compare

the salient group to the two control groups. We estimate probit models where

the dependent variable is an indicator of whether a woman experienced domestic

violence since her last visit, using the following specification:

Vit+1 = Xitβ +HAARTtα + Salientiδ +HAARTt × Salientiγ + εit (3.3)

where Vit+1 indicates if the woman experienced domestic violence at time t +

1. Xit is a vector of individual i’s characteristics at time t, HAARTt is an

indicator variable for HAART being available in period t, and Salienti is a

dummy variable indicating if the woman is in the salient group. Xit includes

basic controls: age, age squared, and age cubed at visit, as well as indicator

variables for race and site of study. Additionally, in some specifications we

control for whether or not the woman experienced domestic violence prior to

the introduction of HAART.23 The coefficient of interest is γ, which indicates if

the salient group responded differently to the introduction of HAART than the

comparison groups.

Results are presented in Table ??. The table has two panels, one for

each control group. We present results from four different specifications for

both our main sample and the subsample consisting of only African American

women. Column 1 includes only an indicator variable for HAART availability

and being in the salient group; it does not include the interaction. Column

2 includes the interaction, but no other controls. In Column 3 we add the

basic controls described above, and in Column 4 we add whether or not the

woman experienced domestic violence prior to the introduction of HAART.

Our preferred specification is found in the third column.

23Although we could also control for other demographic and behavioral controls, such as
relationship status, income, and drug use, we acknowledge that these might also change with
the introduction of HAART and so we leave them out of our specifications.
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It is important to note that the Table ?? shows probit coefficients and

not marginal effects. In a separate table, we show the marginal effects for the

interaction coefficient, γ. We follow ? and ? and report the average marginal

effect and average z score for the interaction coefficient. Marginal effects are

presented in Table ??. Additionally, in Table ?? we show the marginal results

for the subsample of women who ever experienced domestic violence. Although

this is clearly a non-randomly selected group, it is the group most likely to be

affected by a medical breakthrough that decreases the likelihood of suffering

violence. We find that the decrease in violence is particularly strong for these

women.

First, we compare the salient group to the high CD4 count HIV+ women.

In all specifications, HAART availability is associated with a decline in domestic

violence, as shown in the first row of the each panel of Table ??. This is because

there were secular declines in domestic violence during this time period (?).

The first panel of Table ?? shows that the salient group experienced a decline

in domestic violence that the high CD4 count women did not. Table ?? shows

that this amounts to a decline in domestic violence of 1.4-2.3 percentage points.

Although at first glance this effect appears small, it is important to note that

this is equivalent to a 5-9% reduction in domestic violence. When we consider

the marginal effect for a subsample of women who ever experienced domestic

violence, we find that the introduction of HAART caused between a 1.4 and 4.1

percentage point drop in domestic violence compared to the HIV+ high CD4

count women (Panel A.1 of Table ??). When we restrict the sample to African

Americans, our results are larger and more precisely estimated. We find that

they experienced a decline in domestic violence compared to the high CD4 count

women 2.7-3.8 percentage points, or 9-13%. For African American women who

ever experienced domestic violence, we find a decline in domestic violence for

the salient group of between 2.7 and 6.5 percentage points.

In assessing the magnitude of these declines, it is difficult to find direct

comparisons since our study is novel in linking medical innovation and do-

mestic violence. Instead, we compare our findings to research on how policy

interventions, shifts to women’s resources or other natural experiments affect
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violence. Studies assessing the impact of legislation on violence have found that

abuse rates are stubbornly persistent despite new laws. ? finds that Sunday

liquor laws have no effect on reported domestic violence, while ? reports that

mandatory domestic violence arrest laws actually lead to an increase in intimate

partner homicides. More closely related to our study are changes to women’s

earnings, both absolutely and relative to men’s. A key example is ?, who shows

reductions in violence of about 9% that is explained by a 20-year decline in the

male-to-female wage gap.

Alternatively, one can look at experimentally assigned conditional cash

transfers. Among poor Mexican women, ? shows relatively modest declines,

some of which can be explained by lower alcohol usage among transfer recipi-

ents. In a recent paper, ? show that combat veterans are between three and

six percentage points more likely to be violent than veterans who were not as-

signed to combat zones. On the high end in terms of the magnitude of causal

effects, ? report that recipiency of a conditional cash transfer targeting women

is associated with a decrease in domestic violence of about 40%. The authors

consider Oportunidades, a conditional cash transfer available to poor families

with children in Mexico. Conditional on enrollment and performance in school,

families with children in grades 3-9 received between 70 and 255 pesos per

month, depending on the age and gender of the child. There was also a nutri-

tion and health component of the program worth 12 pesos per month. These

transfers were substantial and amounted to about 10% of the average expen-

ditures of families. We should note that our results are somewhat difficult to

compare since they also find an increase in intimidation and threats, which may

be evidence of substitution among different forms of abuse. In contrast, we

find decreases in all forms of spousal abuse, including physical violence, sexual

violence and intimidation.

Next, we compare the salient group to HIV− women. Table ?? shows that

there is no difference in domestic violence incidents between the salient group

and HIV− women. The coefficient γ is negative in most of our specifications, but

we estimate large standard errors. In the second panel of Table ??, we restrict

our sample to African American women and compare the salient group to HIV−
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women. Compared to HIV− women, the salient group experienced a reduction

in the probability of reporting domestic violence of 2.6-4.0 percentage points.

Again, this is not a trivial amount; it amounts to a reduction in violence of 9-

13%. When we only consider African Americans who ever experienced domestic

violence, we find a larger reduction—between 2.6 and 6.9 percentage points.24

We also use limited data on the type of partnerships that women report

in each period to assess whether decreases in violence occur because women

leave partnerships or because they stay with partners who abuse them less.

Unfortunately, the data we use do not allow us to rule out either story. For

this reason, we have not explicitly relied on a bargaining framework versus one

where women simply leave partners when their outside options improve. With

that caveat in mind, we ask whether women who report declines in abuse also

tend to report changes to partner status, e.g., transitioning from partnered or

married to single. We show that women who experienced domestic violence at

time t were less likely to stay in a relationship after the introduction of HAART

than they were prior to its introduction. This suggests that at least some of

the reductions in violence we see occurred since women left violent partnerships

rather than bargaining for less abuse within the same partnership.25

3.3.2 Employment and Labor Market Outcomes

In this section, we show evidence that the salient group was more likely

to be employed after HAART. We return to the differences-in-differences spec-

ification shown earlier and estimate the following model:

Lit+1 = Xitβ
L +HAARTtα

L + Salientiδ
L +HAARTt × Salientiγ

L + εLit (3.4)

where Lit+1 refers to individual i’s labor market outcome at time t+ 1. Again,

HAARTt is an indicator for HAART availability at time t and Salienti indicates

24In Appendix ??, we show that our main results are robust to different CD4 count cutoffs
for the salient group and different definitions of domestic violence. We also show that results
are not driven by “survival bias”, the effect of being in the WIHS sample or increased post-
HAART contact with the medical community.

25These results are available in Appendix ??.
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if individual i is in the salient group. We consider current employment at the

time of visit as the labor market outcome of interest. Results are presented in

Table ?? in the same format as results on domestic violence presented in Table

??. Estimates show that, for at least one comparison group, the salient group

was more likely to be employed after HAART. Table ?? shows that compared to

HIV+ high CD4 count women, the salient group was more likely to be employed,

except when we control for employment pre-HAART. African Americans in the

salient group were much more likely to be employed than African Americans in

the HIV+ high CD4 count group for all of our specifications. Marginally, this

amounts to a increase in the probability of employment for the salient group of

about 2.5-5 percentage points, or 7-13% for the full sample and 15-19% for the

African American subsample.26 However, as Table ?? shows, the salient group

was no more likely to be employed than HIV− women.

The obvious next step would be to test that women in the salient group

are less likely to live in households with low income. When we analyze living

in a household with yearly income below $6,000 per year, we find small effects

for the salient group. However, the pre-HAART trends are different for our

treatment and control groups, which indicates that differences-in-differences is

not a valid design and the coefficient of interest cannot be assigned a causal

interpretation. Therefore, we do not present these results.27

3.3.3 HAART Introduction and Illicit Drug Use

Next, we examine HAART-induced changes in risky behaviors including

use of crack and heroin, comparing changes among the salient group to HIV+

women with high CD4 counts and HIV− women. In particular, we estimate

26Marginal effects are not shown, but are available from the authors.
27We note that there are several difficulties regarding how income is measured using the

WIHS data. First, we only have information about income bins, and not the true value of
household income. Second, we only have a measure of household income, as opposed to yearly
earnings or wage rate. However, it stands to reason that women who are more likely to be
employed also have higher incomes.
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models of the following form:

Bit+1 = Xitβ
B +HAARTtα

B +Salientiδ
B +HAARTt×Salientiγ

B + εBit (3.5)

where Bit+1 refers individual i’s behavior (e.g., drug use) at time t+1.28 Similar

to our specifications in Section ?? and ??, HAARTt is an indicator for HAART

availability in time period t and Salienti indicates if individual i is in the salient

group. Xit includes the same basic controls discussed above: age, age squared,

age cubed, race and site indicators. Estimates are found in Table ??.

We find limited evidence that the salient group decreased their use of

stimulants compared to HIV+ high CD4 count women. The results for the full

sample are only statistically significant under the most basic specification with

no controls. When the sample is restricted to African Americans, although the

coefficient γB is always negative, we find that no specifications are significant.

However, the other specifications are suggestive that African Americans in the

salient group also decreased use of stimulants compared to HIV+ high CD4

count women. When we compare the salient group to HIV− women, we see

similar outcomes, but they are more precisely estimated. For the full sample,

we find that the salient group experienced decreases in the use of stimulants

between 7 and 13%. For the subsample of African Americans, the results are

larger: between 11 and 16%. As we stated earlier, stimulants are positively cor-

related with domestic violence. Since we show that domestic violence decreased

after the introduction of HAART, it is not surprising that stimulant use would

also fall.

Next, we consider heroin use. Results are presented in Table ??, which

shows that women in the salient group decreased their use of heroin compared to

the high CD4 count HIV+ women. The results are fairly robust and are always

significant at the 5% level. However, for African Americans in the salient group,

this decline is only significant in the most basic specification. This amounts to

a decrease of heroin use compared to the high CD4 HIV+ women of between

11% and 17% for the full sample and 23% for the African American subsample.

28In results shown in Appendix ??, we also show findings for the use of hard drugs as well
as heavy drinking.
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Results for HIV− women are similar: women in the salient group decreased

their use of heroin at levels that are statistically significant and equivalent to a

decrease in heroin use of 10-13%. However, the results for African Americans

are not significant unless we control for pre-HAART heroin use. The reduction

in heroin use is particularly important. As we show in Section 1.3 it provides

evidence that investments in human capital via lower drug use can reduce vio-

lence even though the direct effect of lower heroin use could potentially increase

violence.

3.4 Health, Human Capital and Domestic Vi-

olence

In the previous section, we showed three effects of medical innovation on

socioeconomic outcomes. Exploiting differences in women’s health trajectories

prior to the introduction of a life-saving medication, we found that HAART

led to decreases in domestic violence, reductions in the use of illicit drugs and

increases in employment. In this section, we offer a conceptual framework and

empirical evidence suggesting how these three findings are linked.

We argue that theory and data are consistent with the following mech-

anism linking our findings. After a medical innovation that brought better

health and longer expected lifespans, chronically ill women faced higher returns

to investing in themselves. In response to this shift in incentives, they desisted

from using illicit drugs. One potential effect of lower drug use is that it im-

proves women’s mental health, which could lower violence. Previous research

has shown that better mental health is linked to lower rates of violence (see ? for

a review of this literature). However, when we tested this mechanism, we found

no evidence that mental health was driving hte reduction in domestic violence.

This is shown in Appendix ??. We highlight an additional mechanism, which

has received little attention in the literature and which incorporates our findings

on employment. In particular, lower drug use improves expected outcomes on

the labor market, which also strengthened women’s options outside of violent
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partnerships.

In this section, we provide evidence in support of this mechanism. This

includes suggestive empirical evidence from our sample, findings from other

literature and results of a falsification test that exploits differences in the direct

pharmacological effects of illicit drugs on violence. In Section 1.3, we offer

a model of health, human capital accumulation and domestic violence, which

formalizes this link among our empirical findings. Implications of the model in

light of our empirical results are discussed in Section ??.

3.4.1 Linking HAART, Violence, Drug Use and Employ-

ment

In linking pharmaceutical innovation to violence, drug use and employ-

ment, we begin with the idea that positive health shocks encourage investments

in human capital. Support for this idea is both theoretical (?) and empiri-

cal (??). It hinges on the notion that higher life expectancy raises returns to

investments in labor market human capital. For example, ? show evidence

that individuals who learn through genetic testing that they will not develop

Huntington disease complete more education and job training.

Similar to ?, researchers typically think of human capital investments in

the form of education or job training. In linking our empirical results, we argue

that human capital investments may also take the form of desisting from illicit

drug use. Our focus on desisting is partly due to data limitations: we do

not observe time-varying educational attainment and therefore cannot assess

whether women went back to school or participated in training programs after

HAART was introduced. We do, however, have rich time-varying data about

illicit drug use for a group of women who report high rates of drug use relative

to national averages.29 Further, we argue that desisting as a form of human

capital investment is often overlooked, but could be an important tool available

29The WIHS sample was selected based on HIV-infection or for being at risk of infection
due to previous sexual behavior (including prostitution) and drug use. ? examine a high
within-individual correlation of several risk factors, e.g., drug use accompanied by risky sex,
among women in our sample, referring to this correlation as a continuum of risk.
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to poor women that merits further exploration. For example, desisting may also

be of particular importance to the poor if low-wage jobs are likely to require

drug tests.30

In support of the view that lower drug use following HAART is properly

viewed as an investment in human capital, we show three things. First, we

discuss evidence from outside of our sample that illicit drug use is responsive

to incentives. Second, we show that, among women in our sample, desisting is

linked to better labor market prospects. Finally, we exploit differences in the

direct pharmacological effects of drugs on violence to develop a falsification test

of our interpretation.

Desisting from drug use following a positive health shock is consistent

with ?, who shows that the decision to engage in risky behavior is determined

by the expected relative costs. In his case, the decision to commit crime is

a function of the likelihood of apprehension and the severity of punishment

once apprehended. In our case, a positive health shock boosts the returns to

investing in human capital, which renders illicit drug use more costly. Moreover,

evaluating drug use as a behavior that individuals choose in light of the benefits

and costs has its roots in the theory of rational addiction proposed by ?. It is

also consistent with clinical research, much of it discussed by ?, who argue quite

forcefully against the widespread perception that regular users of illicit drugs

such as crack cocaine are hopelessly addicted and therefore incapable of making

rational decisions about their drug use. For example, ? report that regular

crack smokers asked, in an experimental setting, to choose between crack and

payments to be made several weeks later (and who have no other access to the

drug until the following day) regularly opt for the delayed payment, especially

when the amount of crack they forgo is fairly small. Another example of how

illicit drug users respond to shifts in incentives is ?, who studies rapid declines

in regular heroin use among Vietnam veterans upon their return home when

30We were unable to find a study directly relating wages paid for a given position to the
likelihood that potential employees will be screened or tested for illicit drugs. However, ?
shows that drug testing legislation is positively associated with black labor market outcomes,
including employment and wages. ? show that the likelihood of drug testing and screening is
higher in firms with relatively large shares of minority employees.
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they presumably faced an upward shift to their expected lifespan.

Next, we explicitly link desisting from illicit drug use to better employ-

ment outcomes among women in our sample. In Tables ?? and ??, we show

estimates from regressions of employment on heroin and stimulant use. We

consider current and previous drug use (one and two years ago) and also con-

trol for individual fixed effects and current health (CD4 count). Results show

suggestive evidence that employment is negatively affected by both current and

past drug use. Specifically, although past drug use is an important predictor

of employment, current drug use has a stronger effect. These dynamic impacts

underscore the notion that desisting from drug use functions similarly to a long-

run investment in human capital among the low-earning women in our sample.

In other words, following the introduction of a new medical technology, these

women are incentivized to invest in their own human capital and one way they

do so is by desisting from heroin and crack cocaine use.

Finally, we exploit differences in the direct pharmacological effects of dif-

ferent drugs (stimulants such as crack cocaine versus depressants such as heroin)

to develop a falsification test. Direct effects are the immediate pharmacologi-

cal impacts of the drug on violence. Clinical research that relates drug use to

violence shows that the type of drug matters. Due to norepinephrine and no-

radrenaline spikes, cocaine induces psychosis, paranoia, psychomotor agitation,

delirium, irritability and physical aggression.31 Crack cocaine is more highly as-

sociated with aggression and violence due to rapid onset and offset of its effects

(??). However, there is virtually no evidence that heroin increases violence. In

fact, heroin is associated with decreased anxiety, “mellowness”, and can tem-

porarily inhibit violent behavior since it is pacifying and sedating (?). Further,

? shows that withdrawal symptoms from reducing heroin intake can lead to vi-

olence. Further, ? provide some evidence that drug use can reduce abuse, using

longitudinal data to show that partnerships where marijuana is used experience

less domestic violence.32

31? provide a summary of literature studying the impact of illicit drugs on violence.
32An underlying and important assumption in relating illicit drug use to domestic violence is

that intimate partners are likely to use the same drugs. This assumption has broad empirical
support from a variety of fields. See, for example, ? for a review of this literature.
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In line with this clinical research, we show evidence that, among the women

in our sample, the direct effect of crack cocaine is to increase violence, whereas

the direct effect of heroin is to reduce it. In Table ??, we present estimates

from regressions of violence on heroin use. For these regressions, we instrument

current illicit drug use using previous-period drug use to bypass simultaneity,

in particular, to eliminate the possibility that women use drugs as a coping

mechanism after experiencing violence, a possibility discussed in ?. We find

that the immediate effect of heroin use is to reduce violence and the immediate

effect of crack cocaine use is to increase it. If direct pharmacological impacts of

drug use were all that mattered, we might expect declines in crack use following

a medical innovation to be accompanied by declines in violence. However, we

might also expect declines in heroin use to be accompanied by increases in

violence. We do find that pre-HAART heroin users experienced a smaller decline

in violence than pre-HAART stimulant or cocaine users. In Table ??, we plot

mean effects for different groups according to pre-HAART drug use. This is

consistent with the idea that desisting from heroin would, all else equal, increase

violence. However, the cumulative effect is a reduction in violence, which means

that indirect effects of drug use on violence matter. This falsification test along

with our evidence linking drug use and unemployment, provides support for the

idea of viewing desisting as an investment in human capital.

The final piece of the mechanism linking our main empirical findings is

that women with better labor market prospects are better able to avoid abusive

partnerships. Among women in the study, we find that income and employ-

ment are associated with lower rates of violence. We show this using a linear

probability model where we regress domestic violence onto employment in the

same period, income, various sets of sociodemographic measures and individual

fixed effects. Results from five specifications (distinguished by sets of controls)

are found in Table ??. In the final specification with the largest set of controls,

including health, socio-demographics and risky behaviors, we find that being

employed lowers the likelihood of being abused by 0.8 percentage points.

