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CONSIDERATIONS OF EFFICIENCY IN POLICY EVALUATION:
AN APPLICATION TO CHILD WELFARE POLICY
BY
Ashley Provencher
ABSTRACT

Amartya Sen’s capability framework emphasizes that human well-bepsnds
both on the resources available to individuals and on the unique processes by which
individuals convert resources into well-being. Although the capability approach has
inspired many scholars and policymakers, its usefulness for policy evaluatiamsan
qguestion. Further, there is no consensus about how to capture the conversion process in
an evaluation of policy. In this dissertation, | argue that it is the expliathtent of the
conversion process that makes the capability framework highly useful for thatewa
of policy that aims to improve human well-being. | further show that a well-know
econometric technique, stochastic frontier analysis, captures the mast aspiects of
the conversion process. Finally, | use the stochastic frontier analyssltate the
effectiveness and efficiency of outpatient mental health services pdaaadildren who

come into contact with child protective services in the United States.
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CHAPTER 1
THEORETICAL DIFFERENCES BETWEEN THE NEOCLASSICAL
ECONOMIC FRAMEWORK AND THE
CAPABILITY FRAMEWORK

The capability framework, first introduced by Amartya Sen, is a conakpt
framework to assess individual well-being. Well-being is defined in territeeadrray of
opportunities available to a person to actually achieve a physical, emotional, r@atl me
state, i.e. a state of being, given her available resources anesibditise those
resources.

The capability framework redirects economists to evaluate the impact@épol
that aim to improve an individual's well-being. Using this framework, policymsa&an
directly evaluate a policy either on its ability to improve an individual's actas of
being (her functioning) or her ability to achieve a state of being (hebiigaThe
capability framework has already affected policy evaluation in the afdzealth (for
example, see Anand and Dolan 2005; Hopper 2007; Ruger 2004a; Ruger 2004b; Sen
2002; Verkerk, Busschbach, and Karssing 2001), disability (for example, seeaBRlir
2004; Kuklys 2005; Lelli 2005; Nussbaum 2006; Terzi 2005; Zaidi and Burchardt 2005),
and education (for example, see Unterhalter 2003; Walker 2005; Walker 2006).

The capability framework is an alternative economic framework to the mor

widely used neoclassical framework to conduct evaluation of policies thab amprtove
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individuals’ states of being. A policy evaluation using the neoclassical Warkenstead
measures the effect of a policy as its ability to alter the consumptiavibe of an
individual with resources valued at market prices and serving as a prdxsrfoell-
being (see the founding works of Hicks 1932; Hicks 1934; Hobson 1925; Roll 1938;
Stigler 1941; and Veblen 1900). But not all policies affect an individual’'s consumption
behavior. Some policies may only aim to influence an individual’s state of being and
have no intended effect on an individual’s market behavior.

For instance, the Adoption and Safe Families Act of 1997 explicitly charges the
U.S. child welfare system with improving the well-being of children in fostes
(Wulczyn, Barth, Yuan, Harden, and Landsverk 2005). While it is possible to evaluat
the policy based on resulting changes in the behaviors of the state and its ageis, suc
foster parents and adoptive parents, to measure the effect of the public policy, a more
explicit valuation would estimate the well-being of a foster child. Ircdses where a
policy aims to improve an individual's well-being, the capability framework carsbd
to evaluate policies based on their stated mission rather than relying on ergabim
proxies to measure the effect of a policy.

Differences in the conceptualization of well-being between the capabilit
framework and neoclassical framework can result in different mehstfects of a
policy and policy prescriptions. Until now, the literature on policy outcome evaluation
has not thoroughly reviewed these differences, nor has the capability literature
emphasized these differences. As a result, researchers are skaptiicalhether the

capability framework offers anything for policy outcome evaluation diffiefrem the
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neoclassical framework (see Sugden (1993); Ysander (1993); Srinivasan (1994); and
Roemer (1996)).

In what follows, | survey policy evaluations conducted by researchers w@sihg e
framework and compare the findings of these studies in order to demonstrate the
divergence in policy prescriptions that results from the application of esclewwork. |
show that in some instances the theoretical frameworks have different iropkdatr

the most effective policy response.

A Brief Review of the Neoclassical Framework

The objective of policy outcome evaluation is to measure the impact of economic
and social policies on the welfare of individuals and soci€he neoclassical
framework, the more widely used framework for policy outcome evaluassesses a
policy based on its measured effect on individual or social utility. In thisoseetiter a
brief review of the neoclassical framework, | highlight the fact that tbelagsical
framework does not capture the ability of individual to transform resources @fito w
being.

Policy evaluation is a subset of literature within the neoclassical parddaj is
concerned with the measurement of the effectiveness and efficiency edp@iee Head
(2008) and Rossi and Williams (1972)). This literature focuses on three types of
evaluation: outcome evaluation, cost-benefit evaluation, and process evaluation. While
each of these strands of literature exhibits some similarity to gadbiigy framework,
none fully capture the theoretical underpinnings of the capability framework. Most

obviously, the policy evaluation literature assumes an individual efficientiyasil
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resources in order to maximize utility subject to their resource constraietfisient use
of resources is not assumed in the capability framework.

In the neoclassical framework, the individu&é presumed to make decisions by
maximizing her utilityu subject to her budget constraint. Her budget constraint is
dependent on her exogenous incamehe prices of goods, and her consumption of

goodsx:
maxu; = u(x) s.t. px=m; wherei=1,..,n. (5)

For simplicity, assuming there is perfect competition in the marketjglad any good
can be purchased in the market place, then prices are the same for all individwals a
market and non-market goods have some market price. Note that monetary reseurces a
the primary factor constraining an individual’s utility maximization, other than t
individual’s utility function, which describes her preference rankings.

Assuming local nonsatiation, the individual will choose to consume the bundle of
goodsx* that maximizes her utility and fully expends her monetary resources given a

level of prices and incomex*=m. Now, the consumer’s maximization problem is:
v; =v(p,m;)) = maxu(x) s.t. px=m (6)

where the indirect utility functiom measures the maximum utility achievable at given

pricesp and incomen.

1. Itis conceivable that a different preferenagkiag could result in a different level of achieved
utility given the same market prices and incomend@ptually, the individual would maximize a diffate
utility function subject to the same market prio@sgoods and services and the same income. Ofegours
any new ranking must still conform to the assunmiof revealed preference theory.
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Within the neoclassical framework, the indirect utility function can be wsed t

estimate the effect of a policy as the change in utility before andladténposition of a
policy. The effect of the policy on individual welfare can be estimated-as

d _avami v
Vi_ami ot 7)

A policy increases individual well-being if she is able to achieve a highardé utility

after the policy is imposed. (See table 2 for a summary of measured pteictg ¢f

Table 1. Measured Policy Effects by Framework

Framework Measured effect

Neoclassical thought v; = v(p,m;) = maxu(x) s.t. px =m
dv dm;

V= ——

- adm; on

Capability framework b; = fi(c(x)|zi, z5, Z0) , fi(*) € F;and V x; € X;
By ={bilb; = fi(x;), V¥ fi(") € F;and V x; € X;}

b = %% 4y d
L7 ox om T dz o T

Conceptually, the measured change in consumption of a good for a price change
correlates with an examination of the shape of the demand curve for that good, or its
elasticity. For instance, suppose the stated goal of a policy is to indreasmsumption
of a normal gooa, denoted)y. The government will subsidize the cosixdb

effectively lower the pric®. In figure 1, this is shown as a counterclockwise pivot of

2. Four assumptions are necessary to estimatdféu ef a policy change: the social utility
function is differentiable; the social utility fution is continuous; the social utility functionseparable;
and the social utility function has ratio scale meability.

3. This discussion follows Kuklys (2005, 13-14).



6
the budget constraint such that relatively more of gocah be consumed at each level
of consumption of all other goods (AOG). If the quantitx abnsumed increases from
to x’, the subsidy is evaluated as successful. The subsidy is evaluated as uhsufccess
people consume the same amount or lessaod consume more AOG. The subsidy
increases the welfare of the individual regardless of whether the subsilusted as
successful or unsuccessful. That is, we could conclude that the subsidy waschoteffe
at meeting its goal even if consumers have higher utility because of timarsffect.
Moreover, the neoclassical framework does not consider the effect of the subsidy
opportunities for the individual to achieve higher levels of utility (i.e. the size @irdae

between the budget constraints in figure 1).

AOG

[
|
! !

X" X X' X

Figure 1. Effect of a Policy Change in the Neoclassical Framework.
Social welfaréV can be measured using the social utility functihe social

utility function G is dependent on the consumption of goods of each of its members, i.e.

the utility of each individual, where individual indirect utilities are weighte

W =G(v1(p,my), ., va(p, M) (8)
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The effect of a policy on social welfavétherefore is measured as the change in income

of each individual:

n

ow oG
0G ami

i=1

dm; = z Bi (m)dm; (9)

wheregi(m) is the marginal social utility of inconma. If marginal social utility of

income is constant and equal across individuaJs(s®)=1, then:

n
dw = Z dm;.  (10)
i=1

The effect of a policy change on social welfare is equal to the sum of thad parti

derivatives with respect to the social utility function.

Sen’s Critique of the Neoclassical Framework

Sen has argued that the neoclassical framework incompletely modelduadlivi
and social welfare. Using three primary critiques, Sen highlights thtatioms of the
neoclassical framework to assess individual and social welfare: its esiphabie
consequence of an act and disregard for the motivation of an act; its aggregation of
individual welfare rankings to acquire a social welfare ranking; aneliance on
monetary resources to gauge individual welfare. Below, | present Sditjseand
explain how his conceptual framework, the capability framework, attempts to «ddres

each of these criticisms.



First Criticism: Fails to Consider the
Reason for Choice

The neoclassical framework relies heavily on assumptions about preferences and
choice so that they may disregard any considerations of why an individual chooses a
particular element from a menu of optidhis. doing so, the neoclassical framework
underscores the consequences of choice without considering the deliberation for choice
But the process by which preferences develop may also significantly thiédevel of
utility gained from a consumption bundle. For instance, an individual’s history of
consumption may influence the marginal level of happiness she experiences from
consuming the next bundle solely because extensive exposure to certain influences or
situations has altered her preferences. Such preferences are calledanafgrences.

The neoclassical framework relies on the Weak Axiom of Revealed Preference
(WARP) and Strong Axiom of Revealed Preference (SARP) to guaranteedfetpces
are revealed in a given choice situation (see appendix A). Unfortunately these
assumptions are not strong enough to make inferences across all choice situations
order to more completely model choice behavior, two additional assumptions are
necessary to derive implications from choice functions (Sen 1970, 16-20): contraction

consistency and expansion consistency.

4. Appendix A lists the familiar assumptions of tieoclassical framework.

5. The neoclassical framework considers adaptipeesations in macroeconomic models (see
Fisher (1930)). However, models of individual cleobehavior do not account for adaptive expectations
adaptive preferences. It is important to note éxgiectations and preferences are not synonymous.
Preferences are individual tastes for outcomesanipectations influence an individual’s predictiaf
future outcomes.
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Contraction consistency asserts that the removal of any element fromoese
not affect an individual's preferences over the remaining elements. Considenmamel
that is contained in two seSandT, where seBis contained within séf. It must be true
that elemenx will be chosen from s& if the elemenk is chosen from sét. Suppose&
is chosen from one choice €fThen ifx is also an element in a choice $&ndT is a
proper subset d (every element iff is also inS), x must be chosen from SEt

Expansion consistency assumes that expansion of the choice set does not affect
the ranking of elements within the original set. Consider two elememtdy that are
contained in two setSandT where seSis contained within sék. If elementx is chosen
over elemeny in setS then the elementmust also be chosen over elemeit setT.
Moreover, if an elementis chosen from every set in a particular class, it must also be
chosen from their union.

While contraction consistency and expansion consistency can be assumed to more
completely model choice behavior, such assumptions may be tod 3tniete are three
reasons why these assumptions may fail. First, the assumptions of contraction and
expansion consistency may not hold if the decision rule relies on the position of the
element in some ordering of the elements. Let parsbnose between taking the last
appley or having nothing. Person decides not to take the last apple as she feels this
would be rude. However, if the basket had two appkesdz, then she would have

chosery.

6. Empirical studies in behavioral economics hasonstrated the failure of these properties
(Johnson and Mathews 2001; Kalai, Rubinstein, gridgier 2002; Miguel, Ryan, and Amaya-Amaya
2005; Sippel 1997).
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Second, these properties will be contradicted if the information influencing the
decision rule changes because of the addition or exclusion of elements. Lef person
choose between a large slice of caled a smaller slicg Persorj, adhering to socially
acceptable behaviors, does not want to appear greedy by taking the largest lse
choosey. His choice would still be consistent with his principle not to appear greedy if
he chose from the sefx,y,z}andzis an even larger slice than

Finally, the decider must have the ability to reject alternatives. Fanicestan
individual might select to be nourished or malnourished. We cannot deduce if the
individual selected to fast or was starved of nutrition in the case of malnourishritent. A
three failures can be averted if we observe some external object of choier teimfan
individual will choose. These failures further demonstrate that an individual’'sarecis
rule is determined by her motivation for the choice. In order to determine if the indlividua
has made an irrational choice or an inconsistent choice, we must consider thearahtex
the individual’s motivation (Sen 1993; Sen 1995; Sen 1997b; Sen 1999b). We might
judge some observed choice to be irrational using standard axioms of choice but no
longer denote this as irrational once we understand the individual's reason fooitte ¢
Sen argues, for this reason, that the standard axioms of rational choice theory
incompletely capture real choices. A more complete framework for welifaunld
consider both an individual’s level of well-being and the process by which sheexchiev
well-being.

Dowding (2002) argues that the standard axioms of revealed preference are
theoretically justified and are used to make inferences within the mogetiogss.

Revealed preference analysis allows researchers to measure hedegincties and
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changes thereof without considering the motivation behind individual choices (Dowding
2002, 276-277). The axioms allow us to identify testable hypotheses. Empirically,
researchers acknowledge that an individual is unlikely to be faced withyetkecHame
choice set under precisely the same conditions. If she were, she would choaseethe s
consumption bundle. Preferences are assumed to be explained by the correlations
between the structural variables in aggregate data analysis (Dowding 2002, 279).

Still, revealed preference theory evaluates each individual’s circocestan
terms of her own system of values but never identifies those values. Even with
consistency of choice, revealed preference theory is problematic since shoioted in
each individual's values. Consider an individual who chooses to fast because of religious
faith and an individual who is anorexic. Both individuals choose not to eat but we know
nothing about each individual's value for food or value of not eating.

To improve on the neoclassical framework, the capability framework directly
accounts for the individual’s process to utilize resources and achieve a state of
being. The capability framework models an individual’s utilization of resources,
emphasizing that the individual’'s abilities can be limited by personal $astaxternal
factors such as her environment or social norms. (The individual’s model in the iapabll

framework is presented later.)

Second Criticism: Summed Individual Welfare
Functions Does Not Equate With Social Value

Sen argues that it is permissible to identify affordable consumption bundles given
a particular amount of resources but it is unacceptable to assume that individuals wil

achieve the same level of utility from the consumed bundles. An individual with
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seemingly consistent choice behavior over similar menus may not have edngrue
utilities even if we can ensure the consistency of choice over menus. Thigibalk cr
implications for how we understand demand functions.

Demand functions are determined by individual utility achievements for particula
bundles of goods. But individuals with the same demand function do not necessarily have
the same interpersonal utility for any given commaodity bundle (Sen 1997a, 392). For
instance, “even if a person who is disabled or ill or depressed happens to have the same
demand function as another who is not disadvantaged in this way, it would be quite
absurd to assume that she is having exactly the same utility or well-bmim@ fgiven
commodity bundle as the other can get from it” (Sen 1997a, 392). Assuming individual
utilities are comparable effectively ignores fundamental charaateristich as health
status, which may affect the well-being of an individual.

Market demand is the result of the aggregation of individual demand functions,
and therefore individual preferences. Individual demand curves represent an ingividua
demand for a particular good at a given market price. The derivation of an individual
demand curve is contingent on the amount of marginal utility that the individual ieceive
from consuming a particular amount of the good, her budget constraint, and market

prices. An individual maximizes her utility subject to her budget constraint. Irasieeod

7. A neoclassical economist might pasit, A) = Ax;, wherec is consumption ané is technical
efficiency of consumption, wherkis a function of good health (not disabled) arele¢hvironment to get
at a similar analysis. But this analysis wouldibg@ted to the level of utility achieved given the
maximization problem. In this regard, utility ismparable to functioning achievement. The capability
framework, however, measures individual well-bedsghe set of functionings available to the indiald
given her resources, environment, and conversificiezfcy, similar to the consumption space in the
neoclassical framework.
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two goods X andy), the individual maximizes her utility when the marginal rate of
substitution betweer andy is equal to the price ratio of the two goods. The marginal
valuation of utility does not inform us of the absolute valuation that an individual places
on a particular good. Utils have no intrinsic value; they are ordinal. Additionally, the
neoclassical framework does not consider the individual’s motivation for such a ranking
Aggregating independent individual values may not, and often will not, produce a
meaningful understanding of the social value of a particular bundle.

Moreover, the sum-ranking of individual utilities ignores personal distribution of
utility (Sen 1973, 16). As previously noted, the amount of resources necessary to achieve
a given level of utility may vary across individuals. Failing to account foethes
distributional differences also ignores differences in the opportunities laleaita each
individual as a result of these resources. The capability framework stthsseiew by
assuming individuals have different abilities to utilize resources. Biftars in

individuals’ abilities are shown to lead to differences in individuals’ opportunities.

Third Criticism: Monetary Resources Do Not
Completely Measure Well-Being

Even if the assumptions of individual preferences and values are overcome, Sen
does not believe that measuring resource consumption is sufficient to gauge an
individual’'s level of well-being. How the individual uses resources and what the
individual achieves from using these resources are more indicative of hé&ewmel.

Individuals can use various combinations of resources in order to achieve the
same state of being. Monetary resources only provide individuals with the means t

achieve functionings and have no intrinsic value (Sen 1997a, 393). Sen identifies five
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reasons why the conversion of monetary resources into states of being is no¢mbnsist
across individuals: personal heterogeneities in personal characteastrronmental
differences; variations in social climate; variation between comnesnand
intra-household distribution of resources (Sen 1997a, 385-386). These heterogeneities are
why monetary resources are not a sufficient indicator of well-being.