Though the negative relationship between violence and employment is

robust across specifications, it is suggestive and not causal since we cannot
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rule out that women select into employment based on unobservable factors that

are time-varying and which might also be linked to violence. Therefore, we

also appeal to results from previous work centered on the resource theory of

domestic violence. Often attributed to ?, the resource theory posits that women

with more resources have better options outside of abusive partnerships and are

therefore better-equipped to leave violent partners. The resource theory has

been used to motivate bargaining theories of domestic violence. In bargaining

models, women with better outside options have higher threat points. Because

of this, they can credibly threaten to leave partners and therefore essentially

bargain for less violence. Resource and bargaining theories of domestic violence

have been used to explain why unilateral non-fault divorce has reduced domestic

violence (?), why cash transfers to poor women can reduce abuse (???), and

why abuse is associated with poor labor market outcomes (??) and a larger

gender wage gap (?). Consistent with resource theories, women in our sample

who exhibit better labor market prospects also report less violence. In summary,

we argue that, following HAART, women were incentivized to use fewer illicit

drugs, which improved employment prospects, thus giving women the resources

to avoid violent partnerships.

3.4.2 A Model of Health, Human Capital and Domestic

Violence

We now offer a simple model of health, human capital and domestic vi-

olence. Our aim is to derive explicit conditions under which a positive health

shock would lead to lower drug use, better employment prospects and lower

violence. The model formalizes our analysis of desisting from illicit drug use as

an investment in human capital can improve employment prospects and thereby

reduce violence. As stated earlier, we do not rule out the possibility that lower

drug use also improves mental health, which has also been shown to reduce

violence.

In the model, a woman with a potentially violent partner maximizes utility

by choosing an optimal level of drug use, fully aware that drug use affects
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violence and earnings.33 Our model is similar to a model of abuse described in

?. In their model, men choose whether or not to watch football, fully aware

that an unexpected home team loss may lead to negative emotional cues that

trigger them to abuse their female partner. The first similarity is that both

models treat the probability of violence as a function of other behaviors. In

their case, watching football triggers violence. In our case, drug use affects the

probability of abuse.34 The second similarity is that neither model assumes that

the potential abuser enjoys abusing. This stands in sharp contrast to a common

and controversial feature of bargaining frameworks used to analyze violence: the

assumption that males like being violent.35 In particular, in these models males

are assumed to enjoy the first unit of violence more than females dislike it so

that, in an efficient solution, men purchase from women the opportunity to

abuse them.

In the model, a woman with a potentially violent partner maximizes utility

by choosing an optimal level of drug use (B ≥ 0). The woman may cohabit

with, be married to or simply have intimate relations with this partner. Her

utility function is:

U(B,E, V ) = u(B,E)− V (3.6)

where E ≥ 0 is earnings and V ∈ (0, 1) is the probability that a potentially

violent partner actually is violent. In imposing that V be strictly greater than

zero, we are focusing our attention on women who face a market of intimate

33Relating drug use to violence is broadly consistent with the exposure theory of domestic
violence, which posits that women are less likely to suffer abuse if they spend less time with
their partner (?). This theory can explain the well-documented negative correlation between
employment and domestic violence since women at work spend less time with a potentially
abusive partner. It has also been extended to explain how economic downturns promote child
abuse since potentially violent men are laid off and spend more time with their children (?).
Here, drug use potentially exposes women to more violence.

34In our model, women choose the activity that can affect violence. This may occur if the
men tend to use the same drug, a possibility with broad empirical support. Alternatively, the
woman’s drug use alone could lead to negative emotional cues that insight violence.

35See ? for a criticism of models where violence is exchanged along with an alternative
model of violence that highlights the idea that violence can be used as a tool to exert control
over a partner. Another critique of bargaining models is found in ?, who state, “the cost of
violence to the partner...is often far beyond the “price” that is paid by the perpetrator” (p.
109).
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partners where the probability of violence within the partnership is non-zero.36

We assume that u is increasing, twice continuously differentiable and concave in

B and E with a cross-partial derivatives equal to zero.37 Earnings are a function

of risky behavior and health:

E = E(B,H) (3.7)

We assume that ∂E
∂B

< 0, which captures how drug use lowers earnings or,

conversely, desisting is like a human capital investment. ∂E
∂H

> 0 captures how

health is treated as a form of human capital that increases earnings. We assume

that E(·) is concave in both arguments (with cross-partials equal to zero).

Violence is a function of risky behavior B and women’s earnings E:

V = V (B,E). (3.8)

∂V
∂B

captures the direct effect of risky behaviors on violence. If ∂V
∂B

> 0 (which

is the case with crack cocaine), then women face increased exposure to violence

when engaging in risky behaviors. If ∂V
∂B

< 0 (heroin), women can effectively

reduce their exposure to violence by engaging in certain risky behaviors. Con-

sistent with resource theories of domestic violence, we also assume that ∂V
∂E

< 0.

This means that women with higher earnings are better able to avoid violence.

The first order condition implies that the optimal level of drug use B∗(H)

is where marginal benefits of an additional unit of B equal the marginal costs:

∂u

∂B
= − ∂u

∂E

∂E

∂B
+

∂V

∂B
+

∂V

∂E

∂E

∂B
(3.9)

The left hand side of the expression is the marginal utility benefit of an increase

in illicit drug use. The right-hand-side represents the marginal costs. The first

expression on the right-hand-side is the resulting decrease in earnings weighted

by the marginal utility of earnings. The second expression is the impact of illicit

36A similar assumption is made in ?, who argues that, in certain households, potential
violence is taken for granted. ? makes a similar assumption.

37Relaxing assumptions on cross-partial derivatives is a straightforward extension, but one
that unnecessarily complicates the analysis.
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drug use on violence. The third expression is the impact of drug use on violence

through its impact on earnings.

Next we formulate conditions under which a positive health shock reduces

illicit drug use:

Proposition 3.4.1. ∂B?(H)
∂H

< 0 ⇐⇒ ∂2E
∂B∂H

< 0

Proof. Define the FOC in equation (??) as f(B?(H), H) = 0. By the implicit

function theorem, ∂B?(H)
∂H

= − ∂f

∂H
/ ∂f

∂B
. Under model assumptions,

1. ∂f

∂B
= ∂2u

∂B2 +
∂U
∂E

∂2E
∂B2 − ∂2V

∂E2

∂E
∂B

− ∂2E
∂B2

∂V
∂E

< 0.

2. ∂f

∂H
= ∂2E

∂B∂H

[

∂u
∂E

− ∂V
∂E

]

Since
[

∂u
∂E

− ∂V
∂E

]

> 0, it holds that sign
(

∂2E
∂B∂H

)

= sign
(

∂B?(H)
∂H

)

.

The condition ∂2E
∂B∂H

< 0 means that the negative impact of illicit drug

use on earnings is larger for people who are healthier. In other words, human

capital investments are incentivized when individuals are in better health. The

proposition implies that, when desisting has relatively higher returns in bet-

ter health states, women will respond to a positive health shock by optimally

reducing their use of illicit drugs.

Next, we ask under what conditions lower drug use will reduce violence.

We distinguish between crack cocaine and heroin in this part of the analysis. We

highlight how reductions in crack cocaine would lead to reductions in violence

absent any indirect effects of drug use on violence. In contrast, reductions in

heroin use lead to reductions in violence only if the indirect effects of lower

drug use that work through higher earnings are large enough. This difference

between heroin and crack forms the basis of our falsification test.

Crack Cocaine and Violence

Proposition 3.4.2. If ∂V
∂B

> 0 and
∂B∗(H)

∂H
< 0, then dV

dH
< 0.

Heroin and Violence

Proposition 3.4.3. If ∂V
∂B

< 0 and
∂B∗(H)

∂H
< 0, then dV

dH
< 0 ⇐⇒

∣

∣

∂V
∂E

∂E
∂B

∣

∣ >
∣

∣

∂V
∂B

∣

∣
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The propositions tell us that lower crack use should always be accompanied

by lower violence. In contrast, lower heroin use should accompany lower violence

only if we look beyond the direct pharmacological impacts of illicit drug use

on violence. In other words, a decline in heroin is consistent with declines in

domestic violence only if it leads to earnings improvements such that women

have the resources to avoid abuse.

3.4.3 Discussion of the Model

The model formalizes our treatment of desisting from illicit drug use as

an investment in human capital. The model shows that, when the earnings

penalty for using crack or heroin is larger in better health states, women are

incentivized to desist from illicit drug use in response to a positive health shock.

In other words, if illicit drug use becomes relatively more costly in terms of future

employment prospects, women respond by desisting. This prediction is borne

out by our empirical findings that HAART led to lower drug use and higher

employment. The prediction is also in line with ?, who models the decision to

engage in risky behavior as a function of the expected consequences.

The model also formalizes how the impact of drug use on violence is am-

biguous when direct effects of desisting raise violence and indirect effects reduce

violence, which we suggest could be the case with heroin. In particular, the

model predicts that a reduction in heroin use increases violence unless desisting

induces a strong enough rise in labor market prospects. This prediction is in line

with the finding that the direct effect of heroin use is to lower violence although

lower heroin use following HAART introduction accompanied lower violence.

3.5 Conclusion

We show evidence that a medical innovation lowered domestic violence by

10%, increased employment by 10% and reduced drug use by 15% among a group

of chronically ill, low-income women. Our main empirical results illustrate the

far-reaching implications of medical innovation, which links our findings to those
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in ?, who study the impact of the birth control pill on women’s employment

and marriage. Our focus on low-income, chronically ill women in the context of

domestic violence leads to an important and more general policy implication:

health investments can help to curtail costly social ills. By isolating a novel

source of value of pharmaceutical innovation, our findings also have implications

for policies affecting how biomedical research dollars should be allocated. For

example, ignoring the link between abuse and poor health can lead to sub-

optimal investments in medical innovations aimed at groups made vulnerable

by poor health, including poor women, the elderly and individuals who are

chronically ill.

Our conceptual framework along with additional empirical evidence sug-

gests that medical innovation reduces violence in part by incentivizing women

to invest in their own human capital. In our case, women lower their use of illicit

drugs, which not only improves mental and physical health, but also strength-

ens their employment prospects. The role of human capital in explaining how

medical innovation reduces violence is important since it suggests that these

reductions are potentially long-lasting. This stands in contrast to policies such

as cash transfers that alleviate violence in the short-run. An important area for

future research would compare policies affecting violence. A dynamic model of

violence and human capital accumulation coupled with longitudinal data would

permit stronger conclusions on the relative merit of short-term interventions

versus long-term policies or technology shifts that affect violence by stimulating

investments in human capital.

Finally, our study sheds light on how a group of low-income women in-

vest in human capital. As pointed out by ?, attempts to explain the economic

behavior of the poor often amount to assigning them various psychological short-

fallings or non-standard preferences. This may arise since the sorts of invest-

ments the poor make may be difficult to observe or simply overlooked. However,

it would be incorrect to conclude that low earners fail to make such investments.

We observe how low-income respond to a technology that incentivizes human

capital investments. Further research could more directly assess the idea that

refraining from drug use is a lever available to poor, chronically ill women to
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Table 3.1: Summary Statistics

(1) (2) (3) (4) (5)
Full Sample Low CD4 Salient Group High CD4 HIV−

Average Age 41.69 41.92 42.30 41.14 41.33
African American 0.65 0.65 0.67 0.63 0.64
Hispanic 0.20 0.18 0.20 0.21 0.21
White (Non-Hispanic) 0.13 0.14 0.12 0.13 0.13
Other 0.02 0.02 0.01 0.03 0.02
Education:

High school grad 0.65 0.66 0.63 0.59 0.69
Some college 0.34 0.34 0.33 0.29 0.39
College grad 0.08 0.06 0.10 0.07 0.11

Pre-HAART Income:
≤ 6000 0.17 0.16 0.17 0.17 0.19
6000-12000 0.30 0.30 0.33 0.32 0.25
12001-18000 0.16 0.18 0.13 0.14 0.17
18001-24000 0.10 0.10 0.11 0.10 0.10
24001-30000 0.08 0.08 0.07 0.09 0.08
> 30000 0.18 0.17 0.19 0.17 0.22

Employed pre-HAART 0.39 0.31 0.38 0.44 0.56
Married pre-HAART 0.29 0.29 0.32 0.25 0.31
Lives with kids at base line 0.50 0.53 0.51 0.47 0.47
Risky Behaviors pre-HAART:

Ever smoked 0.64 0.60 0.66 0.70 0.68
Abstainer 0.56 0.60 0.56 0.51 0.50
Light drinker 0.29 0.28 0.28 0.28 0.34
Moderate drinker 0.16 0.14 0.17 0.18 0.17
Heavy drinker 0.08 0.08 0.07 0.10 0.10
Ever used crack 0.20 0.18 0.22 0.22 0.22
Ever used cocaine 0.19 0.15 0.17 0.21 0.27
Ever used pot 0.31 0.27 0.32 0.33 0.37
Ever used heroin 0.14 0.10 0.18 0.16 0.17
Ever used hard drugs 0.31 0.25 0.33 0.32 0.40
Ever used stimulants 0.28 0.23 0.28 0.30 0.36

Violence pre-HAART:
Experienced sex abuse 0.06 0.04 0.05 0.10 0.07
Experienced physical abuse 0.16 0.11 0.17 0.18 0.22
Experienced coercion 0.26 0.22 0.26 0.27 0.34
Experienced domestic violence 0.29 0.23 0.27 0.33 0.37

Observations 1320 618 166 263 273
Person Visits 17921 7240 2462 4167 4052

The full sample includes all women from the first cohort who answered questions about
domestic violence, employment, illicit drug use, as well as all controls used. Low CD4
refers to minimum pre-HAART CD4 count less than 300. The salient group is defined
as having a minimum pre-HAART CD4 count between 300 and 399. High CD4 refers
to minimum pre-HAART CD4 count greater than or equal to 400. Income is measured
as yearly household income. Light drinking is defined as less than 3 drinks per week.
Moderate drinking is defined as 3-13 drinks per week. Heavy drinking is defined as 14
or more drinks per week. Hard drugs are defined as crack, cocaine, heroin, or (illicit)
methadone. Stimulants are defined as crack or cocaine. Domestic violence is defined as
physical or sexual abuse or coercion by an intimate partner or spouse. Coercion indicates
that the partner threatened to hurt or kill the subject or prevented her from: leaving
or entering her home, seeing friends, making telephone calls, getting or keeping a job,
continuing her education, or seeking medical attention.
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Table 3.2: Summary Statistics by Race

(1) (2) (3)
African American Hispanic White

Average Age 42.04 41.19 41.03
High school grad 0.65 0.51 0.84
Some college 0.32 0.24 0.57
College grad 0.06 0.02 0.27
Pre-HAART Income:

≤ 6000 0.20 0.11 0.08
6000-12000 0.29 0.41 0.16
12001-18000 0.16 0.19 0.12
18001-24000 0.11 0.13 0.05
24001-30000 0.08 0.05 0.12
> 30000 0.15 0.11 0.45

Employed pre-HAART 0.38 0.29 0.59
Married pre-HAART 0.25 0.35 0.36
Lives with kids at base line 0.50 0.62 0.34
Risky Behaviors pre-HAART:

Ever smoked 0.68 0.59 0.59
Abstainer 0.55 0.63 0.49
Light drinker 0.27 0.26 0.44
Moderate drinker 0.17 0.14 0.15
Heavy drinker 0.09 0.07 0.08
Ever used crack 0.23 0.14 0.16
Ever used cocaine 0.19 0.18 0.20
Ever used pot 0.30 0.28 0.38
Ever used heroin 0.13 0.15 0.18
Ever used hard drugs 0.32 0.28 0.27
Ever used stimulants 0.30 0.24 0.24

Pre-HAART Low CD4 0.47 0.44 0.50
Pre-HAART Medium CD4 0.13 0.13 0.11
Pre-HAART High CD4 0.19 0.22 0.19
Violence pre-HAART:

Experienced sex abuse 0.07 0.03 0.04
Experienced physical abuse 0.15 0.14 0.19
Experienced coercion 0.28 0.24 0.21
Experienced domestic violence 0.30 0.26 0.24

Observations 859 258 176
Person Counts 11673 3645 2215

The full sample includes all women from the first cohort who answered questions about
domestic violence, employment, illicit drug use, as well as all controls used. Low CD4
refers to minimum pre-HAART CD4 count less than 300. The salient group is defined
as having a minimum pre-HAART CD4 count between 300 and 399. High CD4 refers
to minimum pre-HAART CD4 count greater than or equal to 400. Income is measured
as yearly household income. Light drinking is defined as less than 3 drinks per week.
Moderate drinking is defined as 3-13 drinks per week. Heavy drinking is defined as 14
or more drinks per week. Hard drugs are defined as crack, cocaine, heroin, or (illicit)
methadone. Stimulants are defined as crack or cocaine. Domestic violence is defined as
physical or sexual abuse or coercion by an intimate partner or spouse. Coercion indicates
that the partner threatened to hurt or kill the subject or prevented her from: leaving
or entering her home, seeing friends, making telephone calls, getting or keeping a job,
continuing her education, or seeking medical attention.
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Table 3.3: Summary Statistics by pre-HAART AIDS Status, Low CD4 Count
Only

(1) (2)
CD4>200 CD4≤200

Average Age 42.15 42.33
African American 0.64 0.65
Hispanic 0.17 0.18
White (Non-Hispanic) 0.16 0.15
Other 0.02 0.02
High school grad 0.67 0.63
Some college 0.36 0.32
College grad 0.07 0.06
Pre-HAART Income:

≤ 6000 0.16 0.18
6000-12000 0.32 0.29
12001-18000 0.17 0.17
18001-24000 0.09 0.13
24001-30000 0.08 0.07
> 30000 0.17 0.16

Employed pre-HAART 0.28 0.33
Married pre-HAART 0.28 0.25
Lives with children at base line 0.47 0.51
Risky Behaviors pre-HAART:

Ever smoked 0.58 0.68
Abstainer 0.63 0.55
Light drinker 0.27 0.28
Moderate drinker 0.14 0.19
Heavy drinker 0.06 0.10
Ever used crack 0.18 0.22
Ever used cocaine 0.15 0.17
Ever used marijuana 0.25 0.33
Ever used heroin 0.13 0.11
Ever used hard drugs 0.27 0.29
Ever used stimulants 0.24 0.26

Violence pre-HAART:
Experienced sex abuse 0.03 0.05
Experienced physical abuse 0.10 0.11
Experienced coercion 0.19 0.24
Experienced domestic violence 0.19 0.27

Observations 475 236
Person Visits 4360 2868

The sample is restricted to women from the first cohort whose minimum pre-HAART CD4
count was below 300 and who answered questions about domestic violence, employment,
illicit drug use, as well as all controls used. Income is measured as yearly household
income. Light drinking is defined as less than 3 drinks per week. Moderate drinking is
defined as 3-13 drinks per week. Heavy drinking is defined as 14 or more drinks per week.
Hard drugs are defined as crack, cocaine, heroin, or (illicit) methadone. Stimulants are
defined as crack or cocaine. Domestic violence is defined as physical or sexual abuse or
coercion by an intimate partner or spouse. Coercion indicates that the partner threatened
to hurt or kill the subject or prevented her from: leaving or entering her home, seeing
friends, making telephone calls, getting or keeping a job, continuing her education, or
seeking medical attention.
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Table 3.4: Domestic Violence Statistics by time of AIDS Diagnosis

(1) (2)
Last visit pre AIDS First visit with AIDS

Sexual Abuse 0.01 0.01
Physical Abuse 0.05 0.04
Coercion 0.10 0.09
Domestic Violence 0.12 0.09
Observations 738 1927

Domestic violence is defined as physical or sexual abuse or coercion by an intimate partner
or spouse. Coercion means that the partner threatened to hurt or kill the subject or
prevented her from: leaving or entering her home, seeing friends, making telephone calls,
getting or keeping a job, continuing her education, or seeking medical attention. The
sample is restricted to HIV+, low CD4 count women from the first cohort before HAART
was introduced. AIDS is defined as having CD4 count less than or equal to 200.