The capability framework incorporates heterogeneity in the conversioassroc
through conversion functions and conversion factors. Both influence an individual's level
of functioning and thereby her capability set. The capability framevierietore directly
addresses how variation in the conversion of resources may result in diféeedatdf
well-being across individuals.

An appropriate framework for policy outcome evaluation would directly measure
achieved states of being especially given the complexities by whiclatbechieved.

Some people may require more monetary resources than others in order to achieve the
same level of well-being. For instance, individuals may require diffaraounts of

income to buy sufficient goods to achieve the same level of social functioning as
‘appearing in public without shame’ in the capability of ‘taking part in theolifihe
community’, particularly in cross-country analysis where countries maydiigeent

levels of income (Sen 1992, 115).

The capability framework does not completely dismantle or discount income
measures as proxies for well-being. Indeed, in some cases, income proxiss inngyly
associated with functioning achievements. The capability framework insteasl of
economists a broader framework in which to consider the impact of policies on the well

being of individuals using direct measures of well-being.
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The Capability Framework

| describe the theoretical structure of the capability framlewothis section, and
derive theoretically the effect of a policy on the well-being of an individual. The
predicted effect highlights the framework’s fundamental assumption that aiduradis
well-being is related to her ability to utilize resources.

The capability framework conceptualizes well-being as a multikioeal
outcome that relates to an individual's freedom to achieve a state of bethgoking a
state of being to achieve, an individual chooses among functioning vectors. Functionings
are the various achievements that an individual values and has the opportunity to achieve
(Sen 1992), such as good health, adequate shelter, or sufficient nourishment. An
individual’'s level of functioning is her actual state of being. (For the reader’s
convenience, table 1 gives definitions of the key terms that appear throughout this
dissertation.) An individual achieves a level of functioning as the resultliafingi
resources. The capability framework does not assume that an individuangiiyici
utilizes resources in order to achieve her best level of functioning, only thadlsles

the achieved level of the functioning vector

Table 2. Definitions of Key Terms

Term Definition

A state of being that an individual values and has the opportunity to achieve

Functioning (Sen 1999a, 75)

An individual's set of feasible functioning vectors; This set dbssran

Capability set individual's opportunities to achieve well-being (Sen 1992, 40)

Agency An individual's ability to act on behalf of what she values (Sen 1985, 206)
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Following Sen (1985), let be a vector of commodities possessed by individual
andf andc be conversion functions that describe the transformation of the commodity
vector into a vector of functioninds. The conversion functiondescribes the ability of
individuals to utilize resourcesgiven the characteristics of those resources. Since the
characteristics of resources are the same for all people, the conversitbonfamn not
unique for individual. The conversion functiohdescribes the particular abilities of

individuali to convert the commodities into some level of functioring

b; = fi(c(x)|z;, 25, 2.) , f;(:) E Fand V x; € X; (1)

The functionfi(-) is a member of the sBt which contains all possible ways a person
might transform the given commodities. Conversion functions may vary acrogsluadli
if each individual has a different technology to convert her resources into fungsgoni
An individual’s education or physical attributes (e.g. disability) may impact he
technology.

Conversion factors also limit the conversion funcfio@onversion factors may be
attributed to the individua, societyz, or the environmerg.. Individual conversion
factors include gender, age, race, and physical disabilities. Social convaxgors
include property rights, population density, and institutional norms. Environmental
influences include climate, pollution, and geography.

At any given point of time, an individual achieves some level of well-beinghwhi
can be described by a particular functioning vector. The capability frarkelwes not
assume that an individual chooses the functioning vector which is good for her, only that

she values the functioning vector.
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Sen asserts the act of choosing has intrinsic value. The simple act of beitg abl
choose between two or more goods or outcomes enhances an individual’'s well-being.
But, the absence of choice may not necessarily reduce individual well-beingde&onsi
three scenarios in which a high school student applied to universities for adedizd
receives a notification from each school regarding her application. She pnef&rto
attend Princeton University. In the first scenario, she receives an axweefgter only
from Princeton University. In the second scenario, she receives an acedptsrdrom
Princeton University and Harvard University. In the final scenario, shevescan
acceptance letter from Princeton University, Harvard University, andMfaleersity.
Using the neoclassical framework, the student’s utility is the sanlktimese scenarios —
she prefers to attend and she received a letter of acceptance from Princetositynive
The neoclassical framework only measures her utility from the outcoméebses. The
neoclassical framework does not explicitly consider the menu of options aveaildhde t
individual in determining her utility. The capability framework, in contragfues that
the menu of options available matters and the act of choosing has intrinsic galue (s
Pattanaik and Xu (1990)). In this example, the student has the greatest freedomeof choic
in the third scenario since she received letters of acceptance from more sélsmlthe
individual only chooses in the second and third scenario so her well-being should be
higher in these scenarios compared to her well-being in the first scenario.

Each individual’s set of feasible functioning vectors is called her capyadelit A
capability set describes the individual’s opportunities to achieve well-beegeT
opportunities can be alternatively thought of as the possible states of being that an

individual can achieve (Sen 1992, 40).
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For a given vector of commoditigs, the set of feasible functioningsis

determined by the set of conversion functiéns

A; ={bi|b; = f;(x)), forany fi(’) € F}.  (3)
Denoting an individual’s budget set By the set of feasible functionings is then given by
Bi(Xy) = {bi| b; = fi(c(x)|z;, 25, 2.) V f; E Fyand V x; € X;}  (4)

where the seB; reflects the capabilities of th8 individual. Capabilities depend on the
individual’'s command over commodities (the Xgtand her ability to transform
commodities into functionings (the g6}.

The capability framework recognizes that an individual’s choice of functioning
from the capability set is influence by her ability to act on behalf of whatabes. The
capability framework refers to this ability as the individual's ageney (085). Agency
is dependent on individual circumstances, interpersonal relations, social conditions,
contexts, and arrangements, and political and civil rights. Any of these faetprs m
reduce or enhance an individual’s agency. This might occur when people are unable to
exert agency when they are alienated from their befacioerced into a situation,
submissive, or passive (Ryan and Deci 2004).

Note that agency need not advance well-being. Agency will only advance

well-being if the goals that the individual thinks are important are tied tohigyes of

8. An individual is alienated from her behavioslife behaves in a way that she feels she has to
instead of behaving in a way that she wants todst cases, the individual has considered a given
behavior and has rejected it because she deemdasinable or not worthy of pursuing. The individua
may continue to desire the behavior but act diffdyedespite her best efforts. For instance, aividdal
who is addicted to drugs but no longer wishes tisame drugs will alienate herself from her behaifior
and when she consumes them (Frankfurt 1971, 17).
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well-being. Indeed, some goals may reduce well-being but improve ageneytliergoal
is achieved). Because of this, there are ambiguities and potential canftioés
formulation of agency. Individuals may or may not actually value that which igllgoci
valued, or they may value things that are detrimental to others. For instance, the
capability framework can be used to understand why an individual commits violent
criminal acts. An individual who murders another person may value his own life over the
victim’s and may exercise his ability to commit the act regardlesgidlsvalues dictate
that murder is wrong.

A policy also may influence an individual’s choice of a functioning from her
capability set. The effect of a polimyon an individual’'s well-being can be measured by

the evaluation o (following from equation (3) and (4))

= Ui g 4 Ui%2 gy

db; = ox o T o o (11)

where the first term measures the impact on goods and the second term ntkasures
impact of the policy on conversion factors.

As is shown in the next section, Sen addressed each of his criticisms of the
neoclassical framework in the developing the capability framework. The tgpabi
framework models well-being differently from the neoclassical &aork, and so the

predicted effect of policy on an individual’'s well-being also diverges acrasgeWworks.

9. Sen does not explicitly assume any functionahfof the conversion function. However, in
empirical analyses, researchers often explicitlyrgalicitly assume some functional form such as
continuous or differentiable.
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Comparing the Predicted Effect of
a Policy across Frameworks

Sen’s first critique of the neoclassical framework is its inability to idensn
individual’'s reason for choice. In contrast, the capability framework consluemadcess
to achieve a level of well-being, in addition to the individual's level of well-beinggus
functionings and conversion functions. This is an important difference between the
frameworks that contributes to differences in their predicted effecpoli@y. In the
context of policy outcome evaluation, both an individual’s level of well-being and
conversion function are determinants of the effect of a policy (see equationl(id))
conversion function can be used to determine all possible levels of functionings that a
individual could achieve given her resources and conversion factors. These possible
levels of well-being comprise the individual’'s capability set. The coraefsinction
captures and individual’s deliberation for choice indirectly since anyideaisles will
influence and individual's possible levels of well-being. However, the capability
framework does not specify a method for identifying which level of functioning an
individual will achieve given her capability set. The framework only goes s far a
require that the individual values the level. Since individuals may have differeetyal
there is no guarantee that any two individual with the same capabilityiletshieve
the same level of functioning.

Moreover, since capability sets do not depend on individual preference or
valuation (individual preference only influences which functioning an individual chooses
from her capability set), interpersonal comparisons are possible usiriglitgagats. Sen

addresses his second criticism of the neoclassical framework by diremlyrding for
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distributional differences in resources across individuals, and the abilitg of t
distribution to affect individual well-being. Failing to account for distributional
differences of resources and abilities to use resources across individoaigmares
differences in their opportunities to achieve some level of well-beingesl of
resources. The individual conversion function and conversion factors (see equation (11))
capture these distributional differences.

Sen’s capability framework does not rely soley on monetary resources to
understand the effect of policies on individual well-being. The capability wanke
highlights conversion factors as a contributing factor for individual well-bé&mplicy
has the ability to influence an individual’s well-being without influencing hell leive
resources by altering the individual’s conversion factors. (Shown in equation thg) as
marginal effect of a policyg on an individual's conversion factars

For instance, one goal of paternity leave policies is to encourage fathteg &b s
home with their children, altering the social norm that mothers should stay atamaim
care for children while fathers remain in the workforce as the bread womtkeffamily.
Paternity leave policies have the ability to affect the conversion fawtfathers and
mothers in their ability to achieve well-being. Fathers might be haippiery develop
stronger bond with children through increased interaction; or mothers might gain
increased confidence by spending more time in the workforce and contribudiuga |
percent of monetary resources to the household income. Even still, if mothershansl fat
do not alter the time they spend at home, the enactment of paternity leave pudigies

improve the well-being of parents by removing the social stigmas assbwigh gender
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roles and parental child care. Fathers might feel less social pressumk @mnaanothers
may feel less social guilt about returning to the workforce.

Both the capability framework and neoclassical framework aim to model an
individual's use of resources to achieve an outcome. The frameworks differ in how they
conceptualize the process by which an individual utilize resources and thectoay fa
influence an individual’s utilization of resources. The measured effect ofgsoliat
alter resource availability or resource utilization will differ asrtbge frameworks
because of differences in their conceptualization. This is particutadyfdr policy
outcome evaluation of welfare policies and human development policies.

While the consumption of goods is a determinant of the effect of a policy in both
the capability framework and neoclassical framework, the measuredadféepblicy
using the capability framework explicitly accounts for personal heterdgenéhe
conversion of the goods into well-being. In the capability framework, two individuals
with the same resources need not achieve the same functioning nor have the same
capability set. Individual conversion functions and conversion factors may result in
different levels of functionings and capability sets.

Consider providing the same education to a woman and a man in a country where
gender norms stipulate that a woman cannot participate in the labor market.Hgiven t
same resources (e.g. education), the man and woman might achieve diffefsmifleve
functioning and therefore have different capabilities in the capability spacerwraic
well-being. In this example, only the man has the freedom to utilize his education t

improve his economic well-being through increased labor market wages.
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Policy evaluation will have similar conclusions of the effect of a policy digss
of whether the capability framework or the neoclassical frameworlets wken that
policy has no effect on the individual’'s conversion factors and when the individual's
conversion function can be described as an indirect utility function. In these ttase
individual’'s ability to utilize resources will not have changed and her she will izalhe
utilizing resources efficiently and maximizing her utility so that sheeaes the highest
number of utils given her budget constraint.

Results of a policy evaluation differ across frameworks because it istioéease
that policies do in fact alter an individual’s ability to utilize resources la@eby alter
her conversion factors. Also, an individual’'s conversion function and utility function may
differ across contexts. For instance, an individual might choose to fast foousligi
reasons even though food is abundant. She would choose not to utilize resources
efficiently in order to achieve some valued outcome in this case.

Researchers might posit that the capability framework does not offerramythi
different theoretically that cannot already be captured in the neocldssinawork; they
argue that the capability framework simply provides a more complex frarkemvwhich
to evaluate the effect of polices on individuals. However, the variability insestrbss
empirical applications seem to suggest that the complexity of the capahbititework
better captures the intricacies of an individual’'s use of resources, atlegeeof well-
being, and the constraints on her abilities that persist and may in fact contrithee t

effectiveness of a policy.
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A Survey of Empirical Work Operationalizing
the Capability Framework

Few studies that operationalize the capability framework clearlaiexibie
divergence in policy prescriptions in comparison to the prescriptions of the nezatlassi
framework. In what follows, | survey the literature which operationatizesapability
framework in five domains of research. In each domain of research, | shawethat
estimated effect of a policy and the policy prescription that follows frorertigrical
analysis differ across framework. The differences in the estimatey pdiiects are
attributable to the impact of the policy on the conversion function and conversion factors

as shown in equation (11).

Macroeconomic Policies: Human Development

Sen (1985) first demonstrated the strengths of the capability framework by
comparing traditional macroeconomic measures of well-being to functioning
achievements across countries. Sen (1985) used 1980 data on the functionings of life
expectancy, infant mortality, and child death rates among Brazil, China, Mebaco,
and Sri Lanka. He ranked countries according to their achievement of each faigctioni
and their gross national product (GNP). According to Sen’s theory, developed economies
should have high life expectancies and low infant mortality and child death ratés. Whi
Brazil and Mexico had higher levels of GNP per capita — approximately sews tim
higher — than the other countries, both countries performed poorly across the
functionings. Life expectancy, infant mortality, and child death rates esten Sri
Lanka, more favorable in China compared to India, and better in Mexico compared to

Brazil. Country rankings based on GNP per capita ultimately were diffEoen the
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rankings based on functionings. GNP per capita did not completely convey the level of
development for all countries. While both measures provide a sufficient indicator of
production in formal markets, they do not explain resource distribution, inequality,
informal market activity, social conditions, government strength, or diversification
across sectors. Information on these particular dimensions would present acnoatea
account of the quality of life within a country and, consequently, its level of human
development.

The human development index (HDI), established by the United Nations
Development Project (UNDP), was the first measure formally adopted thaed ba
the capability framework. The HDI attempts to measure a country’d éavebof
development in comparison to its potential level of development. The index underscores
the multidimensional nature of human development as it is a composite index that
measures a country’s average achievements in three dimensions of human dexelopme
health, knowledge, and income. Since 1990, the UNDP has released an annual report that
measures a HDI for each country and ranks the countries according to dkisrenand
their gross domestic product (GDP) per capita. Positional rankings of coamitiggs
varied depending on whether countries are ranked using GDP per capita or HGHt The s

of measured functionings changes each Vear.

10. Informal markets can be a large portion of @memy, particularly in low-income countries.
(See Pratap and Quintin (2006) for further disars$iGross domestic product (GDP) and gross ndtiona
product (GNP) only measure formal market activithius in countries where informal markets comprise a
substantial amount of market activity, GDP per teaphd GNP per capita fail to capture a countsiel
of human development and economic development.

11. The UNDP has since created three additionadésdthe Gender-related Development Index,
the Gender Empowerment Measure, and the Human fydadex. These indices utilize similar estimation
techniques but consider different sets of functigsi
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The HDI and the work of Sen (1985) demonstrate that income proxies do not fully
capture a country’s level of human development. Other indicators of a country’s huma
development might produce a different relative ranking of a country’s human
development. A country’s success in one dimension of human development does not
always correlate with a country’s success in a second dimension of human development
These results ultimately demonstrate that, given a similar set of cespaountries can
utilize those resources differently to achieve various levels of human develcnesg

indicators.

Microeconomic Policies: Income

There is an expanding literature that uses micro-data and finds evideoppadot s
the conclusion that individuals who are economically poor are not necessarily
functionally poor (Balestrino 1996; Klasen 2000; Phipps 2002; Qizilbash 2002; Reddy,
Visaria, and Asali 2006; Ruggeri Laderchi 1997; Ruggeri Laderchi 1999; Ruggeri
Laderchi, Saith, and Stewart 2003). Few studies describe the relevdheseof
conclusions in a policy context other than to suggest that monetary measures of
deprivation do not correlate with measures of well-being. An exception is Qlzilbas
(2002), who examined how policy implications differ for each conceptual approach.
Using 1996 Census data from South Africa, Qizilbash (2002) examined the monetary-
poor and functioning-poor populations. His results support findings from previous
literature that individuals who are economically poor are not necessardiidnally
poor. Qizilbash (2002) notes that the government distributes public funds to South

African provinces based on economic deprivation, not functioning deprivation. Scarce
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public funds may be misdirected or inefficiently distributed to those househdldthei
lowest welfare. In a similar conclusion, Balestrino (1996) argues tkatdntransfers
may be more effective at fighting deprivation compared to cash trandpesjally for
functioning poor individuals.

Equivalence scales are used to control for possible heterogeneity in consumption
across individuals in the neoclassical framework (see Blundell and Lewbel;(1991)
Muellbauer (1977); Pollak and Wales (1979); Pollak and Wales (1992); and Slesnick
(1998)). These scales are applied to individuals or groups of individuals to adjust for
possible economies of scale in the process of converting resources into weldothag
observational units are comparable. But equivalence scales do not fully capture
heterogeneity across individuals in their conversion of resources into euadj-b
Equivalence scales merely capture (dis)economies of scale in the conyesiess of
resources into well-being; the scale factor is assumed to be the samerativadsals.

This implies that there is only heterogeneity in the conversion process based on t
magnitude of resources and well-being and not in the ability to convert resctnass a
individuals with the same level of resources.

Lelli (2005) assesses household welfare each of the methods of the capability
framework and the neoclassical framework, and then contrasts her resagtsthe
frameworks. Using household data from Italy and Belgium she estimatesdtie of a
household, proxied by household income and a set of controls including household size
and composition, age, gender, area of residence, type of occupation and sector, level of
educational attainment, and marital status. Lelli (2005) uses equivaleres iacah

effort to capture demographic differences in preferences across households acelss pr
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of converting resources into well-being. Equivalence scales are computedhastimg
of income necessary to guarantee individulaas identical fulfillment as individualon
a given dimension of well-being. For each functionings vector, the incom&jeisel

defined as:

Wl (V) = fr* (W, )} (12)

The equivalence coefficient is defined as:
m, = ; 13
h Yr ' ( )

This method assumes that income is positively related to functioning achievement

Lelli (2005) finds that the variation in household income only partly explains
variability in functioning achievements. Thus, income transfers are insufftoient
compensate individuals for low functioning achievement.

In a related study, Schokkaert and Van Ootegem (1990) study unemployment
compensation policies in Belgium. The authors measure functionings using factor
analysis. Factor analysis assumes that observed variables aredméanations of some
common underlying dimensions, called factors (see also Balestrino and Sciclone 2000;
Lelli 2001). In the context of the capability framework, the factors représectionings.
Factors serve as predictors in deriving the observed variables. The fagtassaned to
be uncorrelated with each other. The factor loadings are easily interpreégpiession

weights and correlation coefficients (Lelli 2001).
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This approach assumes that that the observed variables are dependent on one or
more latent variables. Schokkaert and Van Ootegem (1990) model the vector of observed
variables ¥, that is dimensiokx1) as determined by a vector of latent variables called
factor scoresf{ that is dimensiomx1 wherem<k), a coefficient matrix called factor

loadings 4, that is dimensiokxm), and a matrix of residuais

y=Af +&. (14)

From this equation (and knowiygand), f can be estimated using a least squares
technique.

Schokkaert and Van Ootegem (1990) conclude that the effects of unemployment
surpass mere income-loss as exhibited by functioning deprivation in social,
psychological, and physical well-being functionings. Monetary transigyedple who
are unemployed has the ability to impact an individual’s utilization function and
conversion factors. Any evaluation of this policy therefore should measurdebecdf
such transfers to the unemployed on their conversion function and conversion factors.

Previous studies also have tested empirically whether additional monetary
resources might be distributed in order to equalize the well-being of individiudky's
(2005) developed a theoretical model for capability wherein she estimaiauilitg sets
in an effort to show that the opportunities available to individuals matters. She applies he
model in the context of disabled and non-disabled individuals (see also Zaidi and

Burchardt (2005) and Mitra (2006)). The capability set is modeled as:

Ql(Yl) = h(YilZi,Zs, Ze) (15)
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where the capability s€ for individuali given her disposable inconYas determined
by the individual’s conversion functidn Kuklys (2005) assumes: the effect of
conversion factors (non-monetary constraints) on the functioning can be expseased a
effect on the capability set; the characteristics of goods are the saeverfpindividual
(soc(x)=x); all goods affecting welfare are marketable; more income rasuttere
capability; and the conversion function is monotonic.

To estimate her theoretical model, Kuklys (2005) inverts the model:
Yilzi, zg, 2z, = h_l(Qi)- (16)

The right-hand side of the equation defines a monotonic transformation of the tapabili
set. The left-hand side is readily estimated.

Empirically, she estimated equivalent household income as the income necessary
for household to achieve the same level of income satisfaction as the reference

household using equivalence scales

h

L=ew{z+ G -0} A7)

wherey is household income arzds an indicator of disability. Note this required an
additional assumption that overall household utility is additively separableitg util
derived from consumption of goods and utility derived from other sources.

Her results suggest that a disabled individual in Britain requires 56 percent more
income than a non-disabled individual in order to achieve the same level of income
satisfaction. Furthermore, a disabled individual has a capability set that isc86tper

smaller than the capability set of a healthy individual.
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Mitra (2006) discusses how disability can be measured in the capability
framework to more completely identify its economic causes and consequemees. T
capability framework constructs two distinct states of disability: piatesisability and
actual disability. An individual is actually disabled if she cannot do or be the thirgs tha
she values doing or being. In contrast, other models of disability only allow for
individuals to be disabled or not to be disabled. The capability framework also accounts
for personal heterogeneities in resource availability, charaatsriahd environment.
These factors influence an individual's actual and potential disability. @tbeels of
disability using the neoclassical framework often fail to account for sushbrpsd

heterogeneities.

Microeconomic Policies: Happiness

In another comparison of results using the capability framework and the
neoclassical framework, Anand and van Hees (2006) examined the relationnbetwee
capabilities and happiness as defined in traditional utilitarian economics. They

modeled:

w; = hy(b;)) (18)

where the happiness or utilityof individuali is a function of their functioningsand a

utility function h that relates functions to happiness and varies between individuals. The
study considered seven dimensions: happiness, sense of achievement, healttyanhtellec
stimulation, social relation, environment, and personal projects. Their empirical
estimation relied on ordinal logistic regression models, ordered logit models, and

Spearman rank correlations. Anand and van Hees (2006) concluded that higher income
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levels are associated with lower capability satisfactions. The awhggest that this
may indicate a tradeoff between objective improvement and subjectivestesain.
The authors also found evidence that individuals refer to their own capabilitiesiriaorde
assess the distribution of opportunities within society in all dimensions considesgd e

health and the environment.

Microeconomic Policies: Education

Terzi (2005) used the capability framework to contrast educational policies for
teaching children with special needs. Terzi (2005) redefines disahititg@ecial needs
in the context of the capability framework to consider justice within the edudationa
setting.

There is a policy debate in the education literature regarding whethendre
developmentally beneficial for children with special needs to learn alondsidesa
without special needs, and whether this co-learning is detrimental to the develgbme
children without special needs. This debate is referenced in the educatidurétesathe
“dilemma of difference.” Proponents of segregated teaching argue thanhtgabhdren
with and without special needs in the same classroom diverts resources ¢aaystea
time) away from children without special needs in order to accommodateschilith
special needs.

Terzi (2005) does not provide an empirical examination of this issue and therefore
does not operationalize the capability framework to make any definitive responthe
dilemma of differences. Even still, Terzi (2005) offers a thoughtful discussion of how

individual capabilities may be limited by those of others. Terzi (2005) athadecus of
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education policy should be directed to the capabilities afforded to the studenss acros
learning environments. In this regard, educating students with special nesgsdd
children without special needs may stunt the learning of children without speeds.

In another application in the education literature, Kelly (2010) identifies the
theoretical gains of operationalizing the capability framework ovendoelassical
framework in the context of school choice policy in England. Suppose parents choose a
school for their child to attend that presumably will increase the child’shegig™ In
the context of the capability framework, simply increasing the quantityhobée
available for the child to enroll in, is unlikely to improve her well-being unlesf$atts
her motivation for school choice, e.g. her expectations for success (Kelly 2010, 327).

Kelly (2010) uses Sen’s concept of adaptive preferences to argue that stadents i
public schools with few resources may develop low-expectations of themselvégiand t
achievements. Adaptive preferences suggest that people might adapt to uréavorabl
circumstances so any preference based valuation will be distorted.

Lorgelly, Lawson, Fenwick, and Briggs (2010) argued that adaptive preferences
may be a particularly difficult issue for operationalizing the capaliiiypework in the
context of policy outcome evaluation. The public, as they argue, may value a policy
outcome based on its initial outcome while those most affected by the policy might
consider its stream of benefits overtime (Menzel, Dolan, Richardson, and2ZD&2n

The issues related to adaptive preferences and policy outcome evaluation can lae avoide

12. Kelly (2010) notes that this model is hypothediunder complete information about each
school but in reality parents face much uncertaimtyeir decision of which school to enroll thehild
(Kelly 2010, 319). Parents do not know which schaftérs the best quality education for their chilat is
it clear how the child will respond to the partauschooling.
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if experts are left to determine the valuation of policy outcomes (Coast, Smith, and
Lorgelly 2008). Low expectations of the children may deter the children fréimingg
more advanced (e.g. higher-quality) schools. Indeed, differences in gipectaay help
to explain why the best students at the worst schools are most likely to takéagevaf
school vouchers and increase their choice set so that they might selectjiglitgr-
schools (Kelly 2010, 327). Under-challenged students at the low-performing schools may
maximize their utility and be “happy” according to the neoclassicaldvaork, but she
may not maximize their capability in the context of the capability fraonkew

The capability framework emphasizes an individual's values as cemtrat t
choice behavior. Using the capability framework in the context of schoolesiveecmay
explain the scenario of a family who does not value education and therefore does not
select high-quality schools for their child, and transfers their low exp@as$ of school
achievement to their child. The child’s low academic achievement will pérsise
never maximizes her potential well-being. This result is not possible in doassical
framework — we would only observe that the student maximizes her utility Qafe
preferences (for low academic achievement).

In the context of school choice, the effect of vouchers should be assessed based on
the child’s potential achievements, not their actual achievements. The stutiestelyt
might achieve a higher functioning as a result of the change in her valuatauncatien.

Assessing the policy effect of vouchers on the child and her family’s cajesbilit
highlights the interconnected relationship between policy evaluation and policy
formation. The measured effect of policies in the capability frameworthkasotential

to reveal key areas of improvements for policymakers to enact change. For instance
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policymakers might target particular conversion factors or aim to atlenidual
utilization functions in an effort to affect the individual's level of functioning and
capability.

In the case of school vouchers, the measured effect of vouchers on the capabilities
of children and their families would suggest that school vouchers should be distributed to
families for which the child experiences the greatest increase in hetwpupes for
academic achievement. This includes correcting the child and fanaily’eXxpectations
of academic success and low valuation of education — the effects on the child and
family’s utilization function and conversion factors. The increase in opportunitiekl
increase the likelihood of a change in the student’s expectations such that she would
adopt higher expectations of her academic achievements and therebyralsdudison
of academic achievemett.

Increasing the choice set to include inferior schools does not necessaegsacr
the child’s well-being of functioning achievement. If choice is a probabitisticome
and inferior schools are added to the set of schools for possible enroliment, then there is
an increased likelihood that you might enroll your child in an inferior school (Kelly 2010,
330). Regardless of the framework for analysis, it may not be the interest ofg¢hetpa
select an alternative school for their child (i.e. utilize the voucher) out obfeatecting
an inferior school. Thus, functioning and utility would remain the same. However, the

capability framework would capture this change in the potential to achieve some

13. In this regard, capabilities are endogenous.cHild must be placed in the school system
given her potential academic achievement and tisiple effects on her valuations, not her initial
capabilities
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academic level. The inferior school would impact the child’s capability bgt —

increasing the number of possible low-income achievements.

Microeconomic Policies: Social Norms

The capability framework also considers social norms as intrinsioglortant in
the effect of policies. For instance, Lewis and Giullari (2005) examine titege
division of labor between market production and household production, particularly
unpaid and paid caring labor. Lewis and Giullari (2005) argue that capability akegmiv
will persist across gender lines unless additional policies are enaaedédct for such
deprivation. Such policies would equalize unequal power relations in the choice of
employment, particularly in the selection of which gender is to perform dabing
(which is typically unpaid and women predominantly perform). Olson (2002) argued for
similar changes in the evolution of social and institutional policy relateditwydabor
and gender norms. These studies use the capability framework as a megharo ex
deprivation within society and to develop policies which will alleviate this ddjiva

In a related work, Alkire (2002) conducted a cost-benefit analysis of three
community-level development projects in Pakistan on the capabilities of cotgmuni
members using the neoclassical framework and also using the capadnitigifork. The
projects included goat rearing, female literacy classes, and roaadyprbduction.
Monetary valuations were utilized to calculate the cost-benefit analysgthe
neoclassical framework. Qualitative data was acquired on functionings fzetullitees
before and after the projects were implemented through reflection group discussions

Participants relayed stories of personal experiences and were asked e ridmke
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functionings that were most affected by each project. Finally, each projecamieed
subsequently relative to their ability to reduce poverty. The ordinal rankinigs of t
projects varied across the frameworks with discrepancies amongkiregsaof two of
the three projects. Using the neoclassical framework, the goatyeaoject was the
most beneficial and the literacy courses for women were more costly thditiaéne
(because female labor markets are small or non-existent in the respegiorg.rin
contrast, the capability framework ranked the literacy classes for maste most
beneficial of the three development projects. The literacy classes imphaved t
confidence and self-esteem among the women, effectively altering thesionviactors

of women.

Current Weaknesses with Operationalizing
the Capability Framework

While Sen has extensively described the capability framework, heohas
identified how capability sets should be valued and compared, or which functionings are
relevant. Researchers are left to debate these questions. Indeed, thesehgaps in t
literature underscore why researchers struggle to operationalize tbacppr
Researchers attempting to operationalize the capability framenfterk cite three
specific problems: whether to measure functionings or capabilities, wdypetbidities are
relevant, and how can functionings be accounted for in a multidimensional framework of
capabilities.

It is unclear from the literature whether capabilities or functioning$her most
relevant measure of well-being. Some studies focus on capabilities whilge ot

measure functioning achievement, and there is no explicit discussion of e$gaaaher
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measured one and not another. Research that focuses on an individual’s capabilities
instead of her functionings supports the belief that each person should have equal
opportunities to pursue a good life but requires the individual be responsible for their own
choices. This guarantees that each individual has equal opportunities to pursue f@ good li
but not everyone achieves a good life. In contrast, studies that measure functioning
achievement consider an individual’'s actual achievement of well-being. Houwlexe
capability framework assumes that functioning achievement occurs belgcause t
individual has reason to value the outcome. Thus, studies that measure functioning
achievements must assume that the individual has reason to value the outcomes.

Thus far, empirical applications which examine individual functionings have
dominated the literature. Fewer studies attempt to measure individuallitegsaihe
measurement of capabilities has been developed more slowly because iafithtars
and measurement constraints on how to accurately operationalize capabilities.

There is also disagreement in the literature as to which capabilitiederant for
measuring well-being. At the extremes, Vallentyne (2005) argued thajpalbitities are
important and should be included in analysis. Other scholars argue that it is sufficient
examine a single capability. These studies are partial capabilitygsaagRobeyns 2006,
366). Of course there are scholars in the middle of this spectrum who argueethait a s
capabilities is sufficient. Nussbaum (2000) goes so far as to develop a wetddest
of ten capabilities which she believes must be considered together: lifly, loeath,
bodily integrity, senses, imagination and thought, emotion, practical reasbati®uff]

other species, play, and control over one’s environment (see also Nussbaum 2003).
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Sen has yet to provide a definitive list of capabilities and is unlikely to provide
such a list in the future (Sen 1993; Sen 2004). Researchers often criticize Sietdace
to supply a definitive list of capabilities (Nussbaum 1988, 176; Qizilbash, 1998, 54;
Williams 1987, 96) while others criticize Sen for placing too much value on some
capabilities (Sugden 1993, 1952-3). Sen argued that the relevant capabilities for a
particular application are application specific, and may not be relevaothier
applications. It is up to the researcher to determine which capabilgieslavant for
their empirical application.

The multidimensional nature of capabilities requires some consideration of how
best to include various functionings in a measure of well-being. At one exeanste
functioning can be equally weighted. The HDI from the UNDP is a prominami@e of
this method. The HDI examines three functionings: educational achievement, life
expectancy, and economic standard of living. Each functioning receives an eqil weig
and are aggregated to construct a measure of overall well-being. The fungctmni
educational attainment is composed of two variables with different weightacht(with
a weight of two-thirds) and school enrollment (with a weight of one-third).

Researchers often utilize multiple weighting systems in order to vatluzite
conclusions. Other researchers rely on the variance of indicators of functionorger
to measure weights for each functionings. It is argued that this method abfstnact
explicit value judgments (Kuklys 2005). For instance, researchers stétisimdave
weights when they utilize factor analysis. Weights (i.e. the varianeariaibles) are
measured according to the degree of information which the variables provide about the

functioning. This issue, though, is not unique to the capability framework. The
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neoclassical framework grapples with these same issues, employiremg®o/alues to
weigh commodities. This consistency has allowed researchers to operagidhali
neoclassical framework, even if its fundamental assumptions are contentio (9%,
397) asserts that the selection and weighting of capabilities depends on pekonal
judgments. Weights should be socially determined, either by the relevant grallpfor
society.

Still, the weaknesses of the capability framework as discussed in tatulieecan
be overcome. Researchers should rely on the intended goal of a policy to guide their
analysis of capabilities or functionings, and which dimension of well-bamgadlicy
targets. In the next chapters, | provide researchers with a new empioical tonsider
both functionings and capabilities. The empirical tool also directly models asdunalis

conversion process, which has received little attention in the literatureaasttly.

Conclusion

The capability framework offers researchers an alternatedwork to evaluate
policies. The capability framework allows researchers to evaluategsdtiased on their
stated goal and measured effect on the being of individuals. While the cgpabilit
framework and the neoclassical framework may produce similar rascliseés where
policies only aim to affect an individual's available resources, results divdrgn we
consider how an individual uses those resources. Since policymakers adopt both policies
that provide resources to individuals and policies that target the ability of indigitiua
utilize resources, it important that the model used for policy outcome evaluation

adequately capture the effects of these policies.



CHAPTER 2
MEASURING CONVERSION EFFICIENCY
IN THE CAPABILTY APPROACH:
A PARAMETRIC APPROACH

Chapter one showed how the capability framework offers policy analysts an
alternative conceptual framework for measuring the effect of public pbcighe well-
being of individuals, where “well-being” is defined as an individual's set of pessibl
states of being, or her “capability.” The process by which individuals transésoances
into achieved (actual) states of being is called the “conversion function.” Thus, in the
capability framework, both resources and conversion functions are deternghants
individual's achieved state of being, which is called her “functioning.” Indeed, a key
element of the capability framework is that it explicitly notes that jitassible for an
individual to achieve some state of being that is below her potential state@f Ibain
individual achieves a state of being below her potential, this is indicative of some
inefficiency in her transformation of resources into well-being.

Conversion efficiency describes an individual's ability to transform reesunto
a level of well-being using a minimum amount of resources. A fundamental assumpti
of the capability framework is that individuals have different abilities to esgurces.
Thus, a policy that provides individual with similar resources may not nedgssatilt

in similar levels of well-being among individuals. An accurate evaluatitneoéffect of

41
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a policy that provides resources to individuals would take into account individual
conversion efficiency.
Theoretically, the effect of a polieyon the functioningp of individuali is
attributed to its impact on the utilization functiband conversion factoes(which can be

related to the individual societys, or the environmers):

= 0% g 4 90302 gy

db; = ax om 9z om (11)

Empirically, any policy evaluation operationalizing the capability franr& should
measure the effect of a policy on the individual’s utilization function and coowersi
factors. It also should capture the individual’'s conversion efficiency.