Table 3.5: Summary of Tests for Validity of Differences-in-differences

Test 1 Test 2 Test 3 Test 4

High CD4 HIV− High CD4 HIV− High CD4 HIV− High CD4 HIV−
Domestic Violence

√ √ √ √ √ √ √ √ √ √ √ √ √
− − X

Employment
√ √ √ √ √ √

−
√ √ √

−
√ √ √

− −
Stimulants

√ √ √ √ √ √ √ √ √ √ √ √
− −

√ √

Heroin
√ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √

Each symbol refers to the outcome of the validity test.
√

is used when the test passes
all specifications. − is used when most, but not all, specifications pass. X is used when
most specifications of the test fail. The first symbol refers to results from the full sample,
and the second symbol refers to results from the African American sample. The first
test creates a placebo HAART and tests the hypothesis that the placebo HAART had a
different effect for the salient group. The second test evaluates the hypothesis that the
effect of the number days until the introduction of HAART on the outcome was different
for the salient group. The third test is similar to the second test, but instead of the
number of days until HAART, it tests whether the effect of the number of visits until the
introduction of HAART on the outcome was different for the salient group. Last, we test
that the effect of each individual visit until HAART is different for the salient group.
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Table 3.6: Differences-in-Differences: Domestic Violence

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.435∗∗∗ -.366∗∗∗ -.235∗∗∗ -.234∗∗∗
(.058) (.075) (.085) (.090)

Salient Group -.199∗∗ -.063 -.025 .012
(.091) (.116) (.116) (.102)

Salient × HAART . -.204∗ -.215∗ -.245∗
(.117) (.121) (.128)

Experienced V pre-HAART . . . .846∗∗∗
(.091)

Obs. 6629 6629 6629 6629
Panel A.2: African Americans

HAART available -.507∗∗∗ -.410∗∗∗ -.320∗∗∗ -.347∗∗∗
(.072) (.092) (.099) (.106)

Salient Group -.191∗ -.007 .037 .086
(.110) (.140) (.141) (.125)

Salient × HAART . -.280∗ -.297∗∗ -.332∗∗
(.145) (.147) (.158)

Experienced V pre-HAART . . . .922∗∗∗
(.110)

Obs. 4250 4250 4250 4250

Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.550∗∗∗ -.539∗∗∗ -.480∗∗∗ -.448∗∗∗
(.057) (.074) (.080) (.085)

Salient Group -.148∗ -.128 -.134 -.036
(.088) (.113) (.115) (.101)

Salient × HAART . -.031 -.036 -.105
(.116) (.120) (.131)

Experienced V pre-HAART . . . 1.014∗∗∗
(.088)

Obs. 6514 6514 6514 6514
Panel B.2: African Americans

HAART available -.553∗∗∗ -.474∗∗∗ -.383∗∗∗ -.352∗∗∗
(.072) (.093) (.102) (.106)

Salient Group -.081 .058 .068 .169
(.103) (.138) (.143) (.129)

Salient × HAART . -.216 -.261∗ -.328∗∗
(.145) (.150) (.160)

Experienced V pre-HAART . . . .945∗∗∗
(.099)

Obs. 4353 4353 4353 4353
Basic Controls N N Y Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. The sample is restricted to women from the first cohort whose minimum pre-
HAART CD4 count was below 300 and who answered questions about domestic violence,
employment, illicit drug use, as well as all controls used. Basic controls include age at visit,
age squared, age cubed, race (Caucasian omitted), and site of visit (Chicago omitted). The
dependent variable is experiencing domestic violence.
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Table 3.7: Marginal Effects of Differences-in-Differences, Domestic Vio-
lence

Full Sample Ever Experienced Violence

Controls Mean Effect Mean Z Score Observations Mean Effect Mean Z Score Observations
Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

None -0.014 -0.693 6629 -0.014 -0.693 2448
Basic -0.019 -1.049 6629 -0.021 -1.078 2448
Pre-HAART DV -0.023 -1.282 6629 -0.041 -1.471 2448

Panel A.2: African Americans

None -0.027 -0.992 4250 -0.027 -0.992 1709
Basic -0.033 -1.257 4250 -0.035 -1.276 1709
Pre-HAART DV -0.038 -1.499 4250 -0.065 -1.704 1709
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

None 0.011 0.566 6514 0.011 0.566 2261
Basic 0.009 0.512 6514 0.009 0.495 2261
Pre-HAART DV -0.006 -0.240 6514 -0.013 -0.414 2261

Panel B.2: African Americans

None -0.026 -0.971 4353 -0.026 -0.971 1638
Basic -0.029 -1.122 4353 -0.031 -1.149 1638
Pre-HAART DV -0.040 -1.671 4353 -0.069 -1.841 1638

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. The sample is restricted to women from the first cohort whose minimum pre-
HAART CD4 count was below 300 and who answered questions about domestic violence,
employment, illicit drug use, as well as all controls used. Basic controls include age at visit,
age squared, age cubed, race (Caucasian omitted), and site of visit (Chicago omitted). The
dependent variable is experiencing domestic violence. The Mean Effect shows the mean
effect of the interaction coefficient. The Mean Z Score shows the mean z score for the
interaction coefficient.
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Table 3.8: Differences-in-Differences: Employment

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available .169∗∗∗ .117∗∗∗ .213∗∗∗ .282∗∗∗
(.037) (.043) (.054) (.056)

Salient Group -.016 -.145 -.144 -.112
(.082) (.094) (.093) (.078)

Salient × HAART . .148∗ .138∗ .101
(.079) (.083) (.099)

Employed pre-HAART . . . 1.388∗∗∗
(.076)

Obs. 16336 16336 16336 16336
Panel A.2: African Americans

HAART available .198∗∗∗ .121∗∗ .257∗∗∗ .309∗∗∗
(.050) (.059) (.072) (.074)

Salient Group .019 -.173 -.242∗ -.146
(.109) (.125) (.126) (.105)

Salient × HAART . .220∗∗ .226∗∗ .226∗
(.110) (.114) (.130)

Employed pre-HAART . . . 1.344∗∗∗
(.101)

Obs. 9395 9395 9395 9395
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available .234∗∗∗ .216∗∗∗ .400∗∗∗ .475∗∗∗
(.041) (.052) (.061) (.065)

Salient Group -.303∗∗∗ -.346∗∗∗ -.349∗∗∗ -.254∗∗∗
(.080) (.093) (.094) (.080)

Salient × HAART . .049 .003 -.061
(.084) (.089) (.099)

Employed pre-HAART . . . 1.073∗∗∗
(.077)

Obs. 14932 14932 14932 14932
Panel B.2: African Americans

HAART available .264∗∗∗ .221∗∗∗ .489∗∗∗ .546∗∗∗
(.056) (.070) (.085) (.090)

Salient Group -.273∗∗ -.379∗∗∗ -.378∗∗∗ -.277∗∗
(.107) (.126) (.127) (.110)

Salient × HAART . .121 .070 .034
(.116) (.124) (.133)

Employed pre-HAART . . . 1.009∗∗∗
(.103)

Obs. 8828 8828 8828 8828
Basic Controls N N Y Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. The sample is restricted to women from the first cohort who answered questions
about employment. Basic controls include age at visit, age squared, age cubed, race
(Caucasian omitted), and site of visit (Chicago omitted). The dependent variable is being
employed.

150



Table 3.9: Differences-in-Differences: Use of Stimulants

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.264∗∗∗ -.203∗∗∗ -.304∗∗∗ -.266∗∗∗
(.040) (.052) (.058) (.068)

Salient Group -.096 .047 .074 .139
(.092) (.098) (.099) (.091)

Salient × HAART . -.173∗∗ -.131 -.136
(.080) (.084) (.098)

Stimulant use pre-HAART . . . 1.575∗∗∗
(.078)

Obs. 16253 16253 16253 16253
Panel A.2: African Americans

HAART available -.308∗∗∗ -.246∗∗∗ -.362∗∗∗ -.308∗∗∗
(.052) (.068) (.073) (.083)

Salient Group -.049 .091 .155 .239∗∗
(.114) (.126) (.129) (.116)

Salient × HAART . -.170 -.139 -.144
(.105) (.109) (.123)

Stimulant use pre-HAART . . . 1.494∗∗∗
(.100)

Obs. 9343 9343 9343 9343
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.249∗∗∗ -.176∗∗∗ -.353∗∗∗ -.244∗∗∗
(.042) (.055) (.065) (.074)

Salient Group -.179∗ -.017 -.079 .036
(.094) (.101) (.104) (.092)

Salient × HAART . -.197∗∗ -.141 -.204∗∗
(.082) (.091) (.100)

Stimulant use pre-HAART . . . 1.312∗∗∗
(.094)

Obs. 14885 14885 14885 14885
Panel B.2: African Americans

HAART available -.281∗∗∗ -.204∗∗∗ -.392∗∗∗ -.271∗∗∗
(.052) (.068) (.081) (.094)

Salient Group -.188 -.015 -.052 .119
(.116) (.131) (.140) (.122)

Salient × HAART . -.207∗∗ -.194 -.253∗
(.105) (.120) (.131)

Stimulant use pre-HAART . . . 1.348∗∗∗
(.128)

Obs. 8801 8801 8801 8801
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300
and 399. The sample is restricted to women from the first cohort who answered questions
about stimulant use. Basic controls include age at visit, age squared, and age cubed. The
dependent variable is use of stimulants, which is defined as having used crack or cocaine
in the last six months.
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Table 3.10: Differences-in-Differences: Heroin Use

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.261∗∗∗ -.163∗∗∗ -.273∗∗∗ -.180∗∗
(.047) (.058) (.068) (.082)

Salient Group -.130 .093 .125 .171
(.102) (.113) (.114) (.114)

Salient × HAART . -.278∗∗∗ -.244∗∗ -.248∗
(.098) (.104) (.137)

Heroin use pre-HAART . . . 1.790∗∗∗
(.123)

Obs. 16249 16249 16249 16249
Panel A.2: African Americans

HAART available -.272∗∗∗ -.177∗∗ -.396∗∗∗ -.296∗∗∗
(.066) (.081) (.085) (.110)

Salient Group -.126 .091 .131 .244
(.134) (.147) (.155) (.157)

Salient × HAART . -.271∗ -.197 -.231
(.139) (.148) (.187)

Heroin use pre-HAART . . . 1.742∗∗∗
(.149)

Obs. 9340 9340 9340 9340
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.273∗∗∗ -.183∗∗ -.307∗∗∗ -.160∗
(.056) (.074) (.079) (.090)

Salient Group -.248∗∗ -.043 -.076 -.089
(.108) (.117) (.120) (.108)

Salient × HAART . -.256∗∗ -.246∗∗ -.345∗∗
(.108) (.117) (.143)

Heroin use pre-HAART . . . 1.572∗∗∗
(.123)

Obs. 14884 14884 14884 14884
Panel B.2: African Americans

HAART available -.300∗∗∗ -.222∗∗ -.411∗∗∗ -.242∗
(.077) (.101) (.113) (.128)

Salient Group -.205 -.027 .022 .012
(.140) (.155) (.164) (.142)

Salient × HAART . -.223 -.260 -.378∗
(.152) (.171) (.194)

Heroin use pre-HAART . . . 1.355∗∗∗
(.172)

Obs. 8801 8801 8801 8801
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300
and 399. The sample is restricted to women from the first cohort who answered questions
about heroin use. Basic controls include age at visit, age squared, and age cubed. The
dependent variable is use of heroin in the last six months.
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Table 3.11: Employment, Heroin Use and Health

Current Heroin Use

Used heroin SLV -.090∗∗∗ -.091∗∗∗

CD4 count . .0002∗∗∗

CD4 squared . -9.67e-08∗∗∗

Age -.0001 .007
Age squared .0003 .0001
Age cubed -3.98e-06 -2.90e-06
Obs. 9949 9949
Heroin Use Last Year

Heroin Use Last Year -.079∗∗∗ -.082∗∗∗

CD4 count . .0002∗∗∗

CD4 squared . -9.77e-08∗∗∗

Age .00004 .008
Age squared .0003 .0001
Age cubed -3.98e-06 -2.89e-06
Obs. 9950 9950
Heroin Use Two Years Ago

Heroin Use Two Years Ago -.081∗∗∗ -.087∗∗∗

CD4 count . .0002∗∗∗

CD4 squared . -9.95e-08∗∗∗

Age .0006 .008
Age squared .0003 .00008
Age cubed -3.87e-06 -2.77e-06
Obs. 9949 9949

This table shows estimation results where employment is regressed on current and previous
heroin use, health and individual fixed effects. The sample is restricted to women in the
first cohort who answered questions about drug use and employment. All specifications
include individual fixed effects. The dependent variable is employment in the last six
months.
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Table 3.12: Employment, Stimulant Use and Health

Current Stimulant Use

Stimulants -.103∗∗∗ -.101∗∗∗

CD4 count . .0002∗∗∗

CD4 squared . -9.27e-08∗∗∗

Age -.001 .006
Age squared .0003 .0001
Age cubed -4.13e-06 -3.08e-06
Obs. 9952 9952
Stimulant Use Last Year

Stimulant Use Last Year -.075∗∗∗ -.074∗∗∗

CD4 count . .0002∗∗∗

CD4 squared . -9.72e-08∗∗∗

Age -.0008 .007
Age squared .0003 .0001
Age cubed -4.06e-06 -3.00e-06
Obs. 9952 9952
Stimulant Use Two Years Ago

Stimulant Use Two Years Ago -.053∗∗∗ -.055∗∗∗

CD4 count . .0002∗∗∗

CD4 squared . -9.89e-08∗∗∗

Age -.0005 .007
Age squared .0003 .0001
Age cubed -3.94e-06 -2.85e-06
Obs. 9952 9952

This table shows estimation results where employment is regressed on current and previous
stimulant use, health and individual fixed effects. The sample is restricted to women in the
first cohort who answered questions about drug use and employment. All specifications
include individual fixed effects. The dependent variable is employment in the last six
months.
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Table 3.13: Drug Use and Violence

[1] [2] [3]

Heroin use -.143∗∗∗ -.141∗∗∗ -.143∗∗∗

Stimulant use .144∗∗∗ .142∗∗∗ .119∗∗∗

Age -.010 -.010 -.009
Age squared .00004 .00005 .00004
Age cubed 1.62e-07 1.54e-07 1.86e-07
Yearly income 6001-12000 . -.007 -.007
Yearly income 12001-18000 . -.009 -.009
Yearly income 18001-24000 . -.005 -.004
Yearly income 24001-30000 . -.015 -.015
Yearly income > 30000 . .0001 .0005
Employed . .002 .002
Yearly income 6001-12000, employed . -.002 -.002
Yearly income 12001-18000, employed . -.002 -.002
Yearly income 18001-24000, employed . -.019 -.020
Yearly income 24001-30000, employed . .004 .004
Yearly income > 30000, employed . -.006 -.006
Married . .014∗ .014∗

Not married, lives with prtnr . .020∗∗∗ .020∗∗∗

Widowed . -.012 -.012
Divorced/Annuled . .005 .005
Separated . .009 .008
Other Marital Status . .003 .003
Used marijuana SLV . . .018∗∗∗

Never smoker . . .031
Current smoker . . .011
Light (lt 3 drinks/wk) . . -.003
Moderate (3-13 drinks/wk) . . .005
Heavier (gt 13 drinks/wk) . . .026∗∗

No. male sex prtnr SLV . . .00005
Obs. 17906 17906 17906

Estimates are from regressions of violence on illicit drug use. The sample is restricted
to women from the first cohort who answered questions about domestic violence. Each
specification uses individual level fixed effects. We instrument heroin and stimulant use
with previous period drug use in order to bypass the possibility of simultaneity. We do not
want to pick up responses to domestic violence (e.g., using drugs as a coping mechanism).
Domestic violence is defined as physical or sexual abuse or coercion by an intimate partner
or spouse. Coercion means that the partner threatened to hurt or kill the subject or
prevented her from: leaving or entering her home, seeing friends, making telephone calls,
getting or keeping a job, continuing her education, or seeking medical attention.
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Table 3.14: Marginal Effects by Pre-HAART Drug Use

Mean Effect Mean Z Score Observations

Full Sample

Heroin Users -0.023 -0.931 4599
Cocaine Users -0.044 -1.398 4642
Stimulant Users -0.033 -1.257 4942
Non-drug Users -0.013 -0.618 5898
African Americans

Heroin Users -0.043 -1.273 2938
Cocaine Users -0.067 -1.536 2977
Stimulant Users -0.059 -1.518 3177
Non-drug Users -0.021 -0.692 3768

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. The sample is restricted to HIV+ women from the first cohort who answered
questions about domestic violence. Basic controls include age at visit, age squared, age
cubed, race (Caucasian omitted), and site of visit (Chicago omitted). The dependent
variable is experiencing domestic violence. The Mean Effect shows the mean effect of
the interaction coefficient. The Mean Z Score shows the mean z score for the interaction
coefficient.

Table 3.15: Domestic Violence and Resources

[1] [2] [3] [4] [5]

Employed -.012∗∗∗ . -.011∗∗ -.010∗∗ -.008∗

Yearly income 6001-12000 . -.009∗ -.008∗ -.008∗ -.007
Yearly income 12001-18000 . -.016∗∗∗ -.015∗∗ -.015∗∗∗ -.015∗∗∗

Yearly income 18001-24000 . -.011∗ -.010 -.011 -.011
Yearly income 24001-30000 . -.020∗∗∗ -.018∗∗ -.019∗∗ -.020∗∗∗

Yearly income > 30000 . -.003 -.0006 -.002 -.004
Age -.025∗∗∗ -.025∗∗∗ -.024∗∗∗ -.025∗∗∗ -.025∗∗∗

Age squared .0003 .0003 .0003 .0003 .0003∗

Age cubed -1.12e-06 -8.32e-07 -8.53e-07 -9.14e-07 -9.60e-07
Obs. 24896 25526 25526 25526 25526
Basic Controls Y Y Y Y Y
Demographic Controls N N N Y Y
Risky Behaviors N N N N Y

The dependent variable is experiencing domestic violence since the last visit. All specifica-
tions include individual level fixed effects. Basic controls include age, age squared, and age
cubed. Demographic controls include indicator variables for marital status (never married
omitted). Risky behaviors include indicator variables for drug use, cigarette smoking,
alcohol use, and the number of male sex partners.
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Appendix A

Appendix for Chapter 1

A.1 Abbreviated History of Medicaid Expan-

sions

1984 The Deficit Reduction Act of 1984 (DEFRA-84) mandated coverage of

children born after September 30, 1983, up to age 5 of AFDC eligible

families. It also required states to cover first-time pregnant women and

pregnant women in 2-parent unemployed families meeting state AFDC

income and resource standards.