Relatively few empirical studies in the capability literature measonversion
efficiency relative to those studies that estimate functioning or cagabitie scant
volume of literature is likely the result of empirical difficulties in idmig an adequate
empirical technique that concurrently measures functionings, capabiitid conversion
efficiency. Moreover, while empirical methods exist that could measurersan
efficiency, these methods were not explicitly developed to analyze conversigmnef/
and so must be adapted to appropriately capture the conceptual underpinnings. For
instance, conversion efficiency does not assume that individuals are efficient in the
transformation of resources into well-being. Most existing empirical methodsever,

assume efficiency in the transformation of resources into well-being.
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Even within the capability literature there is no consensus about what is the best
method to measure conversion efficiency in the production of well-being. Previous
studies that measure conversion efficiency employ simultaneous equatiote or da
envelope analysis. But neither of these techniques adequately account folepossi
individual heterogeneity in the conversion of resources into states of being.abieouis
equations and data envelope analysis methods instead assume homogeneity in the
conversion of resources into states of being.

| adapt an empirical technique from the industrial organization literature
stochastic frontier analysis, to measure any deviation between achiatesdo being
and potential states of being. This technique has the ability to account for individual
heterogeneity in the conversion process.

This chapter begins with a survey of the empirical literature that opeasines
the capability framework and measures or accounts for conversion effici€hen, |
discuss how stochastic frontier analysis (SFA) provides researclierth@necessary
empirical tools to model an individual’s production of well-being and measure

conversion efficiency.

Current Technigues to Measure Conversion
Efficiency: Overview and Critigue

Conversion efficiency is a measure of the efficiency with which individuals
convert their resources into achieved functionings. It captures the diffémence
functioning achievement between individuals that does not come from differences in thei

resources. Namely, conversion efficiency captures differences incimct
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achievement across individuals that are caused by differences in perssoahlz, and
environmentak, conversion factors.

As presented in chapter one, the conversion funttioaps the resources into the
space of functionings. An individuatonverts resourcesfrom all available resources

into some level of functioning achievemémnt

b; = fi(c(x)|2;,25,2.) V f; EF;and V x; € X; (1)

There are two steps in the conversion of resources into a state of being. First, a
conversion functiom(s) maps the vector of resources into the space of characteristics
such thatc=c(x) (Lancaster 1966). Conversion functions for the space of characteristics
are similar for all individuals. This is solely due to the fact that theachenistics of a
resource do not vary across individuals. Second, an individual benefits from the
characteristics of a resource via her own conversion funictrom her set of all possible
conversion functionk. In other words, there may be individual heterogeneities in the
utilization of those resources given their characteristics.

The set of all feasible functioning vectdrfor individuali, comprise her

capability seB.

Bi(X;) = {bi| b; = fi(c(x)|zi,z5,2.) V f; E Frand V x; € X;}  (4)

Recall, a functioning is a state of being. The capability set thereés@ibes an

individual's possible states of being.



45

Individuals with the same resources may not necessarily achieve the atamd st
being and may have a different set of possible states of being since indicalualksrive
different benefits from the characteristics of resources. Fongestaonsider the
provision of free health care for children through a public health insurance prdagram
access to health care will provide different health benefits for childreroiffignent
preferences, values, and health conditions. Some children may not change their use of
health care even if the health care is freely available through publib healtance. Free
health care will not impact the health of these children. Other children whosadresar
use of health services may exhibit higher levels of health functioningrfassa
positive relationship between health and health service use). Regardless f&diseoef
functioning, the provision of free health care may impact a child’s capalitityoiod
health by improving the child’s potential health outcomes. Consider further, tidoechi
one with a disability and the other without a disability and their capabilityniese
good health. The capability of a child who is disabled and in need of relatively more
medical care may expand relatively more than the capability for a chddsanot
disabled. Free health care is welfare enhancing if it expands a childislitgpa

regardless if the child’s level of health changes.

Survey of Empirical Methods to Measure
Conversion Efficiency

In the literature, there are two primary approaches to measure conversi
efficiency. Both require estimation of an individual’'s conversion function. Tk fi

approach focuses on the coefficient estimates of the conversion factorecdhd s
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approach, and more widely used, examines the estimated residuals of the conversion

function to estimate conversion efficiency.

Method One: Estimated Coefficients
on Conversion Factors

One strand of empirical literature on the measurement of conversion efficiency
focuses on conversion factors (zg z, orz). Estimated coefficients on conversion
factors measure the rate of transforming resources into functioningpp€ioa
Martinetti and Salardi (2008) first used this approach to examine which population
subgroups (by age and gender) are more efficient in converting resouioces in
functionings. The authors estimated conversion functions for ‘being healthng ‘be
educated,” and ‘living in a healthy and safe environment.” The coefficitintaes on
each conversion factor were compared across population subgroups to understand
differences in conversion efficiency.

Similarly, Hasan (2009) estimated conversion efficiency using coefficie
estimates on conversion factors. His model, however, accounted for the interdependenc
between conversion efficiency, functioning, and capability. Hasan (2009) estienate

three-stage least squares (3SLS) model:

capability = f(functioning, freedom) (19)
functioning = g(conversion ef ficiency)

conversion ef ficiency = h(constraints,resources)
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His analysis supports the theoretical hypothesis that efficient usgonifrces results in
higher states of being, and that freedom is positively related to cagabiliti

Both Chiappero Martinetti and Salardi (2008) and Hasan (2009) assume that an
individual maximizes her functioning achievement given her resources and conversion
factors but this assumption may be too strong. The capability frameworls doan
individual to achieve some level of functioning achievement that is within her tgpabi
but does not efficiently utilize resources. Consider an individual's capdbilibeing
well-nourished. If the individual chooses to fast for religious reasons, then thelualivi
chooses to achieve some level of nourishment below what is possible given the food
available to her. In contrast, an individual who is starving because she lacks tisetonea
purchase food will achieve a similar low level of nourishment but this may neeximer
capability. In modeling the functioning achievement of ‘being nourished’ for the
individual who fasts and the individual who starves, the approaches of Chiappero
Martinetti and Salardi (2008) and Hasan (2009) treat both individuals the same without
knowledge of whether they had voluntarily decided to stop consuming food. Both
individuals would have the same estimated conversion efficiencies. In rdsity
individual who is starving more efficiently transforms resources into a ¢tével
functioning achievement compared to the conversion efficiency of an individual who
chooses to fast and achieves some level of functioning below that which is poss&hble gi

her available resources.
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Method Two: Residuals of the Conversion Function

A second approach to measuring conversion efficiency examines the residuals
a conversion function for functioning achievement. Sen (1985) first utilized this method
to link life expectancy to national income estimates. For instance, Sri Isdifka’
expectancy was approximately 20 times higher than the country’s actoi@enghe
residuals were interpreted as estimates of country-level inefficietiogr €@ports that
rely on residuals include the World Health Organization’s World Health Repat©6€9
(Jamison, Creese, and Prentice 1999), the World Banks’ World Development Report
(1993), and the United Nations Development Program’s Human Development Reports
(see also Kakwani 1993; Moore, Leavy, Houtzager, and White 2000; Wang, Jamison,
Bos, Preker, and Peabody 1999).

More recently, this approach has been formalized with the use of data envelope
analysis (DEA). This method is a nonparametric technique that has been used in the
capability literature to simultaneously measure capability, functionimjcanversion
efficiency (Binder and Broekel 2008; Binder and Broekel 2010; Ramos 2008; Ramos and
Silber 2005).

Deutsch, Silber, and Yacouel (2001) were the first to use DEA to estimate
functioning achievement. They estimate a Malmquist index that depends on tlieemeas
of inefficiency to examine measures of technical inefficiency. Efficy is a relative
measure. The best individual achieves a level of functioning achievement given he
resources that is far below her minimum level of resources necessahyeteeabis level

of functioning achievement. For this analysis, they assume that all individualthkave
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same level of functioning achievement. The individual who best utilizes her resources
will achieve an actual level of functioning achievement that surpasseshehist
predicted to achieve. Every other individual's residual is compared to the individhal wit
the best (i.e. smallest) residual.

Deutsch, Silber, and Yacouel (2001) use time-survey data from Israel’s Central
Bureau of Statistics that was collected from 1992 to 1993. They estimat@aofegell-
being for each household as a function of resources (e.g. own or rent the household,
number of rooms per household member, number of cars per household member, number
of televisions per household member, and household income) and individual
characteristics (e.g. age, gender, ethnic origin, period of immigratioitahssatus,
educational status, and area of residence). The authors found that conversiomefficien
decreases with age at a decreasing rate. However, at age 57, convacsomtef
reaches its minimum value. Individuals who are older than 57 have an increastyg abil
to transform resources into some quality of life. Among conversion factors, an
individual's education and geography do not affect the conversion efficiency index.

Ramos and Silber (2005) utilize this technique to compare estimates of human
development acquired through four conceptual frameworks of well-being: Sen’s (1985)
capability framework, Narayan, Chambers, Shah, and Petesch’s (2000) dimseofsi
well-being, Cummins (1996) domains of life satisfaction, and Allardt’'s (1993)
comparative Scandinavian welfare study. The authors examine whethertreestf
well-being for each framework will produce similar measures of weatigogiven that

each framework focuses on different dimensions of well-being. Ramos and(3U08)
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use efficiency analysis to estimate indices of individual functioning in éesiingension
and to estimate an aggregate index of functioning across dimensions for each individual.
The aggregate index attempts to capture an individual’'s level of well-beingy tesia
from the 1997 British Household Panel Survey, they find that the indices of well-being
are highly correlated across approaches. All indices also are wealdiataxd with an
income measure of well-being (equivalent income). These results suggest theuadncept
frameworks of well-being, which advocate for a multidimensional measuvelbbeing,
are similar enough that estimates are robust across the frameworkvdrawere is
value-gained in using these multidimensional approaches beyond the usual income
measures.

Binder and Broekel (2008) develop a measure of conversion efficiency to capture
the efficiency with which individual resources are transformed into achievetidning.
Using a nonparametric efficiency procedure, the authors estimate an ortfeiency
method. Broekel and Binder (2008; 2010) model the capability frontier as a societal
optimum which can be reached with a given bundle of resources. They assume that some
individuals in their sample have already reached the capability fromtierder to
conduct their analysis, the authors must assume that everyone has the saemcpeefe
for the functionings considered. Else, it would be possible to prefer some other
functioning over one that was measured and therefore shift her resources toward her
preferred functioning instead of the measured functioning. Estimated inetfyoreould

therefore be biased.
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Binder and Broekel (2008) consider six functionings: being happy, being
educated, being healthy, being well-sheltered, being nourished, and havingnsgatisfy
social relations. Using a single wave of data from the 2006 British Househwtl Pa
Survey, the authors estimate an ordinary least squares (OLS) model taectradieffect
of conversion factors (age, age-squared, gender, employment status, naaugal st
geography, and disability status) on an individual’s functionings. They find thay B@arl
percent of individuals are not efficient as the best 50 percent of individualsatiegpa
the sample into efficient and inefficient individuals, the average ineffiaientidual
achieves about 20 percent less functioning than an efficient individual with the same
resources. Conversion efficiency is positively affected by getting,dideng self-
employed, being married, having no health problems, and living in the London area. It is
negatively affected by unemployment, separation, divorce or widowed nsaaitias, and
physical disability.

Binder and Broekel (2010) extend this analysis to estimate conversion efficiency
over time using the same nonparametric order-m approach and data from the 1991 to
2006 British Household Panel Survey. They estimate a Malmquist index to measure the
change in an individual’s conversion efficiency across two time periods. This gdex i
measure of the movement of an individual’s functioning relative to the benchmark
frontier and demonstrates how an individual might decrease or increase hesiconver
efficiency relative to the order-m best practice individuals. Their firsdaggroborate
Binder and Broekel (2008). Fewer than 30 percent of individuals were efficient in

converting resources into functionings during the sample period. Age, educatiaifand s
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employment increase an individual’s conversion efficiency. Living in London, being
disabled, and being separated, divorced, widowed, or married are negasoeipiasl
with individual’s conversion efficiency.

Use of DEA requires researchers to evaluate individual efficiertbyr@spect to
the maximum functioning achievement observed in the data given a certain level of
resources. However, DEA does not consider that the “best” person may not be the ideal.
For instance, Binder and Broekel (2008; 2010) assume that all individuals prefer to
achieve a level of functioning that maximizes her capability. But some dudila may
choose to achieve some functioning below their potential. In which case, estimation
results might identify a subset of individuals who have persistent inefficeencie

While relative social comparisons may matter, the ideal may be an indiwtoal
“best” utilizes resources given her capabilities and values, not sgobetyabilities and
values. Researchers (Broekel and Binder 2008; Broekel and Binder 2010) using DEA to
operationalize the capability framework have argued that this sicapidin to an
individual is necessary since it is difficult to derive a theoretical mabduamctioning

achievement for society given a certain level of resources.

A New Technique to Measure Conversion Efficiency

| offer a new empirical approach, stochastic frontier analysis (SFA3fitoae
the conversion efficiency of an individual’s conversion function that improves on
existing estimation methods. Unlike other parametric techniques (stlobsasused in

Chiappero Martinetti and Salardi (2008) and Hasan (2009)), SFA allows for the
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decomposition of the error term into a random component and a measure of technological
inefficiency. Thus the level of conversion efficiency (i.e. the measurelohddogical
inefficiency) and the rate of conversion efficiency (i.e. the estunatefficient on a
conversion factor) can be estimated distinctly.

SFA also offers researchers an advantage in operationalizing the itapabil
framework beyond the contributions of DEA. DEA is a non-parametric technique
requiring that at least one observation in the sample lie along the cadadmlitgr. Thus
DEA ignores the possible influence of measurement errors and other sounoeseoAll
deviations from the frontier are assumed to be a consequence of technicabmaffici
But random error is possible in the context of the production of functionings. Variability
in the transformation of resources into functioning achievement is subject to d wiyria
possible errors, particularly measurement error if incomplete proxiesadeto control
for conversion factors.

Frontier analysis is typically used to model a firm's transformation ef af s
inputsx into a set of outputg A firm is inefficient when it produces some output below
its potential, i.e. below its frontier. This could occur if the firm does not use dhbleai
knowledge. A firm below its frontier could, for instance, better organize its macbine
labor.

The capability frontier describes the most efficient transformation otiress
into functioning. Individuals who are most efficient in transforming their regsunto a
functioning lie along the frontier. This conceptualization of the capabilityiéont

assumes that resources are necessary for an individual to increase radrflevetioning
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achievement. An individual’'s distance from the capability frontier is inteigheetea
measure of how inefficient the individual is in converting her resources intovadhie
functioning, i.e. her level of conversion efficiency. Estimated coefffisien conversion

factors measure rates of conversion for any particular conversion factor.

General Approach for Distance Functions

In studies employing distance functions, input functions are estimated to mmeasur
individual functionings and output functions are estimated to measure overall well-bein
as the composition of individual functionings (see Ramos 2008).

Production is a process of transformation of a set of ingEanto a set of
outputsy€Y. The input seL(y) consists of all input vectosswhich can produce the

output vectow:

L(y) = {x:x can produce y} (20)

The production function is the isoqua€X(y):

1Qy) ={x:x € L(y)and px € L(y)if 0 <p <1} (21)

wherep is a scalar.

The input set(y) is the area bounded from below by the isoqu@fy) in figure
2. The isoquant depicts the minimum amongst these input combinations for each
proportion of inputs. The input vectdr=(X14, %a) IS inside the input set. It can be

proportionally contracted to poiBt=(X1s, Xg). PointB lies along the isoquai®(y). It
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Figure 2. Input Distance Functions.

cannot be contracted proportionally any longer without changing the output yector
the production technology. Conversion efficiency changes when the individuakiesrea
her level of functioning achievement without acquiring new or additional resources.

The input distance functia(x,y) scales the input vector:

di(x,y) = Max{p:(x/p) €L(Y)} (22)

The input distance function has four properties. First, the input distance function
is increasing irx and decreasing y Second, it is linearly homogenousxinThird, if x
belongs to the input set gf(i.e. xeL(y)), thend(x,y>1. Finally, the input distance
function is equal to unity ik belongs to the frontier of the input set (the isoquamg}.of

In figure 2, the distance function for poliimeasures the distance (1@Qp)

between this point and th@(y), as the inverse of the factor by which the production of
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all input quantities could be reduced while still remaining above the feasible isdgua
a given output vector. The distance function of the individual producing output set
using the input levels defined by pofkequals the ratigOA/OB)=p. At pointB,
Di(x,y)=1; this is true for any point along the isoqui®(y). If x belongs td_(y),
Di(x,y 1.
The output distance function is the complement to the input distance function. The
output seP(x)is the set of all outcome vectgrsvhich can be produced using the input

vectorx:

P(x) = {y:x can produce y} (23)

The production function is the production possibility fronB&F(x)

PPF(x) ={y:y € P(x) and 8y & P(x)if 6§ > 1} (24)

whered is a scalar.

Consider an outcome vectoin figure 3. The output sé&t(x) is the various output
combinationsy, y») that could be produced given input vectof he output set
corresponds to the area bounded by the two axes and the production possibility frontier
PPF(x)which depicts the maximum amongst these output combinations. Or, it is the
maximum amount of one of the outputs (g9 that could be produced for a given
amount of the other output (eyg) and the input vectot. The output vectoA=(y14, Y2a)

is inside the output set. It can be expanded proportionally to BsiWts, y.s), which lies
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Figure 3. Output Distance Functions.
on thePPF(x) The vector cannot be expanded any longer without changing the input
vectorx or the production technology.

The output distance functialy(x,y) scales the output vector:

do(x,y) = Min{é: (y/6) € P(x)}.  (25)

The output distance function also requires four properties. First, the output
distance function is increasingyrand decreasing ix Second, it is linearly homogenous
iny. Third, ify belongs to the production possibility setxdf.e.yeP(x)) thend,(X,y)<1.
Finally, the output distance function is equal to unitylielongs to the frontier of the
production possibility set (the production possibility frontiex)of

In figure 3, the output distance function for pontneasures the distance (ray

OB) between this point and tiRPF(x), as the inverse of the factor by which the
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production of all output quantities could be increased while still remaining within the
feasible production possibility set for a given input vector. The distanceduoraftihe
individual using input vectax to produce the output levels defined by pdirgquals the
ratio (OA/OB)=9 (whered is a scalar), whereas the distance function value at pasnt.
Do(X,y1 if y belongs tdP?(x) andDoy(X,y)=1if y lies on thePPF(x).