1985 The Consolidated Omnibus Budged Reconciliation Act of 1985 (COBRA-

85) required states to cover pregnant women in 2-parent families (whether

or not unemployed) meeting state AFDC income and resource standards.

1986 The Omnibus Budget Reconciliation Act of 1986 gave states the option

to cover pregnant women and infants, up to one year of age, with income

up to 100% of the federal poverty level.

1987 The Omnibus Budget Reconciliation Act of 1987 allowed states the option

of covering pregnant women and infants, up to one year of age, with

income up to 185% of the federal poverty level. It also allowed states to

cover children up to age 8 in families below 100% of the federal poverty

line.
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1988 The Medicare Catastrophic Coverage Act of 1988 (MCCA) required states

to phase in coverage for pregnant women and infants with incomes below

100% of the federal poverty line. The Family Support Act of 1988 required

states to extend 12 months transitional Medicaid coverage to families leav-

ing AFDC rolls due to earnings from work. It also required states to cover

2-parent unemployed families meeting AFDC income and resource stan-

dards.

1989 The Omnibus Budget Reconciliation Act of 1989 mandated coverage for

pregnant women and children under age six in families with incomes at

or below 133% of the federal poverty level, whether or not the family was

receiving AFDC cash assistance.

1990 The Omnibus Budget Reconciliation Act of 1990 mandated coverage of

children ages 6 through 18 in families with incomes at or below 100% of

the federal poverty level with coverage phased in one year at a time and

completed by 2002.

1996 Personal Responsibility and Work Opportunity Act of 1996 (PRWOA)

repealed AFDC program and replaced it with TANF, ending linkage be-

tween eligibility for cash assistance and for Medicaid. PRWOA also es-

tablished “section 1931” family coverage category requiring states to cover

families meeting July 16, 1996 AFDC eligibility criteria and allowed for

higher eligibility thresholds.

1997 The Balanced Budget Act of 1997 (BBA 1997) established the State

Children’s Health Insurance Program (SCHIP), which allowed states to

cover uninsured children in families with incomes below 200% of the federal

poverty level who were ineligible for Medicaid. SCHIP is a block grant to

states. States had some flexibility in how they implemented SCHIP.

2006 The Deficit Reduction Act of 2005 (signed into law February 2006) re-

quires all children and parents who apply for Medicaid or seek to continue

their coverage to be documented citizens of the United States. DRA 2005

also allows states to offer disabled children under 19 with family incomes
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below 300% of the federal poverty line the purchase Medicaid coverage by

paying income-related premiums.
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A.2 Solution of the Model

The model is solved by backwards induction. In the second period, the parent

takes her choices in the first period as given, and solves for optimal choices in the

second period. In the first period, the parent chooses optimal inputs taking into

account how their decisions in period 1 affect their utility in period 2. The algorithm

for solving the model is shown below.

For each h1 ∈ {0, PT, FT}:

1. Determine eligibility in the first period. Let Gh1
denote the insurance choice

set given h1 hours are worked in the first period.

2. For each g1 ∈ Gh1
, hold g1 fixed.

3. For each h2 ∈ {0, PT, FT}, determine Medicaid eligibility in the second period.

Let Gh2 denote the choice set given that h2 hours are worked in the second

period. (Note: if there was human capital accumulation of the mother, wages

in the second period would depend on hours worked in the first period. In this

case, the choice set in the second period depends on both h1 and h2.)

4. For each g2 ∈ Gh2
, hold g2 fixed and solve for optimal consumption and child

investments in each period. This is done by solving a set of first order conditions

(two for each period), shown below.

− uc1(1− γ11{g1 = 1} − γ21{g1 = 2}) + uk1
dk1

dIH1
+ βuk2

dk2

dIH1
= 0 (A.1)

− uc1 + uk1
dk1

dID1
+ βuk2

dk2

dID1
= 0 (A.2)

− uc2(1− γ11{g2 = 1} − γ21{g2 = 2}) + uk2
dk2

dIH2
= 0 (A.3)

− uc2 + uk2
dk2

dID2
= 0 (A.4)

Equations (??) and (??) are the first order conditions derived from early child-

hood, the first period. Similarly, equations (??) and (??) are the first order
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conditions derived from the second period. Comparing equation (??) to (??)

and (??) to (??) shows that the mother will invest more in her child in the first

period. This is a direct result of dynamic complementarities and self produc-

tivity. Similarly, the parent will invest more in her child in the dynamic case

than in the static case. Equations (??) and (??) capture the price distorting

effects of health insurance on child investments that occur because parents do

not have to pay the true price of health care but instead are subject to a copay.

Let h be a vector of hours worked: h = (h1, h2) and g be a vector of health insur-

ance status: g = (g1, g2). Then I∗1 = (IH
∗

1 (h, g), ID
∗

1 (h, g)), I∗2 = (IH
∗

2 (h, g), ID
∗

2 (h, g)), c∗1 =

c∗1(h, g), and c∗2 = c∗2(h, g) are the values of investments in the child and con-

sumption that solve the above equations. Similarly, let k∗1 = k(k0, I
∗
1 ,MTt, g1)

and k∗2 = k(k∗1, I
∗
2 ,MTt, g2).

5. Solve for optimal second period health insurance given h1, h2, and g1. Let the

indirect utility function be denoted as V = V [h, g] = u(c∗1, h1, k
∗
1) − φ11{g1 =

1} + β[u(c∗2, h2, k
∗
2) − φ21{g1 = 1}]. The parent chooses g2 ∈ Gh2 such that

V [h1, h2, g1, g
∗
2] ≥ V [h1, h2, g1, g2] for all g2 ∈ Gh2

6. Solve for optimal second period labor supply given h1, g1, and knowing what

insurance plan the parent will choose in the second period. The parent chooses

h2 such that V [h1, h
∗
2, g1, g

∗
2] ≥ V [h1, h2, g1, g

∗
2] for all h2 ∈ {0, PT, FT}.

7. Solve for optimal first period health insurance status given h1 and knowing

what inputs the parent will choose in the second period. The parent chooses

g1 such that V [h1, h
∗
2, g

∗
1, g

∗
2] ≥ V [h1, h

∗
2, g1, g

∗
2] for all g1 ∈ Gh1

First period labor supply is solved again by comparing the indirect utility func-

tions. The parent chooses h1 ∈ {0, PT, FT} such that V [h∗1, h
∗
2, g

∗
1, g

∗
2] ≥ V [h1, h

∗
2, g

∗
1, g

∗
2].
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A.3 Simulation Results

Table A.1: Baseline Outcomes

Premium Pub Health Ins Cost Health Ability Hours 1 Hours 2 Insurance 1 Insurance 2
0 0 8.293 6.202 FT FT Private Private
5 0 8.289 6.199 FT FT Private Private
10 0 8.284 6.196 FT FT Private Private
15 0 7.064 6.190 FT FT Private None
20-50 0 6.952 6.171 FT FT None None

In the baseline specification, private health insurance is the same as Medicaid in reim-
bursement and quality. This table shows the outcomes when Medicaid is not available
and the wage is $8.25.

Table A.2: Baseline Changes in Outcomes

Cost of % Change % Change
Premium Medicaid in Health in Ability h1 h2 Ins 1 Ins 2
0 0.0 0.000 0.000 0 0 NC (P) NC (P)
5 0.0 -1.956 -0.427 -20 -20 P to M P to M
5 .01-.10 0.000 0.000 0 0 NC (P) NC (P)
10 0.0-.02 -1.903 -0.380 -20 -20 P to M P to M
10 .03-.10 0.000 0.000 0 0 NC (P) NC (P)
15 0.0-.03 15.040 -0.289 -20 -20 P to M None to M
15 .04 -0.182 -0.072 -20 0 P to M NC (No Ins)
15 .05-.10 0.000 0.000 0 0 NC (P) NC (No Ins)
20-50 0.0-.03 16.892 0.018 -20 -20 None to M None to M
20-50 .04-.05 1.425 0.235 -20 0 None to M NC (No Ins)
20-50 .06-.10 0.000 0.000 0 0 NC (No Ins) NC (No Ins)

In the baseline specification, private health insurance is the same as Medicaid in reimburse-
ment and quality. This table shows the change in outcomes after Medicaid is introduced
when the wage is $8.25.
NC stands for no change in insurance status.
P stands for private health insurance.
M stands for Medicaid.
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Appendix B

Appendix for Chapter ??

B.1 Robustness Checks

In this appendix, we perform several robustness checks. First, we consider

domestic violence and the differences-in-differences specification. We show that our

results are not driven by an experimental effect, interactions with the medical com-

munity, or an improvement in mental health. We also consider alternate definitions

of domestic violence and of the salient group.

One concern with our framework is that being a part of the WIHS study itself

affected women. Because women in the survey are informed about their health status

and referred to counselors after they report experiencing domestic violence, we might

worry that our results are driven purely by an experimental effect. To address this

concern, we compare women in the first cohort, whom we observe before and after the

introduction of HAART, to women in the second cohort, whom we observe only after

the introduction of HAART. The reasoning is that, whereas the first-cohort women

experienced both the experimental effect and the effect of HAART, the second-cohort

women only experienced the experimental effect. We use a differences-in-differences

specification which nets out the effect of being part of the study, leaving us with

only the effect of HAART. However this exercise becomes slightly more complicated

since we must also contend with changes in secular trends in domestic violence during

this period. For example, females experienced a 48.2% decrease in domestic violence

between 1994 and 2000, but only a 31.2% decrease between 2000 and 2005. African

American females experienced a 58.0% decrease between 1994 and 2000 and 16.4%
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decrease between 2000 and 2005 (?). Differences-in-differences results comparing the

first and second cohort would capture this trend. In other words, using the second

cohort to capture a pure experimental effect to isolate the effect of HAART may not

be valid.

One group that did not experience this same leveling-off in the secular decline

in domestic violence includes women under the age of 35 (?), and so we can use

these women to examine the experiment effect. For this specification, we compare

women in the first and second cohorts who were in the survey for at least six visits.

This corresponds to staying in the study until at least March 1997-July 1998 for the

first cohort, after the introduction of HAART. Using the differences-in-differences ap-

proach, we are interested in the coefficient γ, which shows how the first cohort reacted

compared to the second cohort after six visits. If HAART is driving our results, then

the coefficient would be negative. Table ?? shows that, using the appropriate control

group of second-cohort women who are not part of a group experiencing a decline in

the magnitude of secular declines in domestic violence, we find that the first cohort

experienced a relatively larger reduction in domestic violence. This is consistent with

the notion that, beyond the effects of secular shifts in domestic violence and the ef-

fects of being part of the WIHS study, the first cohort women exhibited additional

declines in domestic violence that are attributable to the introduction of HAART.1

One other reason that HAART may reduce domestic violence is if contact with

the medical community itself leads to a reduction in domestic violence. This could

happen if women who visit the doctor to obtain HAART are given additional resources

or information. This is similar to the effect of being in the study itself. To test this,

we compare the HIV+ low CD4 count women to our salient group. The low CD4

count women are more likely to be on HAART and thus more likely to have contact

with the medical community. If the low CD4 count women experienced a reduction in

domestic violence after the introduction of HAART as compared to our salient group,

this could be a competing explanation. However, as shown in Table ??, the salient

group experienced a reduction in domestic violence compared to the low CD4 count

women which is significant in all specifications at least at the 5% level. Similarly,

African American women in the salient group experienced a reduction in domestic

violence compared to the African American women with low CD4 counts. Because

the low CD4 count women have more contact with the medical community than our

1All specifications of this robustness check are significant at the 10% level.
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salient group, it cannot be the case that contact with the medical community is the

only reason that domestic violence fell for the salient group after the introduction of

HAART.

In order to test whether or not survival bias is driving our results, we exclude

all women who died during the study. We find that our results are no longer as

significant, but are still negative, indicating that the introduction of HAART reduced

the likelihood that the salient group experienced domestic violence compared to our

comparison groups. Specifically, when HIV+ high CD4 count women are the control

group, no specifications are significant. When the control group is HIV− women, the

full sample is never significant, but when we restrict the sample to African Americans,

all specifications are significant at least at 5%. As Table ?? shows, restricting our

sample to women who do not die during the study does reduce our sample size some.

Finally, we show that mental health is not driving the decrease in domestic

violence and illicit drug use and the increase in employment. For our measure of

mental health we consider raw CES-D score as well as an indicator variable for scoring

high on the CES-D. The CES-D is comprised of 20 questions and is commonly used

as a screening tool for depression. Each question is scored on a scale from 0-3 and

aggregate scores greater than 16 indicate that the respondent screens positive for

depression.2 We find no evidence that the introduction of HAART lead to lower

CES-D scores or a decrease in the probability of being depressed. In fact, HAART

did not seem to have any effect on these measures of mental health, as shown in Table

?? and ??.

In addition to showing that measures of depression did not change with the

introduction of HAART, we also show that including the depression scores in our

models does not change our main results. We use the same framework as before but

in addition to the basic controls described in the main text (age, age squared, and

age cubed at visit, as well as indicator variables for race and site of study), we also

include each of the measures of mental health. In each of the tables, Columns 1-3 are

as described in the main text, Columns 4-5 include the CES-D score, and Columns

6-7 include an indicator for the woman scoring a 16 or higher and screening positive

for depression. Our sample does drop in size when we control for mental health,

but the main results remain largely unchanged. The measures of mental health are

significant predictors of each of our outcomes. When we consider domestic violence,

2See ? for more information about the CES-D.
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including either the raw score or the indicator for depression increases the significance

of HAART introduction for the HIV+ full sample. This is shown by comparing the

coefficient in Column 3 to the coefficient in Column 4 and 6 of Table ??. When the

mental health outcomes are included and the outcome is employment (Table ??) the

significance of HAART for the salient group also increases for the HIV+ full sample.

For HIV+ African Americans, the increase in significance only happens if the raw

CES-D score is included. When the mental health measures are included in the

models considering stimulant use (Table ??), there is an increase in the significance

of HAART for the HIV+ African American sample. Last, we find that including

the measures of mental health when heroin use is the outcome has mixed effects on

the significance of HAART for the salient group (Table ??). For the HIV+ sample,

HAART becomes more important, but for the HIV− African American sample, we

find that there was a decrease in significance of HAART when we include the indicator

for screening positive for depression. Taken together, Tables ?? - ?? lead us to believe

that an increase in mental health is not driving our main results.

Next, we consider alternative definitions of domestic violence. Similar to our

initial differences-in-differences approach, we compare our salient group to HIV+

women with minimum pre-HAART CD4 counts above 400 as well as to HIV− women.

We do this comparison based on physical abuse, coercion, and sexual abuse separately

to see which of these is driving the decrease in domestic violence. Table ?? shows

that there was no difference in reported physical abuse between our salient group

and HIV+ high CD4 count women or HIV− women, except when we restrict the

sample to African Americans. Next, we focus on coercion. The salient group had

a significant decline in coercion when we restrict the sample to African Americans.

However, as Table ?? shows, there was no difference between the salient group and

HIV− women. Last, we consider sexual abuse. We find no differences in sexual abuse

for our salient group compared to both HIV+ high CD4 count women and HIV−
women (Table ??). To summarize, when we break domestic violence into the three

different components, we find that the post-HAART reduction in domestic violence is

being driven by reductions in physical abuse and coercion. In all cases, sexual abuse

is not an important factor in the reduction of domestic violence.

As an additional robustness test, we consider different definitions of the salient

group. Our original delineation of the salient group (300-399) focuses on a group who

had been in relatively good health, but have also just begun to see their health slip
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such that immune suppression is a salient reality and access to effective medicine is

now urgent. Although there is some debate as to when, precisely, to start HAART

treatment, it is important to note that current accepted guidelines advocate begin-

ning when CD4 counts hit 350. However, as numbers between 250 and 500 have been

suggested in the past, we expand our salient group, first to pre-HAART minimum

CD4 count between 300 and 449 and again to between 300 and 499 (?). Not surpris-

ingly, including women with in better health in the treatment group leads to noisier

estimates since we effectively include women for whom HAART introduction did not

yet amount to a salient relaxation of resource constraints. Nonetheless, results still

suggest a larger reduction in domestic violence in comparison to control groups. Re-

sults are presented in Tables ??-?? and in general show that, although estimates of

the coefficient of interest are noisier (often not significantly different from 0), they

do suggest that our alternative definition of the salient group experienced a greater

reduction in domestic violence than the HIV+ women with higher CD4 counts and

HIV− women, especially when we focus on African American women.

B.2 The Validity of Differences-in-Differences

In this section, we perform several tests examining the validity of the differences-

in-differences design. Identification relies on the pre-HAART trends not being sys-

tematically different for the salient group compared to both HIV+ high CD4 count

women and HIV− women. To analyze whether the pre treatment trends were dif-

ferent, we consider four separate tests that utilize the observations from visits that

occurred before the introduction of HAART.

First, we construct a placebo for HAART introduction. This variable is an

indicator for the visit occurring after October 10, 1995. Again, we run the differences-

in-differences specification using only visits from before HAART was introduced. The

variable is meaningless, and so the interaction between the salient group and “Placebo-

HAART” availability should be zero. Tables ??- ?? shows the results for domestic

violence, employment, stimulant use, and heroin use respectively. For each of these

outcomes, the interaction term is never significant.

In our second test, we consider the days until HAART was introduced from the

day of visit and show that the trends in violence do not differ for the salient group
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and our control groups (Table ?? - ??). For violence the equation estimated is below:

Vt = Xtβ+Salientiδ+α(Days until HAART)+γSalienti×(Days until HAART)+εit

(B.1)

This test performs very well. If the trend in the outcomes differed for the salient group

compared to the control groups, then we would expect that γ would be significant.

However, for almost all of our outcomes, this is not the case. The exception is one

specification comparing the salient group to HIV− women in the full sample when

the outcome is employment. However, this specification is not our preferred one. We

conclude that all four of our outcomes pass the second test. Our third test is very

similar to the second one, but we consider visits until HAART instead of days (Tables

?? - ??). The third test performs very well, and each outcome passes this test.

In our last test, we construct a dummy variable for the number of visits until

HAART and interact it with the salient group. For each outcome, we estimate the

following equation:

Vt = Xtβ+Salientiδ+α1(Vis1)+· · ·+α3(Vis3)+γ1Salienti×(Vis1)+· · ·+γ3Salienti×(Vis3)+εit

(B.2)

The coefficients γ1 - γ3 show if the salient group experienced a different level

of the outcome at each visit than the control groups. The fourth test yields mixed

results, as shown in Tables ?? - Table ??. Although the third test is our weakest

performing test, it is also the most demanding. The regressions test that the outcome

variable was not different for the salient and comparison groups at each individual

visit. In contrast, the first three tests focus on trends in the outcome variable. Overall,

these tests provide strong evidence that the pre-HAART trends are similar for the

salient groups and the control groups.

B.3 Additional Results

In Section ??, we showed that the salient group responded to the introduction

of HAART by increasing investments in their human capital, through a reduction of

drug use. In this section, we consider two alternate types of drugs: hard drugs and

heavy drinking. We define hard drugs as using crack, heroin, methadone, or cocaine

in the last six months. Using the same specification described in Section ??, we find
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that the salient group exhibited a reduction in the use of hard drugs compared to

both HIV+ high CD4 count women and HIV− women. Table ?? shows that the

reduction was significant for the salient group compared to the full sample, but not

when the sample is restricted to African Americans only. The pattern is similar when

we compare the salient group to HIV− women; the reduction is significant for the full

sample, but only marginally when we restrict the sample to African Americans.

Similar to the use of hard drugs, we also find that the salient group reduced

their intake of alcohol. We define heavy drinking as having 14 or more drinks per

week. Table ?? shows that the salient group was not less likely to be considered a

heavy drinker compared to HIV+ high CD4 count women. Although the coefficient is

always negative, it is imprecisely estimated. However, compared to HIV− women, the

salient group was significantly less likely to be a heavy drinker after the introduction

of HAART. The results are similar for the full sample and for African Americans.

Finally, we use limited data on the type of partnerships that women report in

each period to assess whether decreases in violence occur since women leave partner-

ships or because they stay with partners who abuse them less. Unfortunately, the

data we use do not allow us to rule out one story versus the other. For this reason, we

have not explicitly relied on a bargaining framework versus one where women simply

leave partners when their outside options improve. With that caveat in mind, we ask

whether women who report declines in abuse also tend to report leaving partners.

We show that women who experienced domestic violence at time t were less likely

to stay in a relationship after the introduction of HAART than they were before

the introduction. This suggests that at least some of the reductions in violence we

observe occurred because women left violent partnerships rather than bargaining for

less abuse within the same partnership.
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Table B.1: Differences-in-Differences for First and Second Cohort after
Six Visits

[1] [2] [3]

Full Sample

Visit Six -.493∗∗∗ -.139 -.082
(.112) (.212) (.224)

First cohort .465∗∗∗ .621∗∗∗ .721∗∗∗

(.144) (.160) (.171)

Visit six × First cohort . -.474∗ -.455∗

(.247) (.256)

Obs. 813 813 813
Basic Controls N N Y

The sample is restricted to HIV+ women who answered questions about domestic violence
and were less than 35 years of age at the time of their sixth visit. Basic controls include
age at visit, age squared, age cubed, race (Caucasian omitted), and site of visit indicator
variables. The dependent variable is experiencing domestic violence in the last six months.
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Table B.2: Differences-in-Differences in Domestic Violence for Salient
Group and HIV+ Low CD4 Count Women in the First Cohort using a Probit
Specification

[1] [2] [3] [4]

Full Sample

HAART available -.344∗∗∗ -.278∗∗∗ -.158∗∗ -.245∗∗∗

(.049) (.058) (.062) (.061)

Salient Group .038 .210∗∗ .192∗ .194∗∗

(.079) (.102) (.103) (.088)

Salient × HAART . -.259∗∗ -.245∗∗ -.281∗∗

(.105) (.106) (.115)

Obs. 10172 10172 9967 10172
African Americans

HAART available -.342∗∗∗ -.226∗∗∗ -.098 -.104
(.062) (.073) (.078) (.083)

Salient Group .083 .365∗∗∗ .354∗∗∗ .344∗∗∗

(.094) (.124) (.126) (.110)

Salient × HAART . -.431∗∗∗ -.421∗∗∗ -.445∗∗∗

(.132) (.132) (.142)

Obs. 6540 6540 6430 6430
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, and race (Caucasian
omitted). Demographic controls include income (less than $6000 omitted), employment
status, marital status (never married omitted), and an interaction between employment
and marital status. Risky behavior controls include the number of male sex partners
in the last six months, and a dummy for the woman living with kids at baseline. The
sample is restricted to HIV+ women with minimum CD4 count below 400 before the
introduction of HAART who remained in the study at least 10 visits. The dependent
variable is experiencing domestic violence in the last six months.
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Table B.3: Differences-in-Differences: Domestic Violence, Women Who Did
Not Die

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.509∗∗∗ -.443∗∗∗ -.330∗∗∗ -.342∗∗∗
(.068) (.085) (.099) (.104)

Salient Group -.202∗ -.068 -.046 -.012
(.106) (.136) (.138) (.122)

Salient × HAART . -.202 -.208 -.242
(.137) (.139) (.147)

Experienced V pre-HAART . . . .937∗∗∗
(.099)

Obs. 5369 5369 5369 5369
Panel A.2: African Americans

HAART available -.595∗∗∗ -.512∗∗∗ -.427∗∗∗ -.479∗∗∗
(.085) (.106) (.120) (.123)

Salient Group -.189 -.028 -.019 .034
(.127) (.171) (.171) (.153)

Salient × HAART . -.246 -.250 -.264
(.174) (.173) (.186)

Experienced V pre-HAART . . . .972∗∗∗
(.120)

Obs. 3382 3382 3382 3382

Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.558∗∗∗ -.519∗∗∗ -.454∗∗∗ -.433∗∗∗
(.065) (.080) (.088) (.093)

Salient Group -.168∗ -.086 -.089 -.007
(.099) (.131) (.132) (.118)

Salient × HAART . -.126 -.134 -.198
(.134) (.139) (.148)

Experienced V pre-HAART . . . 1.005∗∗∗
(.099)

Obs. 5713 5713 5713 5713
Panel B.2: African Americans

HAART available -.542∗∗∗ -.440∗∗∗ -.341∗∗∗ -.321∗∗∗
(.084) (.104) (.114) (.117)

Salient Group -.088 .121 .103 .187
(.113) (.163) (.167) (.153)

Salient × HAART . -.319∗ -.339∗ -.379∗∗
(.172) (.178) (.187)

Experienced V pre-HAART . . . .894∗∗∗
(.109)

Obs. 3772 3772 3772 3772
Basic Controls N N Y Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. The sample is restricted to women from the first cohort who did not die during
the time of the study. Basic controls include age at visit, age squared, age cubed, race
(Caucasian omitted), and site of visit (Chicago omitted). Demographic controls include
income (less than $6000 omitted), employment status, marital status (never married omit-
ted), and an interaction between employment and income bin. The dependent variable is
experiencing domestic violence in the last six months.
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Table B.4: Differences-in-Differences: CESD Score

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.267∗∗∗ -.283∗∗∗ -.322∗∗∗ -.333∗∗∗
(.051) (.065) (.075) (.074)

Salient Group -.197∗∗ -.231∗∗ -.241∗∗ -.119
(.082) (.116) (.114) (.109)

Salient × HAART . .039 .071 .059
(.104) (.105) (.111)

Average CES-D score pre-HAART . . . .054∗∗∗
(.005)

Obs. 14314 14314 14314 14314
Panel A.2: African Americans

HAART available -.370∗∗∗ -.410∗∗∗ -.466∗∗∗ -.449∗∗∗
(.071) (.094) (.109) (.104)

Salient Group -.166 -.247 -.269∗ -.102
(.107) (.165) (.161) (.151)

Salient × HAART . .091 .129 .115
(.144) (.146) (.153)

Average CES-D score pre-HAART . . . .051∗∗∗
(.007)

Obs. 8195 8195 8195 8195
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.240∗∗∗ -.235∗∗∗ -.276∗∗∗ -.289∗∗∗
(.050) (.063) (.070) (.072)

Salient Group -.016 -.006 -.030 -.010
(.082) (.110) (.111) (.106)

Salient × HAART . -.012 .002 -.002
(.104) (.105) (.110)

Average CES-D score pre-HAART . . . .058∗∗∗
(.006)

Obs. 13227 13227 13227 13227
Panel B.2: African Americans

HAART available -.234∗∗∗ -.186∗∗ -.230∗∗∗ -.235∗∗∗
(.062) (.075) (.087) (.088)

Salient Group .060 .180 .169 .222
(.107) (.153) (.157) (.144)

Salient × HAART . -.137 -.147 -.133
(.132) (.135) (.143)

Average CES-D score pre-HAART . . . .057∗∗∗
(.007)

Obs. 7793 7793 7793 7793
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300
and 399. The sample is restricted to women from the first cohort who answered questions
about stimulant use. Basic controls include age at visit, age squared, and age cubed. The
dependent variable is use of stimulants, which is defined as having used crack or cocaine
in the last six months.
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Table B.5: Differences-in-Differences: CESD-Depression

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.036 -.048 -.065 -.034
(.030) (.037) (.041) (.042)

Salient Group -.148∗∗∗ -.178∗∗ -.184∗∗ -.140∗∗
(.053) (.072) (.074) (.068)

Salient × HAART . .035 .054 .047
(.061) (.062) (.065)

Depressed pre-HAART . . . .791∗∗∗
(.045)

Obs. 18346 18346 18346 18346
Panel A.2: African Americans

HAART available -.056 -.087∗ -.094∗ -.053
(.040) (.050) (.056) (.055)

Salient Group -.143∗∗ -.216∗∗ -.188∗ -.143
(.070) (.094) (.096) (.089)

Salient × HAART . .085 .095 .097
(.082) (.084) (.086)

Depressed pre-HAART . . . .794∗∗∗
(.057)

Obs. 10506 10506 10506 10506
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available .009 .020 -.015 .024
(.031) (.039) (.043) (.044)

Salient Group .041 .066 .047 .042
(.052) (.072) (.072) (.067)

Salient × HAART . -.029 -.021 -.019
(.063) (.064) (.066)

Depressed pre-HAART . . . .717∗∗∗
(.041)

Obs. 16952 16952 16952 16952
Panel B.2: African Americans

HAART available .015 .019 -.026 .021
(.041) (.052) (.058) (.059)

Salient Group .042 .052 .033 .019
(.070) (.095) (.096) (.088)

Salient × HAART . -.012 -.014 .009
(.083) (.085) (.088)

Depressed pre-HAART . . . .765∗∗∗
(.054)

Obs. 9893 9893 9893 9893
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300
and 399. The sample is restricted to women from the first cohort who answered questions
about stimulant use. Basic controls include age at visit, age squared, and age cubed. The
dependent variable is use of stimulants, which is defined as having used crack or cocaine
in the last six months.
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Table B.6: Domestic Violence with Mental Health Measures

[1] [2] [3] [4] [5] [6] [7]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.461∗∗∗ -.398∗∗∗ -.252∗∗∗ -.186∗∗ -.195∗∗ -.195∗∗ -.202∗∗
(.060) (.076) (.086) (.088) (.094) (.087) (.094)

Salient Group -.164∗ -.053 -.010 .070 .105 .048 .082
(.093) (.116) (.117) (.118) (.104) (.116) (.102)

Salient × HAART . -.188 -.196 -.225∗ -.262∗ -.214∗ -.249∗
(.120) (.124) (.128) (.137) (.128) (.136)

Experienced V pre-HAART . . . . .905∗∗∗ . .908∗∗∗
(.089) (.089)

Depression score . . . .022∗∗∗ .019∗∗∗ . .
(.003) (.003)

Depressed, cesd score . . . . . .552∗∗∗ .459∗∗∗
(.074) (.075)

Obs. 5261 5261 5261 5261 5261 5261 5261
Panel A.2: African Americans

HAART available -.537∗∗∗ -.434∗∗∗ -.316∗∗∗ -.234∗∗ -.273∗∗ -.249∗∗ -.287∗∗
(.074) (.094) (.100) (.105) (.113) (.104) (.112)

Salient Group -.166 .007 .054 .194 .248∗ .130 .184
(.113) (.140) (.141) (.143) (.127) (.141) (.124)

Salient × HAART . -.304∗∗ -.327∗∗ -.416∗∗∗ -.442∗∗∗ -.373∗∗ -.400∗∗
(.151) (.152) (.158) (.172) (.157) (.170)

Experienced V pre-HAART . . . . .940∗∗∗ . .945∗∗∗
(.108) (.110)

Depression score . . . .025∗∗∗ .022∗∗∗ . .
(.004) (.004)

Depressed, cesd score . . . . . .543∗∗∗ .428∗∗∗
(.090) (.090)

Obs. 3374 3374 3374 3374 3374 3374 3374
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.551∗∗∗ -.534∗∗∗ -.463∗∗∗ -.378∗∗∗ -.368∗∗∗ -.404∗∗∗ -.395∗∗∗
(.060) (.077) (.085) (.088) (.094) (.088) (.094)

Salient Group -.147 -.117 -.127 -.086 .022 -.117 -.009
(.092) (.114) (.115) (.118) (.105) (.116) (.103)

Salient × HAART . -.052 -.061 -.107 -.176 -.072 -.139
(.121) (.125) (.130) (.142) (.129) (.140)

Experienced V pre-HAART . . . . 1.060∗∗∗ . 1.080∗∗∗
(.096) (.096)

Depression score . . . .024∗∗∗ .019∗∗∗ . .
(.003) (.003)

Depressed, cesd score . . . . . .551∗∗∗ .440∗∗∗
(.073) (.074)

Obs. 5182 5182 5182 5182 5182 5182 5182
Panel B.2: African Americans

HAART available -.556∗∗∗ -.456∗∗∗ -.353∗∗∗ -.265∗∗ -.243∗∗ -.296∗∗∗ -.273∗∗
(.075) (.097) (.106) (.106) (.112) (.107) (.112)

Salient Group -.081 .080 .083 .164 .279∗∗ .106 .222∗
(.108) (.138) (.143) (.146) (.133) (.145) (.131)

Salient × HAART . -.282∗ -.322∗∗ -.414∗∗ -.479∗∗∗ -.349∗∗ -.418∗∗
(.153) (.158) (.162) (.174) (.161) (.173)

Experienced V pre-HAART . . . . .967∗∗∗ . .984∗∗∗
(.108) (.107)

Depression score . . . .025∗∗∗ .020∗∗∗ . .
(.004) (.004)

Depressed, cesd score . . . . . .537∗∗∗ .453∗∗∗
(.090) (.092)

Obs. 3441 3441 3441 3441 3441 3441 3441
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300 and 399.
The sample is restricted to women from the first cohort who answered questions about stimulant
use. Basic controls include age at visit, age squared, and age cubed. The dependent variable is
use of stimulants, which is defined as having used crack or cocaine in the last six months.
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Table B.7: Employment with Mental Health Measures

[1] [2] [3] [4] [5] [6] [7]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available .170∗∗∗ .113∗∗∗ .209∗∗∗ .097∗ .199∗∗∗ .125∗∗ .218∗∗∗
(.037) (.044) (.053) (.054) (.057) (.054) (.057)

Salient Group -.011 -.148 -.147 -.252∗∗∗ -.188∗∗ -.220∗∗ -.167∗∗
(.082) (.094) (.094) (.095) (.080) (.094) (.080)

Salient × HAART . .162∗∗ .151∗ .206∗∗ .159 .184∗∗ .143
(.081) (.084) (.086) (.101) (.087) (.102)

Employed pre-HAART . . . . 1.307∗∗∗ . 1.333∗∗∗
(.075) (.075)

Depression score . . . -.031∗∗∗ -.023∗∗∗ . .
(.002) (.002)

Depressed, cesd score . . . . . -.663∗∗∗ -.504∗∗∗
(.051) (.049)

Obs. 13946 13946 13946 13946 13946 13946 13946
Panel A.2: African Americans

HAART available .200∗∗∗ .118∗∗ .253∗∗∗ .122∗ .213∗∗∗ .159∗∗ .237∗∗∗
(.051) (.060) (.072) (.073) (.075) (.073) (.075)

Salient Group .013 -.190 -.256∗∗ -.381∗∗∗ -.248∗∗ -.333∗∗∗ -.216∗∗
(.109) (.126) (.126) (.127) (.108) (.126) (.108)

Salient × HAART . .237∗∗ .245∗∗ .335∗∗∗ .309∗∗ .298∗∗ .286∗∗
(.113) (.118) (.118) (.133) (.120) (.134)

Employed pre-HAART . . . . 1.265∗∗∗ . 1.291∗∗∗
(.099) (.099)

Depression score . . . -.031∗∗∗ -.024∗∗∗ . .
(.003) (.003)

Depressed, cesd score . . . . . -.655∗∗∗ -.510∗∗∗
(.066) (.067)

Obs. 7998 7998 7998 7998 7998 7998 7998
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available .234∗∗∗ .210∗∗∗ .394∗∗∗ .317∗∗∗ .405∗∗∗ .333∗∗∗ .419∗∗∗
(.041) (.053) (.061) (.062) (.066) (.062) (.066)

Salient Group -.289∗∗∗ -.344∗∗∗ -.349∗∗∗ -.369∗∗∗ -.281∗∗∗ -.358∗∗∗ -.270∗∗∗
(.080) (.094) (.094) (.095) (.081) (.095) (.081)

Salient × HAART . .065 .021 .040 -.018 .028 -.029
(.085) (.091) (.093) (.101) (.093) (.102)

Employed pre-HAART . . . . 1.016∗∗∗ . 1.030∗∗∗
(.077) (.077)

Depression score . . . -.024∗∗∗ -.019∗∗∗ . .
(.002) (.002)

Depressed, cesd score . . . . . -.548∗∗∗ -.433∗∗∗
(.049) (.049)

Obs. 12864 12864 12864 12864 12864 12864 12864
Panel B.2: African Americans

HAART available .261∗∗∗ .209∗∗∗ .473∗∗∗ .398∗∗∗ .474∗∗∗ .416∗∗∗ .488∗∗∗
(.057) (.071) (.084) (.085) (.090) (.085) (.090)

Salient Group -.261∗∗ -.386∗∗∗ -.386∗∗∗ -.413∗∗∗ -.307∗∗∗ -.397∗∗∗ -.295∗∗∗
(.107) (.127) (.127) (.126) (.110) (.126) (.110)

Salient × HAART . .147 .099 .127 .084 .108 .070
(.119) (.127) (.127) (.135) (.128) (.136)

Employed pre-HAART . . . . .962∗∗∗ . .973∗∗∗
(.105) (.104)

Depression score . . . -.023∗∗∗ -.017∗∗∗ . .
(.003) (.003)

Depressed, cesd score . . . . . -.509∗∗∗ -.383∗∗∗
(.069) (.072)

Obs. 7581 7581 7581 7581 7581 7581 7581
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300 and 399.
The sample is restricted to women from the first cohort who answered questions about stimulant
use. Basic controls include age at visit, age squared, and age cubed. The dependent variable is
use of stimulants, which is defined as having used crack or cocaine in the last six months.
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Table B.8: Stimulant Use with Mental Health Measures