The Capability Framework and
Stochastic Frontier Analysis

Stochastic frontier analysis is a parametric estimation of distancédns. For a

cross section of firms, the stochastic frontier is modeled as a production function:

Vi = a+,8xl- +tZl' +vl-—ui (26)

where outpuy for firm i is determined by a vector of inputsonditional on
characteristicg of the firm that are time invariant, random ewpand a measure of the
firm’s inefficiencyu; g andt are the parameters to be estimated. Time invariant
characteristics of the firm may include the type of industry in whichitimedperates.
Inefficiency, again, is understood to be a measure of the firm’s inability to ¢onpets
into output.

In the context of the capability framework, the capability frontieraslehed as a

production function for functioning achievement:

Bl-=a+,6’xi+tzi+vi—ui (27)
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where potential functioning achieveméhtor individuali is determined by a vector of
resourcesx conditional on conversion factar®f the individual that are time invariant,
random errok, and a measure of the individual’'s inefficiency is the estimated effect
of resources on an individual’s potential functioning achievement igrttie estimated
effect of conversion factors (i.e. rate of conversion efficiency).

Two assumptions are necessary. Fiuistre independent and identically
distributed and normally distributed with mean zero and standard devigtiGecond,
u; are independent afandv. Ravallion (2005, 281) notes that this assumption may be a
justified in the assessment of social policies when the inefficiency is unkoaive t
producer and so could not affect input choices.

The second assumption can be relaxed if the stochastic frontier is estinthted w

fixed effects:

Bit =a-+ ,Bxit + tZl' + Vit — Uit (28)

for u>0; i=1,...,N, t=1,...,T This model controls for the time peribth which individual
i is observed. Conversion efficiency is time varying since individuals mayragtgw
technologies, i.e. learn better ways to utilize market and nonmarket goods.
A few additional assumptions are necessary. Rirstre independent and identically
distributed, and normally distributed with mean zero and standard devigti@econd,
x;; andv;s are independent fais=1,...,T, i,j=1,...,N

Heterogeneity may not be fully captured in the above specification. A time

invariant, individual specific constant terep,js commonly included. If
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a =a- y so thaty <afor alli, then the above equation can be rewritten as:

Bit = qa; + :Bxit + tZl' + Vit (29)

whereu; is lower-bounded by zero and is upper-bounded, bhis specification is a
stochastic frontier estimated using fixed effects, which can account fosemvable
characteristics of the individual that are constant over time in the individeakstérm

a. The model also accounts for variation over time in the individual’s ability to convert
resources into higher levels of functioning achievement in the ineffickeneyu;.

The residual now is decomposed into random noise, a measure of inefficiency,
and individual-effects. But there is an identification problem since individuattsfare
time invariant and inefficiency can be time invariant. It is necessaryttoglish
between heterogeneity across individuals that is unrelated to theiereffi@and the
inefficiency itself in order to avoid mistakenly measuring heterogengityedficiency.
Greene (2005) suggests modeling inefficiency as time variant and refieis to

specification as the “true” fixed effects model:

Bit = a; + Bixie + tz; + vy —uy. (30)

Here the estimated coefficients on the resources are specific to the intiVidkey
capture how the individual performs relative to her own standards. This is important sinc
it captures differences in technologies across individuals. Intuitivelycdpisires

individual heterogeneity in the rate of conversion of resources into functioning
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achievement. Inefficiency;; is measured relative to its most efficient level of functioning
production.

Distributional assumptions about the inefficiency term are necessprgduce
efficiency estimates. This assumption is often cited as the primaiknessaof SFA. The
half-normal distribution is the default distributional assumption, suggestingtaavely
more individuals achieve functionings close to their capability frontier wénlef
individuals achieve some functioning far from their capability frontier. Daffer
distributional assumptions (e.g. gamma, exponential) can be assumed in ohdakto ¢

for the robustness of results.

Conclusion

SFA provides researchers with the empirical tools to estimate capabiliti
functionings, and conversion efficiency. This method offers several advantageseover th
methods currently used in the capability literature to operationalize the aprodacas
simultaneous equations and data envelope analysis. First, researchers cdly exli
distinctly estimate rates of conversion efficiency and levels of meffcy. Second, SFA
accounts for possible random error in the transformation of resources and conversion
factors into states of being.

In the next chapter, | demonstrate how SFA can be used to operationalize the
capability framework and conduct an evaluation of the child welfare systéra IUnited

States.



CHAPTER 3
EFFECTIVENESS AND EFFICIENCY OF OUTPATIENT SERVICES
FOR CHILDREN WHO COME INTO CONTACT WITH
STATE CHILD WELFARE SYSTEMS

In this chapter, | demonstrate how to use stochastic frontier analysis to
operationalize the capability framework for policy outcome evaluationamtempirical
application to the U.S. child welfare system. | measure the effect of thesiproof
mental health services on the ability of these services to reduce the fetwakepce of
mental health problems for children receiving mental health services.piiisation
shows how the measured effect of a policy is the result of its influence on botltessour
and conversion factors (as predicted in equation (11)).

My empirical work contains two innovations. First, | consider the efficiency of
mental health outcomes as an alternative assessment of whether slateicare
systems improve child well-being. For this analysis, | model a child’s ptioduaf
mental health outcomes from the use of mental health services as a stohastic f
model following the discussion in chapter two. The stochastic frontier model atlews
to distinguish between a child’s achieved level of mental health and her potardlaifl
mental health. Differences between a child’s achieved and potential meaithldre

indicative of some inefficiency of mental health services to affect her hiezatih.

62
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Secondly, | explicitly control for state effects in the ability of meheslth
services to improve the mental health of children. | use recently coll@atagthe
National Survey of Child and Adolescent Well-Being (NSCAW), to facilitatesacstate
comparisons of child welfare systems. NSCAW data have been used to explore the
importance of integration of services at the local level (Konrad 1996; Kusserow 1991),
but the role of differences between states has not been addressed. Stateagitare
state-specific conversion factors. Decentralization of child welfareypwlistates has
resulted in different child welfare policies on the provision of child welfareices
across states. Differences in social norms, geography, and other statie-sp
characteristics are also captured in state conversion factors.

When | omit state effects, | find that children who received outpatievitesrare
correlated with a 9 to 13 percent more mental health problems than children who did not
receive these services. It is not clear from this analysis whethealrheatth problems
are more prevalent for children who receive outpatient services or if ontpsigices
result in greater mental health problems for these children. On averagd, imeatita
services enhance efficiency conversion. When | include state-efféats evidence that
simply offering mental health services is not sufficient evidence thaethiess will
improve the mental health of children. State effects are not significant predt
whether a child will receive a service but are strong indicators in a cpitotkiction of
mental health. Thus, assessing the ability of state child welfare syst@mgrove the
well-being of children requires an assessment of the delivery and qualéyvies

provided.
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In this chapter, | first explain the policy context in which children come into
contact with their state child welfare system and differences in how slystems
provide mental health services to children. Next, | explain the theoreticadatjmyl of
how children utilize mental health services which are provided by state ciftarev
systems to achieve some mental health outcome. The empirical estimabanpigcated
by the fact that children are not randomly assigned to mental health serpicesdé a
discussion of how propensity score matching can be used to adjust for selection into
mental health services. | proceed with a description of the data. | thensdissuks
from the propensity score matching technique and stochastic frontier anbgmiclude

with how these findings relate to current work in the child welfare literature.

Background on Child Welfare
Policy in the United States

There is a critical need for states to understand how best to provide merttal heal
services to children who come into contact with their state child welfaiensy€ach
year, states spend more than $25 billion on child protective services (Bessll&carce
Jantz, Russell, and Geen 2002). Nearly half come from federal funds; however, the share
of child welfare costs paid by states increased until the onset of the oeaessi
December 2007 (DeVooght, Allen, and Geen 2008). Little evidence exists tostptiee
in the effective distribution of their increasingly scarce resources. fitiadis of this
research will provide much-needed information to states by evaluating élbwshiid
welfare systems have served children since 1998.
Since the enactment of the Adoption and Safe Families Act of 1997, it has been

the explicit goal of the U.S. child welfare system to ensure safety and promote
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permanency for children to improve child well-being (Wulczyn et al. 2005). While no
formal definition of well-being has been adopted, the researcher relateddtavetdre
has examined whether the services provided to children reduce their risk odiong-t
outcomes. Previous research suggests that former foster children have a higmesitgrope
to drop out of school, receive welfare, experience substance abuse problems, commit
crimes, or enter the homeless population, and these long-term outcomes are positively
correlated with mental health problems (Burt, Aron, Douglas, Valente, hddwan
1999; Clausen, Landsverk, Ganger, Chadwick, and Litrownik 1998; Doyle 2007,
Dworsky and Courtney 2001; Vinnerljung, Sundell, Lofholm, and Humlesjo 2006).
Between 50 to 75 percent of children entering foster care exhibit problematicdyehavi
that warrant mental health care (Leslie, Hurlburt, Landsverk, Barth, gme&] 2004;
Burns, Phillips, Wagner, Barth, Kolko, Campbell, and Landsverk 2004). In comparison,
mental health problems occur in about 20 percent of all children (Costello, Angold,
Burns, Stangl, Tweed, Erkanli, and Worthman 1996; Kataoka, Zhang, and Wells 2002).
Improving the well-being of children who come into contact with state chilchveelf
agencies thus involves reducing the prevalence of mental health problems among

children who come into contact with a state child welfare system.

Understanding the Extent of Variability
across CPS Agencies

Studies that do not account for differences in state policies and procedures to
provide services to children and even differences in their assessments of the tieeds of
children, do not accurately measure the effect of services. Child wedfaiees are

decentralized to state governments, county governments, and child protectiee servi
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(CPS) agencies, and are not administered at the federaffeya.such, there is great
variability across states in their delivery of services to children who aotmeontact
with their state child welfare system. Previous studies that assesslittyeohthe U.S.
child welfare system to improve the well-being of children fail to addhesmstitutional
framework in which these services are provided.

In 2001, the U.S. Department of Health and Human Services (HHS) in partnership
with state governments conducted the first Child and Family Services ReWi&SRJE
The CFSR was conducted in response to a 1994 Congressional mandate that HHS
identify the strengths and weaknesses of state child welfare progndrdstarmine the
extent to which states comply with federal mandates. In 2007, Final Reports araiProgr
Improvement Plans from all 50 states and the District of Columbia were echapit
reviewed. The reports of the CFSR highlight the variability in mental healthspon for
and assessment of children who come into contact with child welfare acress Blet
findings of these reports also underscore the urgent need for reform of chilcewelfa
policies to ensure children entering foster care receive effectveseand that states
efficiently provide these services to children and their families.

The reports of the CFSR found that 16 states required a mental health screening or
assessment for some children at or near entry into foster care (g Géan Buren, and

Irvine 2007, 2). Among states that issued such a screening, there is consideratioba var

14. The ideal data set would allow for agencyHevelysis since policies and procedures to
provide mental health services to children can aamnpss agencies. NSCAW data survey 97 local CPS
agencies. Small sample sizes do not allow for agéme@! analysis for this dissertation. In the asa&d
sample, there is an average of 11 children per &fe8cy; more than 40 percent of CPS agencies in the
analysis sample have fewer than five childrenstdad use state level data as the next best diterna

15. The second round of state reviews began i0.201



67

in which children receive the assessment. Only Connecticut required thatdakchil
entering foster care receive a mental health assessment (Mc€aath2007, 2). In
contrast, Minnesota assessed a wider range of children who came into cahtéog wi
child welfare system, including both children in child welfare, those in the juvenile
justice system, and child abuse victims who remain at home. Child specific idet@sn
of whether or not a child receives an assessment include age, abuse histbsther or
not his or her parental rights have been terminated.

There are also important differences in who conducts the health asse$ament
instance, CPS workers in Alabama and California receive training tofydemtdren
with mental health needs, but the methods are not consistent across states andeay not
implemented consistently across CPS workers within a state (U.S. Depaofrikealth
and Human Services 2008). In Connecticut, the mental health assessment for children
entering the child welfare system must be administered by a licenseer &Sbcial
Work. Whereas in Washington, CPS agencies employ specially trained staff to
implement the standardized instruments to assess the mental health needseof childr
entering foster care (Washington State Department of Social andh Sealtices 2011).
The inconsistencies in mental health assessment may also contributdrenahot
receiving mental health services or the failure of CPS agenciestdydshildren in
need of services.

Even the timeframe over which the assessment is conducted varies substantially
across states. One state requires the child be initially assesksed24ito 48 hours upon
entering foster care, with monthly follow-ups. Most other states have erlongframe,

such as within 30 to 60 days after entering care, if any.
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There is considerable variability across states in their procedures tifyident
child’s need for mental health services, to deliver mental health sgraice to monitor
the effect of these services (McCarthy et al. 2007). Researchers canlvakeéage of this
variation at the state level to account for which methods are most effectivesulé im
the best mental health outcomes of children. However, recent studies using nateonal dat
have failed to exploit this variation and so have failed to provide state policysnailtler
any meaningful results about how their policies fare relative to those ofstéies-’
This study is the first to use national data and control for state effects fforrice

utilize state variation as an explanatory factor of the mental health outcbctaklren.

Methodological Framework

The Production of Mental Health

Upon referral by CPS, mental health providers offer services to a child with the
aim to improve a child’s level of mental health. Figure 4 illustrates the cziomer
process by which a child’s use of mental health servige®$ults in a level of mental
health {Y). Mental health providers offer services with the aim to improve a child’s level
of mental health. A child’s CPS worker and caregiver choose among vectors which
describe a combination of mental health outcomes and mental health service
consumption. The set of feasible mental health outcomes describes the cphédbiitya
set—illustrated as the mental health capability frontier and the shaded betpw it.

Bothy; andy, describe possible levels of functioningschild may produce her

16. For example, Farmer, Mustillo, Wagner, Burnslkd, Barth, and Leslie (2010), Raghavan,
Inoue, Ettner, Hamilton, and Landsverk (2010), Riegn, Casanueva, Urato, and Stambaugh (2009),
Shipman and Taussig (2009), and Southerland, Casanand Ringeisen (2009) use NSCAW data that
look at the delivery of mental health servicesdmnot address state differences.
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S; 0§
Figure 4. The Mental Health Capability Frontier >
maximum level of mental health for the quantity of mental health serviceisedc so
that she reaches a point suctyae/hen services; are received. Alternatively, a child
may not reach the frontier. In addition to random variation, some mental healteservi
may inefficiently affect the child’s level of mental health. A child mayiexe a level of
mental health (i.e. a functioning) below her capability frontier. A chiltiacihieve a
level of mental health below her frontier suclyas/hen she receives servicgsSuch
an inefficient point can be achieved for a number of reasons, including conversioa fac
or individual abilities to utilize resources captured via her conversion function.

The stochastic frontier framework allows for the separation of childfgpeci
inefficiencies from the estimated effectiveness of services and simvéactors.
Stochastic frontier analysis (SFA) is typically used to model a finar'sformation of a
set of inputs into a set of outputs (see the seminal work of Aigner, Lovell, and Schmidt
1977). | use the SFA to estimate mental health capability frontiers ofernidno came
into contact with their state child welfare system and to measure wietilénr outcomes
are more efficient for children who received mental health services addechivho did

not receive services.
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As its name indicates, the stochastic frontier takes into account the stochastic
nature of the transformation of mental health services into measurable outcomes, i.e
functionings. The conversion function describes how individual heterogeneity mety affe
how a child internalizes an outpatient service and utilizes the treatmeniria fut
behaviors. Inefficiency exists when a child achieves a level of mentath theddiw her
capability frontier. Levels of functioning below the capability frontiegimioccur for
two possible reasons: idiosyncratic effects and productive inefficiency. hadigic
effects, also termed random error, are events external to the child thatfecyner
ability achieve her maximum level of functioning. For instance, physical atmmeafr
caregiver may impose mental trauma on the child. Productive inefficagmelated to an
individual's conversion function and conversion factors. The capability framework does
not assume that an individual wants to utilize her resources efficiently, smgsle
that an individual chooses to achieve some level of well-being (i.e. level oiofing)
below her capability frontier. Using stochastic frontier analysieausof OLS, the error
term is decomposed into a random component and a measure of technological
inefficiency.

The stochastic frontier specified as:

Yi=a+Tp+Xif+v,—u; (31)

where the level of mental health functionMdpr a childi (i=1,...,N)is determined by a
vector of mental health treatméehtconditional on conversion factors related to
characteristics of the child, a two-sided stochastic term that accounts for statistical

noisev and a nonnegative stochastic term representing the child’s inefficiency
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Inefficiencyu represents the proportion by whi¢Halls short of the goal. It is the
proportional or percentage of inefficien@y.captures the effect of the resources, i.e.
mental health serviceB; captures the rate of conversion efficiency of the individual's
conversion factors.

Standard assumptions of the stochastic termEfare=0 for alli, E[v;vj]=0 for
alli andj (i), E[v?] = o2, E[u]>0, E[uiu]=0 for alli andj (i#), andE[u] = 02. The
stochastic termg andu; are assumed to be uncorrelatgeds normally distributed; and
is half-normally distributed. The density function &= v; —u; = lny; —a + T;f; +

Xiﬁz Is:
fe) =20oE) (32

wheres? = o + 05, 4; = 04i/ 04, ¢ is the standard normal density function, @nis
the standard normal cumulative distribution function (Kumbhakar and Lovell 2000). The

log-likelihood function for the production frontier model is:

—€il

g

logL; = %log (%) —logo — %(%)2 + log®(—). (33)

Child specific technical efficiency is the ratio of observed mentathheathe
corresponding stochastic frontier mental health (when there is no ineffidens0).
Since mental health outcome is measured in its natural log form, technimaheff is

specified as (Battese and Coelli 1988):

TEi — Yi __exp (logYi=a+pTi+v;—u;) = exp (_ui)- (34)

exp (logYi=a+B1T;+v;) - exp (logYi=a+pB,1Ti+v;)
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| measurey; to predict child-specific technical efficiency. An estimate;aé
obtained after | estimate the frontier. The estimatg f then used to estimate the
inefficiency component; using the conditional mean functi@iju; |¢;] following

Jondrow, Materov, Lovell, and Schmidt (1982):

LA
oA (p( g ) si,li
Elule] = 5 [ﬁ il S ER)

The estimator is the expected value of the inefficiency term given an dliserva

on the sum of inefficiency and the child specific heterogeneity.