[1] [2] [3] [4] [5] [6] [7]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.284∗∗∗ -.212∗∗∗ -.301∗∗∗ -.231∗∗∗ -.201∗∗∗ -.247∗∗∗ -.219∗∗∗
(.041) (.053) (.057) (.057) (.068) (.058) (.068)

Salient Group -.118 .044 .074 .151 .199∗∗ .129 .181∗
(.090) (.099) (.100) (.101) (.096) (.100) (.094)

Salient × HAART . -.204∗∗ -.169∗∗ -.206∗∗ -.212∗∗ -.189∗∗ -.195∗
(.082) (.085) (.086) (.101) (.086) (.101)

Stimulant use pre-HAART . . . . 1.597∗∗∗ . 1.595∗∗∗
(.077) (.077)

Depression score . . . .023∗∗∗ .020∗∗∗ . .
(.002) (.002)

Depressed, cesd score . . . . . .548∗∗∗ .467∗∗∗
(.054) (.058)

Obs. 13879 13879 13879 13879 13879 13879 13879
Panel A.2: African Americans

HAART available -.326∗∗∗ -.255∗∗∗ -.362∗∗∗ -.291∗∗∗ -.240∗∗∗ -.310∗∗∗ -.262∗∗∗
(.053) (.068) (.072) (.072) (.084) (.072) (.084)

Salient Group -.070 .089 .155 .236∗ .322∗∗∗ .204 .284∗∗
(.113) (.127) (.130) (.132) (.122) (.130) (.120)

Salient × HAART . -.199∗ -.172 -.219∗∗ -.221∗ -.195∗ -.195
(.107) (.112) (.111) (.127) (.112) (.128)

Stimulant use pre-HAART . . . . 1.545∗∗∗ . 1.528∗∗∗
(.098) (.099)

Depression score . . . .020∗∗∗ .020∗∗∗ . .
(.003) (.003)

Depressed, cesd score . . . . . .478∗∗∗ .440∗∗∗
(.070) (.073)

Obs. 7957 7957 7957 7957 7957 7957 7957
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.260∗∗∗ -.172∗∗∗ -.326∗∗∗ -.259∗∗∗ -.157∗∗ -.277∗∗∗ -.170∗∗
(.043) (.056) (.065) (.066) (.076) (.065) (.076)

Salient Group -.208∗∗ -.016 -.069 -.070 .024 -.079 .019
(.092) (.101) (.104) (.105) (.097) (.104) (.095)

Salient × HAART . -.241∗∗∗ -.197∗∗ -.221∗∗ -.276∗∗∗ -.202∗∗ -.262∗∗
(.084) (.093) (.092) (.103) (.092) (.103)

Stimulant use pre-HAART . . . . 1.325∗∗∗ . 1.331∗∗∗
(.092) (.092)

Depression score . . . .023∗∗∗ .022∗∗∗ . .
(.002) (.002)

Depressed, cesd score . . . . . .508∗∗∗ .498∗∗∗
(.055) (.058)

Obs. 12829 12829 12829 12829 12829 12829 12829
Panel B.2: African Americans

HAART available -.293∗∗∗ -.204∗∗∗ -.371∗∗∗ -.298∗∗∗ -.174∗ -.326∗∗∗ -.203∗∗
(.054) (.070) (.082) (.081) (.097) (.082) (.097)

Salient Group -.215∗ -.018 -.051 -.035 .123 -.059 .097
(.116) (.132) (.140) (.142) (.129) (.141) (.127)

Salient × HAART . -.245∗∗ -.242∗∗ -.277∗∗ -.330∗∗ -.244∗∗ -.294∗∗
(.109) (.123) (.120) (.134) (.121) (.135)

Stimulant use pre-HAART . . . . 1.409∗∗∗ . 1.400∗∗∗
(.128) (.127)

Depression score . . . .024∗∗∗ .026∗∗∗ . .
(.003) (.003)

Depressed, cesd score . . . . . .523∗∗∗ .573∗∗∗
(.072) (.075)

Obs. 7565 7565 7565 7565 7565 7565 7565
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300 and 399.
The sample is restricted to women from the first cohort who answered questions about stimulant
use. Basic controls include age at visit, age squared, and age cubed. The dependent variable is
use of stimulants, which is defined as having used crack or cocaine in the last six months.
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Table B.9: Heroin Use with Mental Health Measures

[1] [2] [3] [4] [5] [6] [7]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.282∗∗∗ -.182∗∗∗ -.289∗∗∗ -.246∗∗∗ -.158∗ -.252∗∗∗ -.169∗∗
(.049) (.061) (.069) (.071) (.086) (.070) (.085)

Salient Group -.132 .087 .120 .170 .190 .159 .184
(.102) (.114) (.115) (.116) (.116) (.116) (.115)

Salient × HAART . -.286∗∗∗ -.256∗∗ -.280∗∗∗ -.276∗ -.276∗∗∗ -.274∗
(.100) (.106) (.108) (.147) (.106) (.145)

Heroin use pre-HAART . . . . 1.780∗∗∗ . 1.786∗∗∗
(.123) (.123)

Depression score . . . .018∗∗∗ .015∗∗∗ . .
(.003) (.003)

Depressed, cesd score . . . . . .432∗∗∗ .332∗∗∗
(.071) (.076)

Obs. 13875 13875 13875 13875 13875 13875 13875
Panel A.2: African Americans

HAART available -.273∗∗∗ -.179∗∗ -.399∗∗∗ -.366∗∗∗ -.256∗∗ -.371∗∗∗ -.264∗∗
(.069) (.085) (.086) (.088) (.118) (.087) (.116)

Salient Group -.131 .079 .118 .154 .260 .143 .248
(.133) (.148) (.156) (.157) (.161) (.156) (.159)

Salient × HAART . -.272∗ -.203 -.226 -.258 -.221 -.252
(.143) (.151) (.149) (.203) (.149) (.202)

Heroin use pre-HAART . . . . 1.808∗∗∗ . 1.799∗∗∗
(.153) (.153)

Depression score . . . .011∗∗∗ .013∗∗∗ . .
(.004) (.004)

Depressed, cesd score . . . . . .282∗∗∗ .273∗∗∗
(.092) (.103)

Obs. 7954 7954 7954 7954 7954 7954 7954
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.282∗∗∗ -.186∗∗ -.298∗∗∗ -.260∗∗∗ -.126 -.267∗∗∗ -.130
(.058) (.077) (.083) (.086) (.097) (.086) (.096)

Salient Group -.259∗∗ -.044 -.064 -.086 -.105 -.083 -.107
(.106) (.117) (.120) (.121) (.110) (.121) (.110)

Salient × HAART . -.281∗∗ -.282∗∗ -.283∗∗ -.369∗∗ -.280∗∗ -.371∗∗
(.111) (.120) (.121) (.150) (.120) (.149)

Heroin use pre-HAART . . . . 1.527∗∗∗ . 1.542∗∗∗
(.123) (.124)

Depression score . . . .019∗∗∗ .015∗∗∗ . .
(.003) (.003)

Depressed, cesd score . . . . . .452∗∗∗ .397∗∗∗
(.076) (.079)

Obs. 12828 12828 12828 12828 12828 12828 12828
Panel B.2: African Americans

HAART available -.297∗∗∗ -.218∗∗ -.398∗∗∗ -.373∗∗∗ -.205 -.386∗∗∗ -.218
(.080) (.106) (.117) (.122) (.135) (.120) (.133)

Salient Group -.219 -.042 .017 .027 .003 .013 -.014
(.138) (.155) (.164) (.165) (.147) (.165) (.146)

Salient × HAART . -.229 -.286∗ -.290∗ -.393∗ -.275 -.383∗
(.156) (.174) (.173) (.201) (.173) (.202)

Heroin use pre-HAART . . . . 1.339∗∗∗ . 1.356∗∗∗
(.167) (.169)

Depression score . . . .020∗∗∗ .019∗∗∗ . .
(.004) (.004)

Depressed, cesd score . . . . . .486∗∗∗ .494∗∗∗
(.099) (.095)

Obs. 7565 7565 7565 7565 7565 7565 7565
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300 and 399.
The sample is restricted to women from the first cohort who answered questions about stimulant
use. Basic controls include age at visit, age squared, and age cubed. The dependent variable is
use of stimulants, which is defined as having used crack or cocaine in the last six months.
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Table B.10: Differences-in-Differences—Physical Abuse

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.305∗∗∗ -.264∗∗∗ -.166∗∗ -.144
(.062) (.078) (.084) (.089)

Salient Group -.245∗∗∗ -.156 -.091 -.098
(.089) (.121) (.118) (.098)

Salient × HAART . -.129 -.138 -.151
(.128) (.133) (.143)

Experienced physical abuse pre-HAART . . . .783∗∗∗
(.085)

Obs. 6870 6870 6870 6870
Panel A.2: African American

HAART available -.390∗∗∗ -.308∗∗∗ -.253∗∗ -.211∗∗
(.079) (.102) (.102) (.107)

Salient Group -.269∗∗ -.099 -.016 -.002
(.110) (.144) (.143) (.121)

Salient × HAART . -.258 -.287∗ -.347∗∗
(.157) (.160) (.176)

Experienced physical abuse pre-HAART . . . .845∗∗∗
(.105)

Obs. 4432 4432 4432 4432
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.371∗∗∗ -.360∗∗∗ -.318∗∗∗ -.238∗∗
(.068) (.087) (.094) (.099)

Salient Group -.200∗∗ -.177 -.187 -.141
(.088) (.118) (.122) (.100)

Salient × HAART . -.033 -.032 -.091
(.134) (.135) (.150)

Experienced physical abuse pre-HAART . . . .984∗∗∗
(.089)

Obs. 6785 6785 6785 6785
Panel B.2: African Americans

HAART available -.412∗∗∗ -.335∗∗∗ -.284∗∗ -.163
(.086) (.114) (.125) (.131)

Salient Group -.178∗ -.027 -.027 .018
(.108) (.142) (.151) (.128)

Salient × HAART . -.231 -.257 -.339∗
(.166) (.168) (.185)

Experienced physical abuse pre-HAART . . . .937∗∗∗
(.109)

Obs. 4541 4541 4541 4541
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, and race (Caucasian
omitted). Demographic controls include income (less than $6000 omitted), employment
status, marital status (never married omitted), and an interaction between employment
and marital status. Risky behavior controls include crack use, cocaine use, marijuana use,
heroin use, smoking (never smoker omitted), drinking (abstainer omitted), the number of
male sex partners in the last six months, and a dummy for the woman living with kids at
baseline. The dependent variable is experiencing physical violence in the last six months.
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Table B.11: Differences-in-Differences—Coercion

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.413∗∗∗ -.359∗∗∗ -.238∗∗∗ -.221∗∗
(.061) (.079) (.090) (.093)

Salient Group -.193∗∗ -.086 -.063 -.053
(.094) (.121) (.123) (.108)

Salient × HAART . -.160 -.166 -.214
(.121) (.124) (.131)

Experienced coercion . . . .863∗∗∗
(.093)

Obs. 6872 6872 6872 6872
Panel A.2: African Americans

HAART available -.456∗∗∗ -.367∗∗∗ -.289∗∗∗ -.296∗∗∗
(.076) (.099) (.107) (.111)

Salient Group -.184 -.014 .020 .033
(.113) (.148) (.150) (.135)

Salient × HAART . -.259∗ -.279∗ -.327∗∗
(.151) (.153) (.163)

Experienced coercion . . . .861∗∗∗
(.110)

Obs. 4433 4433 4433 4433
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.519∗∗∗ -.519∗∗∗ -.470∗∗∗ -.444∗∗∗
(.060) (.077) (.083) (.088)

Salient Group -.167∗ -.166 -.180 -.103
(.090) (.118) (.119) (.105)

Salient × HAART . -.001 .006 -.064
(.120) (.123) (.134)

Experienced coercion . . . 1.024∗∗∗
(.089)

Obs. 6783 6783 6783 6783
Panel B.2: African Americans

HAART available -.495∗∗∗ -.423∗∗∗ -.356∗∗∗ -.332∗∗∗
(.076) (.100) (.109) (.112)

Salient Group -.092 .040 .036 .088
(.105) (.145) (.149) (.136)

Salient × HAART . -.204 -.232 -.290∗
(.151) (.158) (.168)

Experienced coercion . . . .908∗∗∗
(.099)

Obs. 4541 4541 4541 4541
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, and race (Caucasian
omitted). Demographic controls include income (less than $6000 omitted), employment
status, marital status (never married omitted), and an interaction between employment
and marital status. Risky behavior controls include crack use, cocaine use, marijuana use,
heroin use, smoking (never smoker omitted), drinking (abstainer omitted), the number of
male sex partners in the last six months, and a dummy for the woman living with kids at
baseline. The dependent variable is experiencing coercion in the last six months.
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Table B.12: Differences-in-Differences—Sexual Abuse

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.223∗∗ -.173 -.134 -.092
(.092) (.107) (.103) (.118)

Salient Group -.258∗ -.143 -.112 -.127
(.139) (.210) (.198) (.170)

Salient × HAART . -.166 -.155 -.166
(.199) (.202) (.224)

Experienced sex abuse pre-HAART . . . 1.152∗∗∗
(.122)

Obs. 4432 4432 4432 4432
Panel A.2: African Americans

HAART available -.223∗∗ -.173 -.134 -.092
(.092) (.107) (.103) (.118)

Salient Group -.258∗ -.143 -.112 -.127
(.139) (.210) (.198) (.170)

Salient × HAART . -.166 -.155 -.166
(.199) (.202) (.224)

Experienced sex abuse pre-HAART . . . 1.152∗∗∗
(.122)

Obs. 4432 4432 4432 4432
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.343∗∗∗ -.379∗∗∗ -.369∗∗∗ -.220∗
(.083) (.100) (.104) (.113)

Salient Group -.102 -.173 -.241 -.246
(.121) (.189) (.182) (.160)

Salient × HAART . .109 .135 .029
(.179) (.188) (.216)

Experienced sex abuse pre-HAART . . . 1.353∗∗∗
(.119)

Obs. 6785 6785 6785 6785
Panel B.2: African Americans

HAART available -.362∗∗∗ -.375∗∗∗ -.310∗∗∗ -.181
(.096) (.117) (.120) (.131)

Salient Group .0004 -.023 -.083 -.125
(.138) (.216) (.209) (.181)

Salient × HAART . .036 .031 -.043
(.205) (.209) (.235)

Experienced sex abuse pre-HAART . . . 1.217∗∗∗
(.139)

Obs. 4540 4540 4540 4540
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, and race (Caucasian
omitted). Demographic controls include income (less than $6000 omitted), employment
status, marital status (never married omitted), and an interaction between employment
and marital status. Risky behavior controls include crack use, cocaine use, marijuana use,
heroin use, smoking (never smoker omitted), drinking (abstainer omitted), the number of
male sex partners in the last six months, and a dummy for the woman living with kids at
baseline. The dependent variable is experiencing sexual violence in the last six months.
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Table B.13: Differences-in-Differences—Domestic Violence Salient Group
Definition 2

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.435∗∗∗ -.364∗∗∗ -.230∗∗ -.232∗∗
(.059) (.082) (.095) (.100)

Salient Group 2 -.220∗∗ -.119 -.064 -.068
(.093) (.114) (.117) (.103)

Salient 2 × HAART . -.147 -.163 -.177
(.119) (.123) (.132)

Experienced DVA pre-HAART . . . .852∗∗∗
(.092)

Obs. 6629 6629 6629 6629
Panel A.2: African Americans

HAART available -.506∗∗∗ -.438∗∗∗ -.341∗∗∗ -.372∗∗∗
(.074) (.096) (.108) (.112)

Salient Group 2 -.222∗ -.123 -.072 -.032
(.115) (.139) (.143) (.125)

Salient 2 × HAART . -.147 -.172 -.189
(.150) (.151) (.165)

Experienced DVA pre-HAART . . . .918∗∗∗
(.110)

Obs. 4250 4250 4250 4250
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.527∗∗∗ -.539∗∗∗ -.472∗∗∗ -.442∗∗∗
(.056) (.074) (.080) (.084)

Salient Group 2 -.128 -.146 -.133 -.066
(.083) (.103) (.106) (.093)

Salient 2 × HAART . .027 .023 -.031
(.113) (.117) (.128)

Experienced DVA pre-HAART . . . .930∗∗∗
(.089)

Obs. 7526 7526 7526 7526
Panel B.2: African Americans

HAART available -.522∗∗∗ -.474∗∗∗ -.379∗∗∗ -.354∗∗∗
(.072) (.093) (.102) (.106)

Salient Group 2 -.072 .001 .031 .113
(.102) (.129) (.134) (.121)

Salient 2 × HAART . -.111 -.171 -.221
(.148) (.151) (.166)

Experienced DVA pre-HAART . . . .864∗∗∗
(.105)

Obs. 4918 4918 4918 4918
Basic Controls N N Y Y

The salient group is defined as having a minimum pre HAART CD4 count between 300
and 499. The sample is restricted to women from the first cohort who answered questions
about domestic violence. Basic controls include age at visit, age squared, age cubed, race
(Caucasian omitted). Demographic controls include income (less than $6000 omitted),
employment status, marital status (never married omitted), and an interaction between
employment and marital status. Risky behavior controls include crack use, cocaine use,
marijuana use, heroin use, smoking (never smoker omitted), drinking (abstainer omitted),
the number of male sex partners in the last six months, and a dummy for the woman
living with kids at baseline. The dependent variable is experiencing domestic violence in
the last six months.
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Table B.14: Differences-in-Differences—Domestic Violence Salient Group
Definition 3

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.436∗∗∗ -.377∗∗∗ -.240∗∗ -.255∗∗
(.060) (.089) (.101) (.107)

Salient Group 3 -.202∗∗ -.133 -.086 -.116
(.097) (.121) (.121) (.108)

Salient 3 × HAART . -.099 -.110 -.103
(.120) (.124) (.132)

Experienced DVA pre-HAART . . . .852∗∗∗
(.092)

Obs. 6629 6629 6629 6629
Panel A.2: African Americans

HAART available -.509∗∗∗ -.467∗∗∗ -.368∗∗∗ -.412∗∗∗
(.075) (.100) (.112) (.115)

Salient Group 3 -.248∗∗ -.196 -.173 -.188
(.119) (.144) (.146) (.128)

Salient 3 × HAART . -.076 -.097 -.091
(.148) (.150) (.161)

Experienced DVA pre-HAART . . . .925∗∗∗
(.111)

Obs. 4250 4250 4250 4250
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.509∗∗∗ -.539∗∗∗ -.463∗∗∗ -.427∗∗∗
(.054) (.074) (.078) (.082)

Salient Group 3 -.097 -.139 -.137 -.082
(.080) (.099) (.100) (.089)

Salient 3 × HAART . .063 .062 .019
(.109) (.112) (.121)

Experienced DVA pre-HAART . . . .908∗∗∗
(.086)

Obs. 8190 8190 8190 8190
Panel B.2: African Americans

HAART available -.507∗∗∗ -.474∗∗∗ -.381∗∗∗ -.357∗∗∗
(.071) (.093) (.100) (.103)