Empirical Model: Stochastic Frontier Analysis

| use a log-linear functional form for the stochastic frontier modemastig:

Yiter =Tif1 + Xitfo + ;e85 + Di,tﬁz} + Yi,tﬁs + €41 (36)

whereYi; is the natural log of the mental health of chiid periodt+1 andT; is an
indicator variable for children who received outpatient services over the sampling
period!’ The predictors are measured at petjoghereX; are characteristics of the child,
l; are factors of the availability of services, @ds an indicator for the child’s state of
residencepy, 8, f3, andp, are parameters to be estimated.

The effect of serviceg, is interpreted as the estimated effect of service receipt on

mental health at time-1, net of mental health at baseline.

17. Data are log-transformed to correct for the-normal distribution of the mental health
measure.
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Coefficient estimates on state indicat@fsestimate state effects. State effects
capture state policies, state social programs including Medicaid, gbagradifferences,
and state social norms among other state specific factors.

Current mental health in model (36) adjusts for non-clinical factors whissper
at periodt andt+1 and have a consistent effect on current and future levels of mental
health regardless of service receipt (Stahmer, Leslie, Hurlburt, Bartih, Wandsverk,
and Zhang 2005). There are two drawbacks to predicting future mental health as a
function of current mental health. First, including lagged mental health fails tantake i
account random variability in baseline mental health and therefore creatssa bi
correlation between baseline mental health and the error term. Second, unobservable
factors still may bias estimates if they have a differential effecturrent and future

mental health.

Correcting for the Nonrandom Provision of
Outpatient Services to Children

The empirical application in this dissertation requires an adjustment for the
nonrandom distribution of mental health services to children. The ideal data for program
evaluation would be generated by random assignment of individuals to the teatme
However, children are non-randomly assigned to outpatient services so their
unobservable characteristics are likely non-normally distributed acrogssgtauhe
absence of random assignment, there may be some unobservable charactehstics of t
child which influence her receipt of mental health services.

The process of how a child comes into contact with their state child welfare

system and their possible receipt of mental health services is not @lwvalgs across
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states. Most children come into contact with CPS as the result of a repopedteds
child abuse or neglect. Reports can be filed by any person. In 2006, most reports were
filed by teachers (17 percent), lawyers or police officers (16 percent)paiadl services
staff (10 percent) (Child Welfare Information Gateway 2008). More tharohalf
reports were made by people who came into contact with the child as a consefuence o
his or her professional position. As of June 2007, there were 18 states with an explicit
state law requiring any individual to report suspected child abuse or négjtact (
Welfare Information Gateway 2008).

Once a report is filed, CPS workers screen reports in order to determimeivhet
the reported abuse or neglect qualifies as maltreatment according tdelselegal
definition. States define types of abuse or neglect differently. For iestaccording to
Child Welfare Information Gateway (2008), most states generally dedigiect as a
caregiver’s failure to provide food, clothing, shelter, medical care, or sajmervBut, 24
states and the District of Columbia also include a caregiver’s failugutate a child as
a form of neglect.

CPS workers only conduct an investigation of the suspected maltreatment if there
is sufficient evidence to support an investigation and the reported abuse or néglect fa
within the state legal definition of maltreatment. In 2006, an estimated 3.3 mdponts
of child abuse and neglect were received by state child welfare agebtibese,
approximately 62 percent received a follow-up investigation (U.S. DepartmeeathH
and Human Services 2008). Still, not all cases that undergo investigation actually
determine that an act of abuse or neglect occurred. In 2006, 60 percent of theatases th

were investigated ultimately were substantiated.
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Children may receive mental health services regardless of whether thtedepo
abuse or neglect is substantiated or at any time during the child’s corttatiievchild
welfare system. In some cases, CPS workers might refer the chalckioer mental
health services while in other cases, mental health services might be detwetloMuch
of this variation in mental health service provision can be traced to prefer@tbe
CPS worker and policies of the CPS agency. As a result, children who receite me
health services and children who do not are likely to differ in observable and
unobservable factors, including history of maltreatment, parental cooperatoGRS,
or their socioeconomic factors (Shlonsky 2007).

| cannot simultaneously observe a child both receiving services and not receiving
services, or randomly assign children to services. | must rely on sthtsétteods to
adjust for selection bias in who receives services.

| model whether a child receives outpatient services as a propgh#itgt

depends on observable characteristics of the child and her environment, w

pi =wia+e (37)

wherea is a vector of parameters aads a random error. If any of the determinants of a
child’s receipt of mental health serviogsalso affect her production of mental health but
are not included in the frontier model, then the treatment indicator variable in therfront
model is correlated with the error tegn(in the frontier model). Estimators pfare

biased if they do not account for the endogeneity of the nonrandom distribution of mental

health services. Also, the model suffers from omitted variable bias if #hetisalmodel
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is incorrectly specified. Omitted variable bias will occur when variablasaffect or are
correlated with mental health are omitted from the selection model.

To my knowledge Mayen, Balagtas, and Alexander (2010) is the only study to
apply PSM in productivity analysis to address selection’Biikey examine whether
technical efficiency varies across organic and conventional dairy farnyen\é al.

(2010) use PSM to address the farmers’ selection into organic or conventionagfdrmin
adopt the methodology of Mayen et al. (2010) to utilize PSM and stochastic frontier
analysis to examine the effect of outpatient services on the mental hegtitdogn who
come into contact with their state child welfare system.

Children are divided into two groups: children who received mental health
services and children who did not receive services. Then, children from each group are
matched on their observable characteristics. The difference betweeatted
children’s mental health is the measured effect of the treatment.

The effect of mental health services on the mental health of childrennsdiet
EY,—-YIT=1)=EWM,|Z,T =1) — E(Yy|Z, T = 1) whereY, is the mental health of a
child who does not receive mental health servi¢e®), Y; is the mental health of a child
who does receive mental health servidesl(), andZ is a vector of conditioning
variables consisting of argvariables from the frontier model and amyariables from
the propensity modeE (Y; — Yy|Z, T = 1) is referred to as the average treatment effect

on the treated (ATT).

18. Greene (2010) provides a method to correcsdample selection with the stochastic frontier
model that builds on Heckman’s (1976; 1979) samplection model. Heckman’s sample selection model
is an alternative method to correct for samplectiele but is not pursued in this paper. It is agsaior
future work.
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We do not observeé(Y,|Z, T = 1) but we do observe the mental health of
children who do not receive the servicB¢Y,|Z, T = 0). It is possible therefore to

calculate:
E(Y,|1Z,T=1)—EY,|Z,T=0)=6. (38)

The difference betweéhand ATT can be calculated as:

S=EW|ZT=1)—EW|ZT=1)+E{|ZT=1)—-E{|ZT=0) (39)
§ =ATT +E(Y,|Z,T = 1) — E(Y,|Z, T = 0)

6 =ATT + 0

whereQ2 measures selection bias.

Predicted ATEATE) estimates the difference in outcome for between the treated

and untreated groups:

ATE =E(Y|T =1) — E(Y|T = 0). (40)

Following Mayen et al. (2010), I first estimate a probability model for tbeipée
of mental health services. The estimates measure the probability or pyopense of
receiving mental health services for each child. Second, each child wheedeceintal
health services is matched to a child who did not receive mental health sevitica

similar propensity score.
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Tests of PSM Assumptions

In order to conduct propensity score matching, two assumptions must be met:
conditional independence and common support condition. Conditional independence
assures that the potential outcomes are independent of the treatment teiatus af
controlling for observable covariates. Intuitively, the treatment assigrissimilar to a
random assignment of treatment if the data satisfy conditional independence. The
common support condition guarantees that every observation has a positive probability of
being both treated and untreated.

Together the conditional independence and conditional support assumptions
guarantee that the distribution of the covariates somewhat overlap. Overlas ¢naure
the regression does not completely extrapolate from the behavior of one group to predic
the behavior of the other. In the absence of overlapping covariates, the PSM method
would predict the effect of mental health services on the mental health oeohitio do
not and will not receive services.

Unobservable variables may affect the child’s receipt of mental he=ltices.

Such unobservable variables are not directly controlled for and so limit the #ghks
PSM approach. | assume that the distributions of unobservable factors are tlier sdime
children, regardless of whether or not they receive mental health servitkss P&id if
unobservable factors that affect a child’s receipt of mental healtltsgimie

independent of her level of mental health (see Imbens (2004)). | conduct formalftest
the endogeneity of the treatment dummy variable in the frontier model to provide some
empirical evidence that the PSM approach is in fact eliminating selectmrHuoaever,

the extent that results are limited by unobservable variables is an ehtpigstion that
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can only be determined with better data. With better data though, such an issue of

selection bias may not persist.

Empirical Model: Propensity Score Matching

The propensity score for each child is the estimated as the probabiliydhid
i will receive mental health services over the sampling period. Propersigs sue

estimated using the following probit specification:
Pr(o;=1)=w;a+e (41)

whereo is a binary outcome for whether the child received mental health seriBs (
or did not receive services%0). w; is a vector of child-specific characteristics, the
availability of services, and institutional factosss a vector of parameters, aad an
error term.

| use caliper matching without replacement as my matching algoritach. &hild
who receives services is matched with children who have a propensity score within a
specified range but did not receive services. Robustness checks are presentexlifor va
matching methods (see appendix C). A subsample is created of only children who were

matched (Dehejia and Wahba 2002).

Data

| use data on children who came into contact with state CPS in the 46 states and

the District of Columbia surveyed in the NSCAWNSCAW is the first national

19. Four states were excluded from the NSCAW shehbause they have a state law that requires
that the caregiver of any child selected for thelgtbe first contacted by the CPS agency staferatian
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probability sample of this populatidiThe first cohort of NSCAW includes two
samples: 5,501 children involved in CPS investigations and 727 children in long-term
foster care (LTFC). The observations in NSCAW are drawn without repéatdom a
two-stage stratified sample. At the first stage, there are nine. Sthegdirst eight are the
states with the largest number of CPS caseloads. The ninth stratum corthists of
remaining states. Primary sampling units (PSUs) were formed amteskelathin these
strata. In most cases, PSUs correspond to a county or a group of adjacent dounties.
more densely populated places, a PSU may be a single CPS &gency.

Children in the CPS and LTFC samples have distinctly different historibgtveit
child welfare system. Children in the long-term foster care sample hadrbeseg-iterm
care for at least one year prior to baseline interviews. In contrastthaing frame for
the CPS sample includes all children who come into contact with their Biigtevelfare
system. Some of these children never received services and most wenemaxed
from their guardians. My sample includes children from both the CPS and LTFGzesampl
to include a broader range of children with different histories with the chilcreelf
system.

NSCAW is a panel. | use data collected at three points in time for eadh chil

between November 1999 and April 2001 (baseline); 18 months after baseline interviews

by NSCAW personnel. The target population subsetiyués “all children in the U.S. who are subjeofs
child abuse or neglect investigations (or assestneanducted by CPS and who live in states not
requiring agency first contact,” (National Data Aiee on Child Abuse and Neglect 2008, 2-13).

20. | use sample probability weights in my modéineation to appropriately account for the
survey structure and estimate standard errors.

21. For this analysis, estimation cannot simultaisgocontrol for a child’s state of residence and
CPS agency. The small sample size limits childilanalysis using CPS agency indicators.
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(wave 2); and 36 months later (wave?3NSCAW data therefore allows for a child-level
longitudinal analysis of children who received services between the investigadion a
initial interview and those who did not (Webb, Dowd, Harden, Ladsverk, and Testa
2010). Over the sampling period, children may enter or exit the child welfare spstem
they may come back into contact with the system after leaving it. Liggahddren may
receive mental health services at any point in time over the sampling peneder
receive services.

At each wave, current caregivers were asked about the child’s menthl heal
service receipt using the Child and Adolescent Services Assessment (GASE&hild
Health Questionnaire from National Evaluation of Family Support Progranes, Bri
Global Health Inventory, and NSCAW developed questions on services (AscheerFarm
Burns, and Angold 1996} CASA was developed as a survey instrument for children
ages 8 to 18 (Ascher et al. 1996). Survey questions about the child’s receipt of mental
health services, however, were administered to children ages 6 to 18. There @ffeo spe
reason cited in the NSCAW data manual to explain why particular agefswtere
imposed. To ensure a consistent group of mental health services is developmentally
appropriate for all children in my study, | restrict the sample to the 2,482arhibdyears

old or older at the time of the initial interview and 18 years old or younger at wve 3.

22. NSCAW data include five waves data for the GB®ple but only four waves for the LTFC
sample. To construct the largest sample size, aeiig collected at baseline, wave 2, and wave 3 usgd
for this analysis. Of the 1075 children in the gsi sample, 167 children are in the LTFC sample.

23. Provider assessment of youths’ mental heatiblpms and provider knowledge of available
services have been shown to be more significaetich@ants of service provision compared to youths’
self-reported mental health (see Stiffman, Hadles] Dore, Polgar, Horvath, Striley, and Elze (2000

24. See appendix B for a discussion of the samplation.
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Measures and Descriptive Statistics

Functioning: Mental Health

| use the Child Behavior Checklist (CBCL) as the main indicator of a child’'s
mental health outcome. The CBCL is a widely-used and well-established enefisur
emotional and behavioral problems in children and their need for mental healtretreatm
(Achenbach 1991% On the CBCL, caregivers are queried about the frequency with
which children exhibit 113 problem behaviors. This is a composite measure that results
from the individual queried questions. Children are scored based on the individual
guestions. | consider a child’s aggregate score.

Following Achenbach (1991), a child with an aggregate CBCL score of 64 or
above is identified as clinical. | restrict the sample to the 1,075 children wiotiracal
at baseline since mental health problems are most prevalent among these ahildre
baseline, when they come into contact with the child welfare system.

Table 3 shows descriptive statistics of the CBCL scores for the santpéestart
and end of the sampling period. Descriptive statistics reported here aserdptive of
the total sample of children age 6 or older at baseline and age 18 or younger afwave

The mean CBCL score of all children age 6 to 18 years declined from 60 to 58 from

25. In this paper, | examine the standardized CB@ires, not the raw CBCL scores of children.
Raw CBCL scores are standardized using T scoresoes were calculated using population mean 60.1
and standard deviation 12.7 (National Data ArcloimeChild Abuse and Neglect 2008, 5-33). Henceforth,
reference to CBCL scores implies standardized CB&ires.

26. 1 do not correct for the complex survey desigsample statistics (National Data Archive on
Child Abuse and Neglect 2008). Instead, | dischessample as given and use a matching method to
simulate a randomized subsample of children.
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Table 3. Mental Health Outcomes of Children Ages 6 to 18 Years Old by Clinical
Status: Analysis Sample

Mean SD Min Max
Total Sample
CBCL score at baseline 60.016 **k - 12.558 23 94
CBCL score at wave 3 57.510 12.77723 94
Children who were clinical at baseline
CBCL score at baseline 71.681 bl 5.758 68 94
CBCL score at wave 3 64.214 10.79624 94

Note: The total sample includes 2,482 children of whigh7s children were clinical at baseline. Standard
deviation (SD), minimum (Min), and maximum (Maxeaeported. Statistical significance is reported fo
differences in the means of CBCL scores across svioreesach sample.

*p < .05 **p < .01 ***p < .001

baseline to wave 3 (t=10.407, p<0.001) (see table 3). The mean CBCL score also
declined for children who were clinical at baseline from 72 to 64 (t=23.396, p<.001). The
decline in CBCL scores was greatest for children who were clinicakatiba compared

to the decline in CBCL scores for the entire sample.

Resources: Outpatient Services

| consider outpatient services to be the resources which a child converts in order
to achieve a level of mental health functioning. Outpatient services areeseiivat may
have been received from an outpatient drug or alcohol clinic, a mental health or
community center, a private professional, or a non-psychiatric doctor. Theseseain
to help children with emotional, behavioral, learning, attentional, or substance abuse
problems. At each wave, current caregivers are asked about the child’seotitgatvice

receipt using the CASA, the Child Health Questionnaire from National Eialuait
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Family Support Programs, Brief Global Health Inventory, and NSCAW developed
guestions on services (Ascher et al. 1996).

| construct a binary indicator for whether or not a child received outpatient
services any time during the sampling period. For this analysis, | exahildesn who
ever received outpatient services before the sampling péride final group of
children who received outpatient services during the sampling period includes 1061
children. The time frame restrictions on when a child received outpatienteservi
attempts to capture only children who received outpatient services during the
observational period in order to isolate the effect of services over the obmsalati
period. Also, treatment at any time during the sampling period might affedtda c
mental health frontier at wave 3. This analysis attempts to capture whetie
outpatient services actually have the intended lasting effects on the maittabiie
children who receive these services.

Table 4 describes the use of outpatient services by children in the sample over the
sampling period. At baseline, 475 sampled children received outpatient services. More
children had received outpatient services at wave 2 (approximately 18 moethsatat
614 children. Fewer children received services at wave 3 compared to wave 2 but more
than at baseline at 623 children. While the number of sampled children who received
outpatient services at any given wave are statistically differenhutimder of children
who moved in and out of treatment between waves is not. For instance, the number of

children who received services at baseline (193 children) was unchanged &t {@/@0e

27. This restriction does not exclude any childrem the sampling who were not already
excluded due to partial missing data or age reisinis.
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Table 4. Statistics for the Use of Outpatient Services Over the Samptind Renong
Children Ages 6 to 18 years old at Initial Contact: Analysis Sample

Children who were

Total sample . )
P clinical at baseline

Received services N PCT N PCT
At least once 1061 42.748 660 61.395
Never 1421 57.252 415 38.605
Baseline 475 44,769 301 45.606
Wave 2 614 57.870 399 60.455
Wave 3 623 58.718 424 64.242
Baseline only 193 18.190 107 16.212
Wave 2 only 170 16.023 88 13.333
Wave 3 only 180 16.965 100 15.152
Baseline and wave 2 75 7.069 41 6.212
Baseline and wave 3 74 6.975 54 8.182
Wave 2 and wave 3 236 22.243 171 25.909
Across all waves 133 12535 99 15.000

Note: Percent (PCT). Sample size (N).

children) and wave 3 (180 children) (p>.10). Of the 1061 sampled children who received
services during the sampling period, 133 children received services at every wave

The trend in outpatient service use over the sampling period is generally
consistent for the subset of children who are clinical at baseline (seé&jalf all
children who received outpatient services, 46 percent of the children recawviedsat
baseline. This is smaller than the 60 percent of children who received servicee &

and the 64 percent of children who received services at wave 3. A greatet pérce
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children received outpatient services at any given wave if they weigaticompared to
the total sample.

The steady flow of children in and out of service over the sampling period
provides further support for defining the group of children who received outpatient

services as all children who received these services at any point ovengiimgaeriod.

Functionings and Resources: CBCL
Scores and Outpatient Services

Among children who were clinical at baseline, the mean CBCL scores declined
for both children who received outpatient services and children who did not receive these
services suggesting that mental health problems are less prevalegtlzotfogroups
over the sampling period (see table 5). The total CBCL score for children wao we

clinical at baseline and received outpatient services at some point over gimgam

Table 5. Mental Health Outcomes of Children Ages 6 to 18 Years Old Who Were
Clinical at Initial Contact by Receipt of Outpatient Services: Analgsimple

Mean SD Min Max

Received outpatient services
CBCL score at baseline 72.624 6.009 64 94 *kx
CBCL score at wave 3 66.476 10.424 26 94

Did not receive outpatient services
CBCL score at baseline 70.181 4,987 64 89 *kk
CBCL score at wave 3 60.617 10.407 24 85

Note: Of the 1,075 children who were clinical at basel®@0 received outpatient services and 415
children did not receive services. Standard dexiafSD), minimum (Min), and maximum (Max) are
reported.

*p < .05 **p < .01 ***p < .001
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period declined from 73 to 66 while the decline was greatest for children who did not
receive services, from 70 to 61 (F(1,884)=8.59, p<.001).

The prevalence of mental health problems declines for both children who received
outpatient services and children who did not, but the decline is greatest for chitdren w
did not receive services. The CBCL score for children who received servitieeslec
from 73 to 66 while the CBCL score for children who did not receive services had a
lower CBCL score at baseline and at wave 3 with a decline from 70 to 61.

Figure 5 illustrates the distribution of total CBCL scores for childrerebgipt of
outpatient services at the start and end of the sampling period. A majorityobiltren
who received services at some point during the sampling period were clirbealetine
(55 percent) and wave 3 (52 percent). A smaller percent of children who neveedecei
outpatient services during the sampling period were clinical at baselipel@t) or
wave 3 (17 percent).

At baseline, 41 percent of children in the sample had a CBCL score in the clinical
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Figure 5. Distribution of Child Behavior Checklist (CBCL) Scores by Receipt of
Outpatient Services and Wave
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range (children with a CBCL score to the right of the vertical line); 62 percehtldfen
who received services were clinical compared to 29 percent of children who did not
receive services. A smaller percent of the sample had a CBCL scoreclimited range
at wave 3, at 35 percent. Even still, a greater percent of children who receivetnutpat
services were clinical at wave 3 compared to children who did not receieeseat 54
percent and 21 percent.

The striking differences in CBCL scores over the sampling period for ehildr
who received outpatient services and those who did not suggests that the receipt of
services may be a strong predictor of child’s total CBCL score. Also, ttabiigy in the
decline of these scores for each group further suggests that the relationskgnbetw
outpatient services and the child’'s CBCL score maybe more complex than generall

understood.

Conversion Factors

For conversion factors, | control for characteristics of the child such aseage,
race, or history of abuse that may influence their use of outpatient sehatssscontrol
for the child’s history with the child welfare system by controlling for Wwbhebr not the
child is adopted, the number of times the child has been in OOH care, if the child resides
in OOH care at baseline and the type of OOH care. Other conversion facladg ithe
availability of outpatient services and the institutional structure. Totgerace
availability, | control for the child’s type of health insurance coveragetendumber of

local community health centers. Institutional factors include the childes staesidence
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and who initially reported the child abuse or neglect to the CPS agency. TablerGgpres

descriptive statistics for the sample of children.

Table 6. Sample Characteristics for Children Age 6 to 18 Years Old at Gutiahct:
Analysis Sample

Total sample Clinical at baseline
Mean SD Mean SD Min  Max
Age 10.077  2.709 10.240 2.705 6 15
Race
White 441 497 .485 .500 0 1
Black .328 470 .305 461 0 1
Other .230 421 210 408 0 1
Female .530 499 489 .500 0 1
Type of abuse
Physical .299 .458 315 465 0 1
Sexual 179 .383 .203 402 0 1
Emotional 138 .345 144 351 0 1
Child is adopted .020 141 .032 175 0 1
Type of OOH placement
Foster care 161 .367 .196 397 0 1
Kinship care 120 .326 .096 .294 0 1
Group home .025 157 .037 .189 0 1
Residential care .027 161 .045 207 0 1
Other .009 .094 .009 .096 0 1
Number of OOH placements 1.398 1.808 1.658 1.923 0 11
Child’s health insurance coverage
Medicaid 716 451 767 423 0 1
Private insurer 189 391 .152 359 0 1

Table 6 continued.
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Total sample Clinical at baseline

Mean SD Mean SD Min Max

Child’s health insurance coverage

None .095 293 081 273 0 1

Number of local community
health centers
Who contacted CPS?

1.688 4.000 1.702 4.176 0 37

Teacher or school staff 411 492 421 494 0 1

Doctor 197 .398 222 416 0 1

Note: The total sample includes 2,482 children of whigh7s children were clinical at baseline. Standard
deviation (SD), minimum (Min), and maximum (Maxeaeported. Out of home (OOH) care. Child
protective services (CPS).

*p < .05 **p < .01 ***p < .001

Conversion Factors: Characteristics
of the Child

| control for child-specific conversion factors such as age, raceasebhistory of
abuse. Research suggests that a child’s race, age, and history of abuse are strong
predictors of a child’s receipt of mental health services (Garland andg@edi997;
Garland, Lau, McCabe, Hough, and Landsverk 2005; Hurlburt, Leslie, Landsverk, Barth,
Burns, Gibbons, Slymen, and Zhang 2004; Landsverk, Garland, and Leslie 2002; Leslie,
Landsverk, Ezzet-Lofstrom, Tschann, Slymen, and Garland 2000; Leslie, Hurlburt,
James, Landsverk, Slymen, and Zhang 2005). Older children and those that have been
sexually abused are more likely to use outpatient services. Black chitdriasslikely,
compared to White children, to receive these services.

Among sampled children, the average child was 10 years old at baseline. The

sample was 44 percent White, 33 percent Black, and 23 percent were some other race
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Slightly more than 50 percent of the children were girls. Most children had been
physically abused (30 percent) compared to the percent who had been sexually abused

(18 percent) or emotionally abused (14 percéht).

Conversion Factor: The Child’s History
with the Child Welfare System

A child’s history with the child welfare system may influence her alititytilize
mental health services. For instance, caregivers of children with a prioyhistioithe
child welfare system may better understand how to navigate the system te aogjiial
health services. Also, if a caseworker has worked previously with a childgsbearker
may use any knowledge from the previous interaction to influence her decision of
whether to refer the child for mental health services.

Previous research has found that children in OOH care are more likely to use
outpatient services (Leslie et al. 2005). For instance, Leslie et al. (200%)dinchildren
placed in OOH care are two to three times more likely to receive outpsdiemntes
compared to children who remain at home. Findings in the literature are incoresstent
whether OOH placement improves or worsens mental health outcomes (Berger, Bruch,
Johnson, James, and Rubin 2009; Berzin 2008; Courtney 2000; Doyle 2007; McDonald,
Westerfelt, and Piliavin 1996; Waldfogel 2000).

| consider four OOH living arrangements: kinship care, family foster, cgoup
home, or residential treatment facility. Kinship caregivers includeve$aof the child

either by birth or marriage but who are not parents of the child. Group homes include

28. Children may have experienced more than qme ¢of abuse.
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orphanages. At initial contact, 16 percent of the children lived in foster care and 12
percent lived in kinship care. Fewer children lived in a group home (3 percent) or
residential care facility (3 percent).

| also control for the number of times a child has lived in OOH care as this may be
a contributing factor of a child’s mental health. Newton, Litrownik, and Lanksver
(2000) find that multiple placement changes significantly increases aschdk’of
mental health problems at the end of one year. The extent to which the multiple
placements cause greater need for mental health care, or whether mplatplaents
simply capture the high propensity for foster parents to ask for the child to be rmoved i
not known (Rubin, O’Reilly, Luan, and Localio 2007). On average, children in this
sample have been in OOH care once by the time of baseline interviews. Children in the
sample who have been in OOH care at least once have experienced an average of thr
OOH placements prior to baseline interviews.

Children who have been adopted may have been in OOH placement at some point
prior to the adoption. Relatively few sampled children were in adoptive care lmbdase
64 children (2 percent). Yet these children may have had a history with chikdevelf

systems which could influence their utilization of outpatient services.



93

Conversion Factor: Availability
of Outpatient Services

When a child does not receive a service, it is not known whether any particular
mental health service is available or offered but its use decfinetin, however, able to
control for ability to pay by observing the child’s health insurance status apdshible
availability of outpatient services by observing the number of local commuilhhe
centers. The availability of outpatient services may alter a chibilisyao convert these
services into a level of mental health functioning.

A large percent of sampled children may face financial barriers tosacces
outpatient services. Approximately 10 percent of children in the sample weraredins
at baseline. Seventy-two percent of the children in the sample were covérediibgid
or some other state-funded health insurance, and 19 percent were covered &y privat
health insuranc8.

Many CPS agencies work with local community health centers and other service
providers to offer a wide array of mental health services (Kolko, HersClusitello, and
Kolko 2009; McCarthy et al. 2007). Thus the degree of coordination between CPS
agencies and these service providers can also be a limiting factor in {abibatyeof
services for children and families who come into contact with their stadevetifare
system. At baseline, children had an average of two community health centeis in t

community, though there was great variation in the distribution of local community

29. Studies consistently document that many childvko are in need of mental health services do
not receive them (Hurlburt et al. 2004; see alsmBet al. 2004; Leslie et al. 2000; Leslie e2ab5;
Stahmer et al. 2005).

30. Caregivers were only able to denote one fortmeafth insurance coverage for each child.
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health centers. Some caregivers reported no local community health certtgrizée

others reported more than 20 facilities nearby.

Conversion Factor: Institutional Structure

In order to control for variation in state child welfare programs, I include stat
dummy variables. State effects may capture how the abilities of childoemvert
resources into mental health functionings are limited across states.\W8@ata allow
me to control for the eight states in which the largest number of CPS caseloads we
filed. (The remaining 38 states comprise a separate sampling unit.) NSiamis the
first national data set that allows for such state-level analysis.

In the PSM model, | also control for reports of child abuse or neglect that were
filed by teachers or other school staff and doctors with CPS agencies. fdiggkials
are mandated reporters but their report also proxies as a measure of titye cealeuse
or neglect. Doctors who filed a report for possible abuse or neglect likelywetser
substantial evidence of abuse or neglect given the possible avenues by which they
interacted with children. This is also true for teachers and other schdellstapend a
substantial amount of time with children each week. Indeed, teachers or other school
staff filed 41 percent of all initial reports of sampled children. Approxim&@Ilpercent

of reports were filed by doctors (see table 6).

Results and Discussion

| use propensity score matching (PSM) to identify a subsample of children who
differ only in whether or not they received outpatient services. | then run thesttocha

frontier model on the subsample of children to model the conversion of mental health
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services into mental health outcomes given the child’s conversion factors and level of

efficiency in converting resources into outcomes.

Propensity Score Matching Analysis

| begin by evaluating whether there is reason to be concerned with seleaion int
outpatient services. Before correcting for selection into services, dhedifferences in
the means for continuous variables and the proportions for binary variablesloérchil
who received outpatient services and children who did not (see table 7). Fidsgrchil
who received outpatient services had higher CBCL scores at baselinegsgdikdly to
be Black, more likely to be male, and more likely to have been physically abused. The
children had been in a greater number of OOH arrangements prior to baselinevister
and were more likely to be adopted or to currently reside in foster care, a groepanom
residential care. Children who received outpatient services also livetenear
community health centers, and were more likely to be covered by Medicaid and less
likely to be covered by private health insurance. The PSM procedure creadshadn
sample in which the mean covariates do not differ for children who received outpatient
services from those who did not.

| conduct a Durbin-Wu-Hausman (DWH) test of the endogeneity of the treatment
dummy variable (i.e. the indicator variable that a child received outpatienteseati
least once during the sampling period). The DWH procedure is to test for endogenous
regressors. First, | estimate a probit model (41) for whether or not a chitdogive
outpatient services using the entire sample. | then estimate the stoftbaser model

(36) with both the treatment indicator variable and the residuals from the probit inodel
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Table 7. Sample Means of Covariates for the Total Sample and PSM Sub-Sample by
Receipt of Outpatient Services.

PSM sample
Total sample Selection model  Selection model
without states with states
Received outpatient Yes No Yes No Yes No

services?

Baseline CBCL (In) 4.282 4.249 *** 4.257  4.264 4.259  4.265

Age (In) 2,299  2.274 2.268  2.283 2.267  2.267
Age-squared (In) 5.359 5.251 5.217 5.291 5.220 5.218
Race
Black .255 386 *** .353 276 * .325 .299
Other .209 212 191 234 231 199
Female 445 559  H* .502 452 .486 481

Type of abuse

Physical .335 284 * 311 .293 297 307

Sexual 217 181 .198 192 192 .183

Emotional .156 125 .148 .146 157 133
Child is adopted .042 014 ** .018 .025 .017 .021
Type of OOH

placement

Foster care 247 116 *r 184 176 147 .183

Kinship care .097 .094 .078 .096 122 .100

Group home .059 002 .000 .004 .004 .004

Residential care .067 010 *** .025 .017 .021 .017

Other .012 .005 .000 .008 .007 .008
Number of OOH

placements (In) .898 466  *F* 574 .628 .596 .629

Health insurance
Medicaid .814 694 Fx* 749 .715 734 751
Private insurer .130 186 ** 173 .184 171 .178
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Table 7 continued.

PSM sample
Total sample Selection model Selection model
without states with states
Received outpatient Yes No Yes No Yes No

services?

Number of local
community health  .598 .689  ** .658 .642 .645 .606
centers (In)

Who contacted CPS?

Teacher or school
staff 403 451 417 435 406 440

Doctor .239 195 ¢+ .223 234 .203 .207
State (binary)

California .098 .094 115 .091
Florida .032 .048 .035 .033
lllinois .058 .048 .066 .058
Michigan .064 .058 .084 .066
New York .048 .070 077 .054
Ohio .079 .080 .073 .083
Pennsylvania .071 046  * .052 .054
Texas .086 .092 .063 .058

Note: The outcome is the CBCL scores (In) at wave 3. mh&hing algorithm is caliper (.005) without
replacement. Standard deviation (SD), minimum (Mamd maximum (Max) are reported. Child Behavior
Checklist (CBCL). Out of home (OOH) care. Child fertive services (CPS).

*p < .05 **p < .01 ***p < .001

reject the null hypothesis that the treatment indicator is exogenous in therfroatiel
(¥*(1)=3.09, p=.079). | conclude it is necessary to correct for the endogeneity wf's chi

receipt of outpatient services.
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In order to examine state effects on a child’s propensity to receive ontpatie
services, | estimate the probit model (41) using two specifications: withisticators
and without state indicators. The motivation for including state-effects in tnioal
model is to capture differences in the delivery of outpatient services to chitatces a
states. This is justified given the extent of variation in mental heakisssgnt of
children when they enter the system and differences in state policies in \ihilthrc
receive services that have been documented in the literature, particuldwdyreports of
the CFSR.

| first estimate the probit model (41) without state indicator variablesmidue|
correctly predicts a child’s receipt of outpatient services for 71 percéme shmple. The
probit model (41) without state indicators accurately predicts that a childeecei
outpatient services for 80 percent (0.80=529/660) of all children who actuallyaécei
services (see table 8). The model is less successful at correctlytipgeftic children

who did not receive outpatient services with only 57 percent (0.57=236/415) correct

Table 8. Prediction Table of Probit Estimates for the Total Sample Usingtévdel
with State Effects

Actual receipt of services

. . Without state effects With state effects
Estimated receipt _ _
of services Total Received D'd not Received Did not
receive receive
Received 708 529 179 528 180
Did not receive 367 131 236 132 235
Total 1075 660 415 660 415

Note An estimate is classified as predicting a recefmiutpatient services if the propensity scorgresater
than or equal to 0.5. The number of observatiomspsrted.
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cases. | conduct Pearson goodness-of-fit chi-square test to examine thidibgéthe
model. The Pearson chi-square statistic of 574.97 (DF=552, p=.241) suggests a good
overall fit of the model.

When | include state effects, the probit model correctly predicts a chelckEspit
of outpatient services for children who received services in 80 percent of thiedam
cases (where 0.80=528/660). The probit model incorrectly predicts a child’s i@ceipt
outpatient services for children who did not receive services for approxirdatelgrcent
of the sample (where 0.43=180/415), and incorrectly predicts a child did not receive
services when she in fact did receive a service for approximately 20 pefrtieatcases
(where 0.20=132/660). The probit model with state effects correctly predictsaiéd a
did not receive outpatient services for children who did not receive services atédtper
(where 0.64=235/367). The probit model correctly predicts whether or not a child
received outpatient services in 71 percent of all the cases. The Pearsquashkistatistic
of 574.83 (DF=545, p=.182) suggests a good overall fit of the model.

After creating the PSM subsample and running the same probit model on the PSM
subsample, the model without state effects only correctly predicts 54 pefedintases
while the model with state effects only correctly predicts 47 percent cdsdls. This
suggests that PSM created a subsample of observations that differ only in thpiratec
outpatient services. Controlling for state effects helps to remove some of theabhse
differences in the children such that the probit model has more difficulty &elgura
predicting which children receive outpatient services.