Salient Group 3 -.063 -.017 -.013 .035
(.098) (.124) (.127) (.116)

Salient 3 × HAART . -.068 -.119 -.162
(.143) (.145) (.157)

Experienced DVA pre-HAART . . . .843∗∗∗
(.101)

Obs. 5319 5319 5319 5319
Basic Controls N N Y Y

Salient Group is defined as having a minimum pre HAART CD4 count between 300 and
499. The sample is restricted to women from the first cohort who answered questions
about domestic violence. Basic controls include age at visit, age squared, age cubed, race
(Caucasian omitted). Demographic controls include income (less than $6000 omitted),
employment status, marital status (never married omitted), and an interaction between
employment and marital status. Risky behavior controls include crack use, cocaine use,
marijuana use, heroin use, smoking (never smoker omitted), drinking (abstainer omitted),
the number of male sex partners in the last six months, and a dummy for the woman
living with kids at baseline. The dependent variable is experiencing domestic violence in
the last six months. 183



Table B.15: Differences-in-Differences Using Placebo HAART, Domestic
Violence

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

Salient Group -.127 -.119 -.135 -.113
(.114) (.138) (.140) (.136)

Pseudo-HAART -.136∗ -.130 -.143 -.136
(.075) (.099) (.102) (.112)

Salient × Pseudo-HAART . -.016 -.007 -.011
(.148) (.151) (.171)

Experienced DVA pre-PseudoHAART . . . 1.131∗∗∗
(.112)

Obs. 1423 1423 1419 1419
African Americans

Salient Group .058 .071 .039 .070
(.139) (.170) (.170) (.162)

Pseudo-HAART -.137 -.127 -.141 -.117
(.090) (.124) (.124) (.138)

Salient × Pseudo-HAART . -.025 .005 .018
(.179) (.180) (.203)

Experienced DVA pre-PseudoHAART . . . 1.043∗∗∗
(.136)

Obs. 919 919 919 919
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

Salient Group -.122 -.110 -.135 -.113
(.114) (.139) (.140) (.136)

Pseudo-HAART -.150∗∗ -.141 -.143 -.136
(.075) (.100) (.102) (.112)

Salient × Pseudo-HAART . -.024 -.007 -.011
(.149) (.151) (.171)

Experienced DVA pre-PseudoHAART . . . 1.131∗∗∗
(.112)

Obs. 1419 1419 1419 1419
Panel B.2: African Americans

Salient Group .058 .071 .039 .070
(.139) (.170) (.170) (.162)

Pseudo-HAART -.137 -.127 -.141 -.117
(.090) (.124) (.124) (.138)

Salient × Pseudo-HAART . -.025 .005 .018
(.179) (.180) (.203)

Experienced DVA pre-PseudoHAART . . . 1.043∗∗∗
(.136)

Obs. 919 919 919 919
Basic Controls N N Y Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300 and 399.
The sample is restricted to HIV+ women from the first cohort who answered questions about
domestic violence. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less than $6000
omitted), employment status, marital status (never married omitted), and an interaction between
employment and income bin. Risky behavior controls include crack use, cocaine use, marijuana
use, heroin use, cigarette smoking (never smoker omitted), alcohol use (abstainer omitted), the
number of male sex partners in the last six months, and a dummy for the woman living with kids
at baseline. The dependent variable is experiencing domestic violence.
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Table B.16: Differences-in-Differences Using Placebo HAART, Employment

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

Salient Group -.442∗∗∗ -.387∗∗∗ -.439∗∗∗ -.334∗∗
(.116) (.128) (.134) (.134)

Pseudo-HAART .038 .075 .107 .272∗∗∗
(.053) (.067) (.074) (.091)

Salient × Pseudo-HAART . -.104 -.095 -.085
(.111) (.123) (.157)

Employed pre-PseudoHAART . . . 1.789∗∗∗
(.126)

Obs. 1423 1423 1423 1423
African Americans

Salient Group -.382∗∗∗ -.340∗∗ -.366∗∗ -.284
(.143) (.156) (.169) (.174)

Pseudo-HAART .062 .090 .140 .298∗∗
(.070) (.088) (.101) (.122)

Salient × Pseudo-HAART . -.080 -.127 -.078
(.144) (.162) (.202)

Employed pre-PseudoHAART . . . 1.777∗∗∗
(.158)

Obs. 919 919 919 919
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

Salient Group -.442∗∗∗ -.387∗∗∗ -.439∗∗∗ -.334∗∗
(.116) (.128) (.134) (.134)

Pseudo-HAART .038 .075 .107 .272∗∗∗
(.053) (.067) (.074) (.091)

Salient × Pseudo-HAART . -.104 -.095 -.085
(.111) (.123) (.157)

Employed pre-PseudoHAART . . . 1.789∗∗∗
(.126)

Obs. 1423 1423 1423 1423
Panel B.2: African Americans

Salient Group -.382∗∗∗ -.340∗∗ -.366∗∗ -.284
(.143) (.156) (.169) (.174)

Pseudo-HAART .062 .090 .140 .298∗∗
(.070) (.088) (.101) (.122)

Salient × Pseudo-HAART . -.080 -.127 -.078
(.144) (.162) (.202)

Employed pre-PseudoHAART . . . 1.777∗∗∗
(.158)

Obs. 919 919 919 919
Basic Controls N N Y Y

The Salient Group is defined as having a minimum pre-HAART CD4 count between 300 and 399.
The sample is restricted to HIV+ women from the first cohort who answered questions about
domestic violence. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less than $6000
omitted), employment status, marital status (never married omitted), and an interaction between
employment and income bin. Risky behavior controls include crack use, cocaine use, marijuana
use, heroin use, cigarette smoking (never smoker omitted), alcohol use (abstainer omitted), the
number of male sex partners in the last six months, and a dummy for the woman living with kids
at baseline. The dependent variable is experiencing domestic violence.
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Table B.17: Differences-in-Differences Using Placebo HAART, Stimulants

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

Salient Group -.045 -.023 -.091 .033
(.128) (.146) (.150) (.148)

Pseudo-HAART -.161∗∗ -.144∗ -.184∗∗ -.124
(.063) (.078) (.080) (.095)

Salient × Pseudo-HAART . -.045 -.023 -.060
(.132) (.137) (.175)

Used Stimulants pre-PseudoHAART . . . 1.719∗∗∗
(.149)

Obs. 1423 1423 1419 1419
African Americans

Salient Group .004 .053 -.028 .130
(.157) (.173) (.184) (.173)

Pseudo-HAART -.135∗ -.096 -.172∗ -.125
(.073) (.092) (.096) (.109)

Salient × Pseudo-HAART . -.100 -.062 -.103
(.151) (.162) (.192)

Used Stimulants pre-PseudoHAART . . . 1.672∗∗∗
(.183)

Obs. 919 919 919 919
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

Salient Group -.046 -.024 -.091 .033
(.128) (.146) (.150) (.148)

Pseudo-HAART -.159∗∗ -.143∗ -.184∗∗ -.124
(.063) (.078) (.080) (.095)

Salient × Pseudo-HAART . -.044 -.023 -.060
(.132) (.137) (.175)

Used Stimulants pre-PseudoHAART . . . 1.719∗∗∗
(.149)

Obs. 1419 1419 1419 1419
Panel B.2: African Americans

Salient Group .004 .053 -.028 .130
(.157) (.173) (.184) (.173)

Pseudo-HAART -.135∗ -.096 -.172∗ -.125
(.073) (.092) (.096) (.109)

Salient × Pseudo-HAART . -.100 -.062 -.103
(.151) (.162) (.192)

Used Stimulants pre-PseudoHAART . . . 1.672∗∗∗
(.183)

Obs. 919 919 919 919
Basic Controls N N Y Y

The Salient Group is defined as having a minimum pre-HAART CD4 count between 300 and 399.
The sample is restricted to HIV+ women from the first cohort who answered questions about
domestic violence. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less than $6000
omitted), employment status, marital status (never married omitted), and an interaction between
employment and income bin. Risky behavior controls include crack use, cocaine use, marijuana
use, heroin use, cigarette smoking (never smoker omitted), alcohol use (abstainer omitted), the
number of male sex partners in the last six months, and a dummy for the woman living with kids
at baseline. The dependent variable is experiencing domestic violence.
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Table B.18: Differences-in-Differences Using Placebo HAART, Heroin

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

Salient Group -.031 .090 .075 .023
(.145) (.165) (.172) (.184)

Pseudo-HAART -.057 .033 -.030 .048
(.081) (.083) (.093) (.122)

Salient × Pseudo-HAART . -.238 -.214 -.107
(.183) (.204) (.279)

Used Heroin pre-PseudoHAART . . . 1.934∗∗∗
(.167)

Obs. 1423 1423 1419 1419
African Americans

Salient Group -.043 .129 .183 .157
(.178) (.210) (.230) (.238)

Pseudo-HAART .050 .175∗ .115 .195
(.105) (.103) (.122) (.155)

Salient × Pseudo-HAART . -.333 -.328 -.210
(.245) (.281) (.346)

Used Heroin pre-PseudoHAART . . . 1.801∗∗∗
(.224)

Obs. 919 919 919 919
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

Salient Group -.032 .089 .075 .023
(.145) (.165) (.172) (.184)

Pseudo-HAART -.056 .034 -.030 .048
(.081) (.083) (.093) (.122)

Salient × Pseudo-HAART . -.237 -.214 -.107
(.183) (.204) (.279)

Used Heroin pre-PseudoHAART . . . 1.934∗∗∗
(.167)

Obs. 1419 1419 1419 1419
Panel B.2: African Americans

Salient Group -.043 .129 .183 .157
(.178) (.210) (.230) (.238)

Pseudo-HAART .050 .175∗ .115 .195
(.105) (.103) (.122) (.155)

Salient × Pseudo-HAART . -.333 -.328 -.210
(.245) (.281) (.346)

Used Heroin pre-PseudoHAART . . . 1.801∗∗∗
(.224)

Obs. 919 919 919 919
Basic Controls N N Y Y

The Salient Group is defined as having a minimum pre-HAART CD4 count between 300 and 399.
The sample is restricted to HIV+ women from the first cohort who answered questions about
domestic violence. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less than $6000
omitted), employment status, marital status (never married omitted), and an interaction between
employment and income bin. Risky behavior controls include crack use, cocaine use, marijuana
use, heroin use, cigarette smoking (never smoker omitted), alcohol use (abstainer omitted), the
number of male sex partners in the last six months, and a dummy for the woman living with kids
at baseline. The dependent variable is experiencing domestic violence.
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Table B.19: Differences-in-Differences Using Days Until HAART, Domestic
Violence

[1] [2] [3]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

Salient Group -.074 .040 .089
(.113) (.182) (.186)

Days until HAART .0008∗∗∗ .0009∗∗∗ .0009∗∗∗

(.0002) (.0003) (.0003)

Days until HAART × Salient . -.0003 -.0004
(.0004) (.0004)

Obs. 1413 1413 1410
Panel A.2: African Americans

Salient Group -.040 .044 .094
(.137) (.227) (.232)

Days until HAART .0007∗∗∗ .0008∗∗ .0008∗∗

(.0003) (.0004) (.0004)

Days until HAART × Salient . -.0003 -.0003
(.0005) (.0005)

Obs. 896 896 896
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

Salient Group -.175 -.114 -.090
(.112) (.180) (.185)

Days until HAART .0007∗∗∗ .0008∗∗∗ .0008∗∗∗

(.0002) (.0003) (.0003)

Days until HAART × Salient . -.0002 -.0002
(.0004) (.0004)

Obs. 1399 1399 1395
Panel B.2: African Americans

Salient Group -.054 .074 .105
(.137) (.228) (.229)

Days until HAART .0008∗∗∗ .0009∗∗∗ .001∗∗∗

(.0003) (.0003) (.0003)

Days until HAART × Salient . -.0004 -.0005
(.0005) (.0005)

Obs. 902 902 902
Basic Controls N N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence. 188



Table B.20: Differences-in-Differences Using Days Until HAART, Employ-
ment

[1] [2] [3]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

Salient Group -.138 -.216 -.232
(.118) (.154) (.164)

Days until HAART .0002 .0001 .00005
(.0002) (.0002) (.0002)

Days until HAART × Salient . .0002 .0001
(.0003) (.0003)

Obs. 1436 1436 1431
Panel A.2: African Americans

Salient Group -.095 -.144 -.161
(.143) (.189) (.201)

Days until HAART .00002 -.00004 -1.00e-05
(.0002) (.0003) (.0003)

Days until HAART × Salient . .0002 -3.98e-07
(.0004) (.0004)

Obs. 914 914 914
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

Salient Group -.418∗∗∗ -.628∗∗∗ -.607∗∗∗

(.115) (.155) (.166)

Days until HAART -.00006 -.0003 -.0003
(.0002) (.0002) (.0002)

Days until HAART × Salient . .0007∗∗ .0004
(.0003) (.0003)

Obs. 1423 1423 1423
Panel B.2: African Americans

Salient Group -.350∗∗ -.422∗∗ -.460∗∗

(.141) (.191) (.204)

Days until HAART -.00003 -.0001 -.0001
(.0002) (.0003) (.0003)

Days until HAART × Salient . .0002 .0001
(.0004) (.0004)

Obs. 919 919 919
Basic Controls N N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence. 189



Table B.21: Differences-in-Differences Using Days Until HAART, Stimu-
lants

[1] [2] [3]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

Salient Group .050 -.028 -.037
(.121) (.174) (.175)

Days until HAART .0007∗∗∗ .0006∗∗ .0006∗∗

(.0002) (.0002) (.0002)

Days until HAART × Salient . .0002 .0003
(.0004) (.0004)

Obs. 1436 1436 1433
Panel A.2: African Americans

Salient Group .195 .135 .133
(.153) (.218) (.225)

Days until HAART .0006∗∗ .0005 .0006∗

(.0002) (.0003) (.0003)

Days until HAART × Salient . .0002 .0002
(.0004) (.0005)

Obs. 914 914 914
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

Salient Group -.066 -.0008 -.049
(.121) (.176) (.178)

Days until HAART .0009∗∗∗ .001∗∗∗ .001∗∗∗

(.0002) (.0002) (.0003)

Days until HAART × Salient . -.0002 -.0002
(.0004) (.0004)

Obs. 1423 1423 1419
Panel B.2: African Americans

Salient Group -.066 -.0008 -.049
(.121) (.176) (.178)

Days until HAART .0009∗∗∗ .001∗∗∗ .001∗∗∗

(.0002) (.0002) (.0003)

Days until HAART × Salient . -.0002 -.0002
(.0004) (.0004)

Obs. 1423 1423 1419
Basic Controls N N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence. 190



Table B.22: Differences-in-Differences Using Days Until HAART, Heroin

[1] [2] [3]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

Salient Group .148 .130 .108
(.133) (.212) (.220)

Days until HAART .0005∗∗ .0005 .0006
(.0002) (.0003) (.0004)

Days until HAART × Salient . .00005 .0002
(.0005) (.0005)

Obs. 1436 1436 1433
Panel A.2: African Americans

Salient Group .115 .199 .165
(.165) (.271) (.284)

Days until HAART .0003 .0004 .0004
(.0003) (.0004) (.0005)

Days until HAART × Salient . -.0003 -.0001
(.0006) (.0007)

Obs. 914 914 914
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

Salient Group .032 .079 .048
(.137) (.200) (.208)

Days until HAART .0006∗∗∗ .0007∗∗∗ .0009∗∗∗

(.0002) (.0002) (.0003)

Days until HAART × Salient . -.0001 -.00006
(.0004) (.0005)

Obs. 1423 1423 1419
Panel B.2: African Americans

Salient Group -.050 -.014 .057
(.172) (.249) (.268)

Days until HAART .0002 .0002 .0006∗∗

(.0002) (.0003) (.0003)

Days until HAART × Salient . -.0001 -.0001
(.0005) (.0006)

Obs. 919 919 919
Basic Controls N N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence.
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Table B.23: Differences-in-Differences Using Visits Until HAART, Domestic
Violence

[1] [2] [3]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

Salient Group -.071 -.058 -.012
(.113) (.180) (.185)

Visits until HAART .058∗∗ .060 .056
(.029) (.040) (.041)

Visits until HAART × Salient . -.005 -.009
(.058) (.059)

Obs. 1380 1380 1380
Panel A.2: African Americans

Salient Group -.028 -.101 -.051
(.138) (.216) (.223)

Visits until HAART .045 .034 .024
(.035) (.044) (.045)

Visits until HAART × Salient . .030 .029
(.069) (.070)

Obs. 870 870 870
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

Salient Group -.147 -.080 -.073
(.114) (.176) (.179)

Visits until HAART .073∗∗∗ .081∗∗∗ .082∗∗

(.025) (.031) (.032)

Visits until HAART × Salient . -.027 -.026
(.052) (.052)

Obs. 1353 1353 1349
Panel B.2: African Americans

Salient Group -.019 .035 .075
(.139) (.221) (.221)

Visits until HAART .080∗∗ .086∗∗ .094∗∗

(.033) (.041) (.040)

Visits until HAART × Salient . -.022 -.040
(.067) (.066)

Obs. 873 873 873
Basic Controls N N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence. 192



Table B.24: Differences-in-Differences Using Visits Until HAART, Employ-
ment

[1] [2] [3]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

Salient Group -.134 -.291 -.391∗∗

(.120) (.183) (.187)

Visits until HAART .045∗ .019 .0009
(.027) (.031) (.031)

Visits until HAART × Salient . .065 .084
(.056) (.055)

Obs. 1401 1401 1401
Panel A.2: African Americans

Salient Group -.076 -.112 -.255
(.146) (.223) (.224)

Visits until HAART .019 .013 .002
(.033) (.042) (.037)

Visits until HAART × Salient . .015 .043
(.069) (.070)

Obs. 891 891 891
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

Salient Group -.424∗∗∗ -.601∗∗∗ -.718∗∗∗

(.117) (.185) (.188)

Visits until HAART .036 .013 -.014
(.028) (.033) (.033)

Visits until HAART × Salient . .072 .094∗

(.057) (.056)

Obs. 1377 1377 1377
Panel B.2: African Americans

Salient Group -.350∗∗ -.401∗ -.640∗∗∗

(.144) (.222) (.237)

Visits until HAART .014 .008 -.027
(.032) (.040) (.040)

Visits until HAART × Salient . .021 .082
(.067) (.074)

Obs. 890 890 890
Basic Controls N N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence. 193



Table B.25: Differences-in-Differences Using Visits Until HAART, Stimu-
lants

[1] [2] [3]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

Salient Group .018 -.060 -.054
(.124) (.200) (.199)

Visits until HAART .088∗∗∗ .075∗∗ .094∗∗

(.031) (.038) (.040)

Visits until HAART × Salient . .032 .030
(.061) (.060)

Obs. 1403 1403 1403
Panel A.2: African Americans

Salient Group .175 .007 .018
(.156) (.239) (.246)

Visits until HAART .082∗∗ .056 .072
(.038) (.044) (.046)

Visits until HAART × Salient . .068 .065
(.070) (.071)

Obs. 888 888 888
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

Salient Group -.056 -.101 -.097
(.124) (.200) (.197)

Visits until HAART .095∗∗∗ .089∗∗ .137∗∗∗

(.030) (.038) (.039)

Visits until HAART × Salient . .018 -.007
(.061) (.058)

Obs. 1377 1377 1373
Panel B.2: African Americans

Salient Group -.040 -.191 -.122
(.154) (.237) (.235)

Visits until HAART .082∗∗ .065 .138∗∗∗

(.036) (.042) (.040)

Visits until HAART × Salient . .060 .004
(.069) (.066)

Obs. 890 890 890
Basic Controls N N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence. 194



Table B.26: Differences-in-Differences Using Visits Until HAART, Heroin

[1] [2] [3]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

Salient Group .112 .088 .109
(.136) (.234) (.240)

Visits until HAART .073∗∗ .070 .104∗∗

(.036) (.044) (.048)

Visits until HAART × Salient . .009 -.0005
(.073) (.074)

Obs. 1403 1403 1403
Panel A.2: African Americans

Salient Group .091 -.017 -.013
(.170) (.307) (.312)

Visits until HAART .054 .037 .059
(.047) (.047) (.053)

Visits until HAART × Salient . .044 .034
(.102) (.101)

Obs. 888 888 888
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

Salient Group .014 -.028 .027
(.142) (.232) (.241)

Visits until HAART .068∗∗ .063 .122∗∗∗

(.032) (.039) (.041)

Visits until HAART × Salient . .017 -.010
(.070) (.073)

Obs. 1377 1377 1373
Panel B.2: African Americans

Salient Group -.064 -.260 -.099
(.178) (.308) (.316)

Visits until HAART .028 .003 .068
(.040) (.036) (.050)

Visits until HAART × Salient . .078 .039
(.098) (.102)

Obs. 890 890 890
Basic Controls N N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence.
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Table B.27: Differences-in-Differences for pre-HAART Domestic Violence,
Salient Group vs HIV+ High CD4 Count Women

[1] [2]

Full Sample

Salient Group -.179 -.133
(.175) (.177)

1 visit until HAART .043 .056
(.111) (.113)

2 visits until HAART .262∗∗ .270∗∗

(.123) (.125)

3 visits until HAART .294∗ .311∗

(.162) (.165)

1 visit until HAART × Salient .152 .130
(.194) (.196)

2 visits until HAART × Salient .154 .144
(.206) (.207)

3 visits until HAART × Salient .035 -.003
(.254) (.261)

Obs. 1410 1410
African Americans

Salient Group -.322 -.284
(.214) (.218)

1 visit until HAART -.098 -.109
(.131) (.133)

2 visits until HAART .145 .134
(.150) (.154)

3 visits until HAART .232 .229
(.198) (.201)

1 visit until HAART × Salient .479∗∗ .486∗∗

(.231) (.235)

2 visits until HAART × Salient .400 .416∗

(.248) (.249)

3 visits until HAART × Salient .045 .014
(.327) (.332)

Obs. 893 893
Basic Controls N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence.
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Table B.28: Differences-in-Differences for pre-HAART Domestic Violence,
Salient Group vs HIV− Women

[1] [2]

Full Sample

Salient Group -.364∗∗ -.355∗∗

(.176) (.181)

1 visit until HAART .020 .019
(.108) (.110)

2 visits until HAART .003 -.004
(.122) (.125)

3 visits until HAART .410∗∗∗ .382∗∗∗

(.143) (.145)

1 visit until HAART × Salient .212 .212
(.194) (.198)

2 visits until HAART × Salient .450∗∗ .451∗∗

(.207) (.210)

3 visits until HAART × Salient -.044 -.024
(.244) (.246)

Obs. 1395 1395
African Americans

Salient Group -.324 -.311
(.217) (.221)

1 visit until HAART -.024 -.016
(.134) (.135)

2 visits until HAART -.013 -.017
(.146) (.148)

3 visits until HAART .423∗∗ .413∗∗

(.184) (.183)

1 visit until HAART × Salient .405∗ .400∗

(.233) (.237)

2 visits until HAART × Salient .558∗∗ .567∗∗

(.245) (.247)

3 visits until HAART × Salient -.146 -.165
(.318) (.317)

Obs. 902 902
Basic Controls N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence.
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Table B.29: Differences-in-Differences for pre-HAART Employment,
Salient Group vs HIV+ High CD4 Count Women

[1] [2]

Full Sample

Salient Group -.155 -.209
(.138) (.149)

1 visit until HAART .048 .029
(.074) (.081)

2 visits until HAART -.021 -.007
(.076) (.084)

3 visits until HAART -.022 -.058
(.112) (.121)

1 visit until HAART × Salient .007 .006
(.117) (.134)

2 visits until HAART × Salient -.067 -.092
(.127) (.140)

3 visits until HAART × Salient .171 .214
(.174) (.186)

Obs. 1431 1431
African Americans

Salient Group -.050 -.110
(.172) (.178)

1 visit until HAART .181∗ .169∗

(.095) (.098)

2 visits until HAART -.049 -.013
(.108) (.111)

3 visits until HAART -.168 -.151
(.165) (.169)

1 visit until HAART × Salient -.139 -.123
(.152) (.169)

2 visits until HAART × Salient -.151 -.179
(.162) (.168)

3 visits until HAART × Salient .251 .234
(.234) (.240)

Obs. 914 914
Basic Controls N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence.
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Table B.30: Differences-in-Differences for pre-HAART Employment,
Salient Group vs HIV− Women

[1] [2]

Full Sample

Salient Group -.546∗∗∗ -.612∗∗∗

(.137) (.147)

1 visit until HAART -.134∗ -.178∗∗

(.072) (.079)

2 visits until HAART -.216∗∗ -.260∗∗∗

(.085) (.095)

3 visits until HAART -.036 -.058
(.120) (.130)

1 visit until HAART × Salient .193∗ .220∗

(.116) (.133)

2 visits until HAART × Salient .134 .159
(.132) (.146)

3 visits until HAART × Salient .189 .193
(.179) (.193)

Obs. 1423 1423
African Americans

Salient Group -.417∗∗ -.533∗∗∗

(.171) (.184)

1 visit until HAART -.224∗∗ -.304∗∗∗

(.092) (.102)

2 visits until HAART -.102 -.150
(.103) (.120)

3 visits until HAART .039 -.017
(.148) (.163)

1 visit until HAART × Salient .265∗ .355∗∗

(.151) (.179)

2 visits until HAART × Salient -.098 -.052
(.159) (.177)

3 visits until HAART × Salient .045 .131
(.223) (.241)

Obs. 919 919
Basic Controls N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence.
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Table B.31: Differences-in-Differences for pre-HAART Stimulant Use,
Salient Group vs HIV+ High CD4 Count Women

[1] [2]

Full Sample

Salient Group -.086 -.083
(.159) (.161)

1 visit until HAART -.047 -.025
(.088) (.090)

2 visits until HAART .127 .144
(.097) (.099)

3 visits until HAART .294∗∗ .334∗∗

(.135) (.131)

1 visit until HAART × Salient .247∗ .248∗

(.144) (.148)

2 visits until HAART × Salient .203 .208
(.156) (.160)

3 visits until HAART × Salient .011 .010
(.213) (.214)

Obs. 1433 1433
African Americans

Salient Group .078 .080
(.194) (.202)

1 visit until HAART -.042 -.003
(.115) (.119)

2 visits until HAART .039 .050
(.126) (.129)

3 visits until HAART .437∗∗ .489∗∗∗

(.176) (.177)

1 visit until HAART × Salient .207 .197
(.174) (.180)

2 visits until HAART × Salient .328∗ .345∗

(.187) (.193)

3 visits until HAART × Salient -.228 -.254
(.252) (.258)

Obs. 911 911
Basic Controls N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence.
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Table B.32: Differences-in-Differences for pre-HAART Stimulant Use,
Salient Group vs HIV− Women

[1] [2]

Full Sample

Salient Group -.033 -.087
(.162) (.166)

1 visit until HAART .207∗∗ .239∗∗

(.094) (.102)

2 visits until HAART .408∗∗∗ .450∗∗∗

(.104) (.111)

3 visits until HAART .366∗∗∗ .415∗∗∗

(.138) (.142)

1 visit until HAART × Salient -.011 -.014
(.148) (.156)

2 visits until HAART × Salient -.083 -.089
(.161) (.170)

3 visits until HAART × Salient -.065 -.065
(.216) (.224)

Obs. 1419 1419
African Americans

Salient Group -.007 -.049
(.195) (.202)

1 visit until HAART .220∗∗ .281∗∗

(.106) (.112)

2 visits until HAART .415∗∗∗ .498∗∗∗

(.129) (.135)

3 visits until HAART .356∗∗ .465∗∗∗

(.166) (.172)

1 visit until HAART × Salient -.055 -.072
(.168) (.178)

2 visits until HAART × Salient -.048 -.084
(.189) (.199)

3 visits until HAART × Salient -.147 -.215
(.245) (.258)

Obs. 919 919
Basic Controls N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence.
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Table B.33: Differences-in-Differences for pre-HAART Heroin Use, Salient
Group vs HIV+ High CD4 Count Women

[1] [2]

Full Sample

Salient Group .072 .058
(.192) (.202)

1 visit until HAART .005 .034
(.127) (.137)

2 visits until HAART .110 .155
(.134) (.143)

3 visits until HAART .205 .262
(.194) (.206)

1 visit until HAART × Salient .053 .065
(.199) (.214)

2 visits until HAART × Salient .141 .184
(.206) (.223)

3 visits until HAART × Salient .092 .134
(.288) (.308)

Obs. 1433 1433
African Americans

Salient Group .158 .133
(.241) (.256)

1 visit until HAART -.065 -.054
(.186) (.198)

2 visits until HAART .052 .079
(.188) (.203)

3 visits until HAART .280 .352
(.251) (.276)

1 visit until HAART × Salient -.072 -.074
(.295) (.316)

2 visits until HAART × Salient .103 .165
(.282) (.308)

3 visits until HAART × Salient -.337 -.336
(.385) (.434)

Obs. 911 911
Basic Controls N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence.
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Table B.34: Differences-in-Differences for pre-HAART Heroin Use, Salient
Group vs HIV− Women

[1] [2]

Full Sample

Salient Group .013 .022
(.191) (.202)

1 visit until HAART .117 .183
(.120) (.133)

2 visits until HAART .244∗∗ .321∗∗

(.114) (.125)

3 visits until HAART .084 .165
(.156) (.165)

1 visit until HAART × Salient -.063 -.117
(.195) (.215)

2 visits until HAART × Salient .004 -.023
(.194) (.219)

3 visits until HAART × Salient .210 .243
(.264) (.292)

Obs. 1419 1419
African Americans

Salient Group -.068 .001
(.233) (.249)

1 visit until HAART -.127 -.094
(.131) (.164)

2 visits until HAART .092 .189
(.131) (.154)

3 visits until HAART -.069 .061
(.177) (.182)

1 visit until HAART × Salient -.009 -.044
(.264) (.301)

2 visits until HAART × Salient .063 .031
(.247) (.291)

3 visits until HAART × Salient .011 .061
(.342) (.407)

Obs. 919 919
Basic Controls N Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. Basic controls include age at visit, age squared, age cubed, race (Caucasian
omitted), and site of visit (Chicago omitted). Demographic controls include income (less
than $6000 omitted), employment status, marital status (never married omitted), and an
interaction between employment and income bin. Risky behavior controls include crack
use, cocaine use, marijuana use, heroin use, cigarette smoking (never smoker omitted),
alcohol use (abstainer omitted), the number of male sex partners in the last six months,
and a dummy for the woman living with kids at baseline. The dependent variable is
experiencing domestic violence.
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Table B.35: Differences-in-Differences—Hard Drugs

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.268∗∗∗ -.198∗∗∗ -.303∗∗∗ -.275∗∗∗
(.039) (.051) (.057) (.068)

Salient Group -.102 .060 .091 .144
(.090) (.097) (.098) (.092)

Salient × HAART . -.197∗∗ -.154∗ -.152
(.080) (.084) (.102)

Hard drugs pre-HAART . . . 1.636∗∗∗
(.079)

Obs. 16253 16253 16253 16253
Panel A.2: African Americans

HAART available -.313∗∗∗ -.242∗∗∗ -.368∗∗∗ -.326∗∗∗
(.051) (.066) (.072) (.083)

Salient Group -.065 .098 .167 .236∗∗
(.112) (.124) (.128) (.118)

Salient × HAART . -.197∗ -.165 -.167
(.104) (.109) (.128)

Hard drugs pre-HAART . . . 1.540∗∗∗
(.102)

Obs. 9343 9343 9343 9343
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.253∗∗∗ -.174∗∗∗ -.343∗∗∗ -.234∗∗∗
(.042) (.055) (.063) (.071)

Salient Group -.256∗∗∗ -.076 -.142 -.016
(.091) (.099) (.102) (.091)

Salient × HAART . -.218∗∗∗ -.170∗ -.224∗∗
(.083) (.091) (.102)

Hard drugs pre-HAART . . . 1.350∗∗∗
(.098)

Obs. 14885 14885 14885 14885
Panel B.2: African Americans

HAART available -.300∗∗∗ -.223∗∗∗ -.439∗∗∗ -.315∗∗∗
(.053) (.068) (.081) (.093)

Salient Group -.245∗∗ -.070 -.110 .051
(.115) (.128) (.138) (.122)

Salient × HAART . -.211∗∗ -.194 -.242∗
(.105) (.120) (.134)

Hard drugs pre-HAART . . . 1.333∗∗∗
(.134)

Obs. 8801 8801 8801 8801
Basic Controls N N Y Y

Hard drugs are defined as having used crack, heroin, (illicit) methadone, or cocaine in
the last six months. The salient group is defined as having a minimum pre-HAART CD4
count between 300 and 399. The sample is restricted to women from the first cohort. Basic
controls include age at visit, age squared, age cubed, race (Caucasian omitted), and site of
visit (Chicago omitted). Demographic controls include income (less than $6000 omitted),
employment status, marital status (never married omitted), and an interaction between
employment and income bin. Risky behavior controls include the number of male sex
partners in the last six months, and a dummy for the woman living with kids at baseline.
The dependent variable is using hard drugs in the last six months. Hard drugs are defined
as having used crack, heroin, (illicit) methadone, or cocaine in the last six months.
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Table B.36: Differences-in-Differences—Heavy Drinking

[1] [2] [3] [4]

Panel A: Salient vs High CD4 HIV+ Women

Panel A.1: Full Sample

HAART available -.316∗∗∗ -.291∗∗∗ -.263∗∗∗ -.172∗∗
(.046) (.059) (.069) (.078)

Salient Group -.029 .028 .064 .155
(.095) (.121) (.122) (.105)

Salient × HAART . -.071 -.051 -.066
(.095) (.097) (.116)

Heavy drinker pre-HAART . . . 1.354∗∗∗
(.084)

Obs. 16206 16206 16206 16206
Panel A.2: African Americans

HAART available -.306∗∗∗ -.269∗∗∗ -.215∗∗∗ -.112
(.055) (.070) (.079) (.090)

Salient Group .059 .139 .181 .206
(.117) (.151) (.150) (.128)

Salient × HAART . -.098 -.099 -.101
(.113) (.115) (.136)

Heavy drinker pre-HAART . . . 1.262∗∗∗
(.104)

Obs. 9322 9322 9322 9322
Panel B: Salient vs HIV− Women

Panel B.1: Full Sample

HAART available -.180∗∗∗ -.070 -.145∗ -.043
(.050) (.065) (.074) (.084)

Salient Group -.153 .084 .056 .108
(.098) (.124) (.124) (.108)

Salient × HAART . -.290∗∗∗ -.266∗∗∗ -.297∗∗
(.099) (.101) (.120)

Heavy drinker pre-HAART . . . 1.330∗∗∗
(.095)

Obs. 14840 14840 14840 14840
Panel B.2: African Americans

HAART available -.214∗∗∗ -.115 -.226∗∗∗ -.144
(.059) (.078) (.088) (.102)

Salient Group -.045 .158 .118 .123
(.121) (.156) (.157) (.140)

Salient × HAART . -.248∗∗ -.237∗ -.229
(.118) (.122) (.147)

Heavy drinker pre-HAART . . . 1.288∗∗∗
(.114)

Obs. 8782 8782 8782 8782
Basic Controls N N Y Y

The salient group is defined as having a minimum pre-HAART CD4 count between 300
and 399. The sample is restricted to women from the first cohort. Basic controls include
age at visit, age squared, age cubed, race (Caucasian omitted), and site of visit (Chicago
omitted). Demographic controls include income (less than $6000 omitted), employment
status, marital status (never married omitted), and an interaction between employment
and income bin. Risky behaviors include crack use, cocaine use, marijuana use, heroin use,
cigarette smoking (never smoker omitted), alcohol use (abstainer omitted), the number of
male sex partners in the last six months, and a dummy for the woman living with kids at
baseline. The dependent variable is heavy drinking in the last six months, which is defined
as having 14 or more drinks per week.
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Table B.37: Partnership, Domestic Violence Transition Matrix for the
Salient Group, Pre-HAART

No DV DV only at t+1 DV only at t DV at t and t+1 Total
Stayed out 61 45 55 45 59
Entered 4 5 5 1 4
Exited 4 11 7 7 5
Stayed in 30 40 33 47 32
Total 100 100 100 100 100
N 2823 167 276 128 3394

Partnership refers to being married or living with a partner. Numbers refer to the per-
centage of women in each category.

Table B.38: Partnership, Domestic Violence Transition Matrix for the
Salient Group, Post-HAART

No DV DV only at t+1 DV only at t DV at t and t+1 Total
Stayed out 64 56 62 54 63
Entered 4 3 2 5 4
Exited 4 11 7 8 4
Stayed in 28 30 28 33 28
Total 100 100 100 100 100
N 3579 149 184 101 4013

Partnership refers to being married or living with a partner. Numbers refer to the per-
centage of women in each category.
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Table B.39: Domestic Violence, Partnership Transition Matrix for HIV+
Women in the First Cohort, Pre-HAART

Stayed out Entered Exited Stayed in Total
No DV 86 84 72 80 83
DV only at t+1 4 6 11 6 5
DV only at t 8 10 12 8 8
DV at t and t+1 3 1 5 6 4
Total 100 100 100 100 100
N 2013 143 166 1072 3394

Partnership refers to being married or living with a partner. Numbers refer to the per-
centage of women in each category.

Table B.40: Domestic Violence, Partnership Transition Matrix for HIV+
Women in the First Cohort, Post-HAART

Stayed out Entered Exited Stayed in Total
No DV 90 92 78 89 89
DV only at t+1 3 3 10 4 4
DV only at t 5 3 8 5 5
DV at t and t+1 2 3 5 3 3
Total 100 100 100 100 100
N 2541 158 173 1141 4013

Partnership refers to being married or living with a partner. Numbers refer to the per-
centage of women in each category.
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