Marginal effects from the probit model (41) for the specifications excludidg a

including state indicators are presented in table 9. This table shows the mefifgictal
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Table 9. Estimated Marginal Effects for the PSM Model with States and trgdic
Child’s Receipt of Outpatient Services

Child A Child B Child C
Baseline CBCL score 1.432 *x 1312 **  1.21Q **x
(.234) (.218) (.209)
Age (In) 1.097 1.005 934
(1.052) (.963) (.893)
Age-squared (In) -.255 -.233 -.217
(.234) (.215) (.199)
Race
Black _215  kx -03Q e -232 wkk
(.040) (.039) (.038)
Other -.067 -.058 -.054
(.047) (.039) (.035)
Female -079 ** - 068 ** -062 **
(.035) (.030) (.028)
Type of abuse
Physical 055 048 048
(.038) (.034) (.034)
Sexual 079 * 077 * 072*
(.043) (.045) (.042)
Emotional 020 019 018
(.049) (.047) (.044)
Child is adopted 205  ** 226  ** 219 **
(.085) (.108) (.109)
Type of OOH placement
Foster care 101 * 096 * 091 *
(.057) (.056) (.054)
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Child A Child B Child C
Kinship care .003 .002 .002
(.065) (.059) (.055)
Group home 368 *x* 495 xkk 505 ***
(.066) (.111) (.124)
Residential care 281 *x* 335  kkk 331 ***
(.074) (.111) (.117)
Other 122 124 118
(.175) (.197) (.192)
Number of OOH placements (In) 206 *** 188  **x 175wk
(.038) (.031) (.029)
Health insurance
Medicaid 146 ** 119 ** 108 **
(.062) (.048) (.042)
Private insurer 106 106 100
(.066) (.071) (.069)
Nu(r:r;kr)]tteér(;f(lltr)]():al community health 054 ** 049 ** 046 **
(.026) (.024) (.022)
Who contacted CPS?
Teacher or school staff -037 -035 -033
(.034) (.032) (.030)
Doctor .067 * .065 .061
(.040) (.040) (.038)
State
California .035 .033 .031
(.062) (.059) (.056)
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Table 9 continued

Child A Child B Child C
Florida -.044 -.038 -.035
(.090) (.078) (.071)
lllinois .056 .054 .051
(.075) (.074) (.070)
Michigan -.057 -.050 -.046
(.073) (.062) (.056)
New York -.058 -.050 -.046
(.073) (.062) (.056)
Ohio -.048 -.042 -.039
(.067) (.058) (.053)
Pennsylvania .058 .055 .052
(.073) (.073) (.069)
Texas .012 011 .010
(.067) (.062) (.058)
Receipt of outpatient services 572 .324 276

Note: Standard errors in parenthesis. Child Behavior &istCBCL). Out of home (OOH) care. Child
protective services (CPS).

Marginal effects were calculated for three childr&nB, and C. All three children are 10 year oléaék
males with a baseline CBCL score of 74, and livihaninth strata (one of the other 38 states) tvear
community health centers. The children have Meditaialth insurance. Their initial report of abuse o
neglect was filed by a teacher. The three childiier in their current and previous interactiorttwihe
system. Child A was physically abused and placddster care at baseline. This was his first OOH
placement. Child B was also physically abused tag mot removed from his home. He has never been in
OOH care. Finally, child C did not suffer any ahuses at home, and has never been in OOH care.

*p < .05 **p < .01 ***p < .001

for three children who might come into contact with the child welfare systerthragé
children have a baseline total CBCL score of 72 and are 10 years old (the saaupéd. m

| further condition that the children are Black males who live in the ninth strataof
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the other 38 states), near one community health center, and have health insuraghe throu
Medicaid. The initial report of abuse or neglect was filed by a teacher. Heedidren
differ in their current and previous interaction with the system. The fillst @) was
physically abused but placed in foster care at baseline; this was hisQissplfacement.
The second child (B) was physically abused, lives at home, and has never bedmplace
OONH care. The third child (C) did not suffer any abuse (physical, sexual, ooaaipti
and lives at home. He has never been in OOH care.

For all three children, the child’s baseline level of mental health, whethehitde
is Black, male, had been sexually abused, lived in foster care, a group home, or
residential care, if the child was adopted, had Medicaid health insurance, the ntimbe
local community health centers nearby, and whether a doctor contacted GEPSrarsy
predictors of whether a child received outpatient services.

Black children are 21 to 24 percent less likely to have received outpatieneservic
with children in OOH care being more likely to receive services. Thesésregpbort
other findings in the literature that Black children disproportionately do not usalment
health services. It is not clear from these results if child welfaterags
disproportionately distribute services to children by race, although othkrhasr
suggested this (Garland, Landsverk, and Lau 2003).

A child’s history of sexual abuse was also a significant predictor of whittibe
child would receive outpatient services at a 7 to 8 percent probability. Bkisamsistent
across children, suggesting that a child’s recent placement in foster eaneado

significantly alter the probability that the child will receive outpatsswices.
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Children in adoptive care are 21 to 23 percent more likely to receive outpatient
services compared to children not in OOH care (children B and C) but only 18tperce
more likely to receive outpatient services compared to child (A) in foater c

Children in group homes and residential care facilities were more likedgéove
outpatient services across all three children. This is unsurprising sincédtiéses are
likely to provide children with mental health services. Children who lived in group
homes were 37 to 51 percent more likely to receive outpatient services compared to the
child living in residential care at 28 to 34 percent more likely to receivecssrvi
compared to children living at home (children B and C). The difference in prolebiliti
across children A, B, and C provide additional evidence that children in OOH care are
more likely to receive outpatient services.

| use the probit estimates for the model with state indicators to generate a
propensity score for each child. Then, | create a subsample of children who did not
receive outpatient services that | match to children who did receive sebyicelecting
for each child with treatment the child without treatment with a propensitg sgthin
.005 to that of the treated child without replaceniérferopensity scores for all children
who did not receive services are included before matching. After matching, however,
only the propensity scores for a subset of children who did not receive services are
considered — those children who were matched to children who did receive services.

Figure 6 shows kernel density estimates for the distribution of propensigsscor

for each selection model and treatment group before and after matching. Aedxpe

31. See appendix C for a discussion of matchingrdlgns and the robustness of results across
matching techniques.
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Selection model with states

o P 4 5 M 10 2 4 5 & 1
Before matching After matching

Selection model without states

1] 2 4 q i i I2 :4 ,é IS 1I
Before matching After matching

------- Received services —— Did not receive services

Figure 6. Distribution of Propensity Scores Before and After Matching lec&at
Model

children who received outpatient services have a higher predicted propemsitgive
services. Before matching, the propensity score distribution for children wéigeéc
services is skewed left and the propensity score distribution for children who did not
receive services is skewed right. After matching, the distribution for theheth
subsample more closely resembles that for children who received services.

| also perform the Kolmogorov-Smirnov (KS) test for equality of distributions. |

fail to reject the null hypothesis that the distribution of propensity scores foetted
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and control groups are drawn from the same distribution (KS statistic=0.028, p>.10). This
demonstrates that the matched sample satisfies the common support condition.

The matched sample also satisfies the assumption of conditional independence.
Table 7 presents the mean of the covariates in the selection model before ahd after t
children are matched. Before matching, the mean of the covariates diffieebdahe
children who received outpatient services and the children who did not receiveservic
After matching, however, the means of the covariates are equal (p>.10)@oqss,
suggesting that the samples are balanced.

The resulting subsample of matched children consists of 575 children (286
children who received outpatient services and 289 children who did not receive outpatie
services) for the selection model with state indicators. By construdtmmatched
groups of children who did and did not receive outpatient services more closelpleesem
each other in their propensity to receive outpatient services. | again cand\Wit test
for endogeneity of the treatment dummy variable when the stochastic frootkel (36)
is estimated over the PSM subsample. Now | cannot reject the null hypothethe that
treatment indicator variable is exogenoxf1)=0.53, p=.469). This suggests that the
PSM approach successfully generated a subsample of children for whigh oéce

outpatient services seems to be randomly assigned.

Stochastic Frontier Analysis

| estimate the stochastic frontier model (36) on the PSM subsample of 575
children in order to estimate a child’s mental health capability frontiee stochastic

frontier model describes how a child converts outpatient services into a mefttal hea
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outcome in the future (at wave 3), controlling for the child’s conversion factotslingl
her baseline characteristics, history with the child welfare systeanability of services,

and institutional factors.

Effectiveness and Efficiency of Services

Table 10 shows estimates for the stochastic frontier model (36) on the PSM
subsamplé? | estimate a 12 to 13 percent higher CBCL score at wave 3 for children who
receive outpatient services at some point during the sampling period (p<.001). This
suggests that even after controlling for conversion factors and baseline SEB(@s,
mental health problems are more prevalent for children who receive outpatécgser
compared to children who did not receive services.

At first glance, this result might seem to suggest that outpatient seareaot
effective at reducing the future prevalence of mental health problemisilfinea.

However, this result might signal that mental health problems really aréea nes
problem. For instance, in the capability framework, it is possible outpatiertese

actually exacerbate a child’s mental health problems. A child who is conyimoiallthat
she has mental health problems and should be treated differently may develop further
psychological problems as a result of dealing with the social stigma aatiosalue to

her mental health. Alternatively, a child who is told that she has mental heditarps

may develop adaptive expectations wherein she believes it is acceptablebindar

to exhibit problematic behaviors because others expect her to behave this wayweAdapti

32. | estimated an ordinary least squares (OLSe8ssipn as a variant of the stochastic frontier
model on the PSM sample in order to demonstrafararal differences from using SFA instead of OLS
(see appendix D).
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Table 10. Covariate Estimates for the Stochastic Frontier: Children Ages 6rd 18 a

Clinical at Initial Contact.

PSM sample

Total sample

Without states With states

Without states With states

Received outpatient services  .097

(.020)
CBCL score at baseline (In) 1 913

(.164)
Age (In) 1.181 **
(.648)
Age-squared (In) -.261 **
(.147)
Race
Black .011
(.028)
Other -.017
(.031)
Female .021
(.024)
Type of abuse
Physical -.043
(.024)
Sexual .005
(.025)
Emotional -.028
(.032)
Child is adopted .085
(.058)

Table 10 continued

*k%k

.094
(.020)

965 *wx
(.153)
1.118 *

(.637)
-247
(.144)

013
(.028)
-.023
(.031)
.026
(.023)

-045
(.023)
.005
(.024)
-.034
(.031)
.082
(.062)

.096
(.020)

822

(.121)
.009

(.513)
-.001
(.115)

025
(.018)
-.050%*
(.025)
-.009
(.017)

-.034 *
(.019)
019
(.017)
.002
(.034)
-.049
(.065)

008w
(.020)

768 e
(.117)
-.024

(.509)
.005
(.114)

021
(.018)
-.045 *
(.023)
-.005
(.017)

-.033 *
(.018)
019
(.018)
-.005
(.032)
-.060
(.061)
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PSM sample

Total sample

Without states With states

Without statesWith states

Type of OOH placement

Foster care S111
(.094)
Kinship care -100
(.063)
Group home 066
(.135)
Residential care - 152
(.135)
Other -147 Kkk
(.048)
Number of OOH placements -019
(In)
(.028)
Health insurance
Medicaid -035
(.030)
Private insurer -090 Xk
(.036)
Number of local community 004
health centers (In) '
(.019)
State
California

Table 10 continued.

-111
(.092)
-.108
(.061)
.098
(.139)
-.142
(.145)
-.150
(.054)
-.022

(.027)

-.031
(.032)
-.097

(.038)
-.022

(.020)

.026
(.040)

*k%k

*%

-.018
(.040)
-124
(.039)
-.048
(.059)

017
(.048)

-.039

(.041)
.004

(.018)

-.016
(.030)
-.018
(.032)
-.017

(.015)

*k%k

-.019
(.040)

-.118
(.040)
-.050
(.049)

028

(.049)

-.043
(.043)

-.002
(.019)

-.030
(.032)

-.040
(.034)
-.025

(.016)

-.012
(.032)

*k%
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PSM sample Total sample

Without states With states  Without states With states

Florida 031 022
(.038) (.028)
lllinois 014 052
(.080) (.051)
Michigan 065 - 012
(.033) (.029)
New York .003 -130 **
(.049) (.055)
Ohio 182 *x 115w
(.048) (.041)
Pennsylvania - 012 - 026
(.048) (.027)
Texas 045 -.034
(.044) (.033)
Constant -1.485 -1.221 603 901
Variance ofv 157 154 153 .150
Variance ofu .0001 .0001 .0001 .0001
A .001 .001 .001 .001
Wald y* 160.23 ** 179.34 **%164.96  *** 207.14  ***
Log pseudolikelihood 110,925 116,638 234,758 244573
N 546 546 1029 1029

Note: Standard errors in parenthesis. Child Behavior &ietdCBCL). Out of home (OOH) care. Child
protective services (CPS).

Predicting a child’'s CBCL score at wave 3 (In).

*p < .05 **p < .01 ***p < .001
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expectations may work in a similar way for caregivers and caseworkeeg)ieas and
caseworkers may perceive the child’s behavior as more problematictgeierepeated
exposure to the child and developed expectation that the child will continue to exhibit
problematic behaviors. Since caregiver responses are provided for the CB€4.afco
children, the higher CBCL score at wave 3 may at least somewhat capturepineeada
expectations of caregivers, in addition to those of the child.

To compare the actual mental health of children by receipt of serviceanhéssti
the average efficiency of mental health outcomes for children by theipted
outpatient services (see table 11). This analysis examines the child’s lavedtaining
given her resources and conversion factors, and relative to her capability. Ag&8Mhe
technique produced a subsample of children who differ only in their receipt of outpatient
services. My results suggest that children are efficient on average esgastilvhether
or not they receive outpatient services. | conduct a Kruskall-Wallis tesjuadity of
populations test to determine if the average efficiency of mental health @sg¢om
children who receive outpatient services is statistically different thmse mental health
outcomes of children who did not receive services. | conclude that the average
efficiencies of mental health outcomes of children by receipt of outpatevices are
different (for the frontier model without state indicatgfél)=4.824; p=0.028) (for the
stochastic frontier model with state indicatgfdl)=5.768; p=0.016). Children who
receive services have mental health outcomes that are approximately @it pere

efficient than those of children who do not receive services.
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Table 11. Sample Means and Standard Errors of Efficiency

. . Did not receive Difference
Received services

services in means

Mean SE Mean SE
PSM subsample
Without states 99.991 3.94e-8 99.991 4.26e-8  **
With states 99.991 3.29e-8 99.991 3.83e-7  **
Total sample
Without states 99.993 4.10e-8 99.993 4.33e-8
With states 99.993 1.58e-8 99.993 2.31le-7  **

Note Standard error (SE).

*p < .05 **p < .01 ***p < .001

While the estimated average technical efficiency of mental health outcomes
differs for children by whether they received outpatient services, the imdgmif the
difference in the means is quite small at 0.01 percent.

These findings suggest that outpatient services are enhance efficogveysion.
On average, children who receive outpatient services exhibit mental heakiobe Hzat
are indicative of their actual mental health. Controlling for the child’s stiatesidence
marginally improves average technical efficiency estimategrfmrps of children by
receipt of service.

| also estimate average technical efficiencies for children who did and did not
receive outpatient services using the estimated stochastic frontierstotattsample
(i.e. the sample without propensity score matching) in order to demonstrate thieampir

difference if | had failed to control for selection into outpatient serviede(tL1). The
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estimated average technical efficiency for children who receive outpsgéiemtes in the
total sample is less than the average technical efficiency for childremageived
services using the PSM subsample. Failing to control for the nonrandom distribution of
services results in a larger estimated average technical effid@mnchildren who did not
receive outpatient services. The difference in the average technic@neffi¢or each
group is smaller for the total sample compared to the PSM subsample. Moreoaggeaver
technical efficiency does not differ significantly for children in thalteample if the
model excludes state indicatog(l)=.191; p=.662). However, controlling for state
indicators results in a significantly different average efficiencyHerchildren by receipt
of outpatient services(2((1):4.439; p=.035). Thus, failing to account for the selection
bias in the delivery of outpatient services and state effects results newliféstimated

average technical efficiencies.

State Effects and the Mental Health of Children

State effects capture differences in conversion factors across staiai e
conversion factors influence the child’s ability to utilize resources and actoeve level
of well-being. Thus, state effects represent state-specific conveasins that influence
a child’s ability to utilize mental health services. For instance, state rsimwéactors
may vary as a result of differences in state child welfare policiesca@l :10rms. Child
welfare policies are decentralized to state governments so state comvacsors
attempt to capture the variation in child welfare policies across staesg other state-

specific factors.
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Two of the state effects are statistically significant in the frontiedel (36):
Michigan and Ohio. In both states, the estimated CBCL score at wave 3 isthayhéne
CBCL scores in the remaining 38 states (i.e. the ninth strata). Children in dMidieye
CBCL scores that are 7 percent higher and children in Ohio have CBCL scores that ar
18 percent higher. These results capture differences in the mental health owtomes
children solely due to state effects.

The findings from this analysis are among the first to provide motivation for
future work on the systematic differences in how state CPS agencies defwiees and
the ability of service providers to meet the mental health needs of childreromieoirtto
contact with state child welfare agencies. Recall, state effectesnee strong predictors
of whether a child would receive outpatient services (in the PSM model). Combihed wi
the finding that state effects matter in the frontier model suggests ¢halyrknowing
that a state provides a particular service is insufficient information towatethe
prevalence of mental health problems for a child in the future. Thus, reseahthéds s
investigate how services are delivered to children within states, etneidPS agencies
or from health practitioners.

A model of service delivery that describes the quality of a service would provide
greater insight into the effectiveness of services. The current literaiwontrast,
merely describes whether or not a state provides services. The CFSR repgorisrdoc
differences in mental health assessment and provision of services (Mc€at. 2007).
However, most children in OOH placement or adoptive care receive servicesthroug
their state Medicaid system since these children are eligible fockddioverage. As a

result, the issues that plague the Medicaid system, such as a shortage anzhgsit
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specialized practitioners to provide care for Medicaid patients, diregbiganthese
children. Moreover, Medicaid programs are state operated similar toikthevelfare
system such that federal monies heavily subsidize state programs tsuhatege¢he
ability to adopt various policies and procedures to deliver health services. A more
nuanced control for state Medicaid procedures and coverage would help to decompose
state effects into a child welfare component, a Medicaid component, and other state

effects.

Other Conversion Factors

In addition to whether the child receives outpatient services and the child’s
prevalence of mental health problems at initial contact, and without controllistater
effects, only the child’s placement in kinship care at baseline is a stredigtpr of the
child’s future CBCL scores. Mental health problems are less prevalesttifdren in
kinship care at wave 3 with a 12 percent decline in their CBCL scores. Controlling for
state effects, however, improves the overall fit of the model (Wald79.34, p<.001)
and alters the set of significant predictors.

Controlling for state effects, a child’s age, placement in residentiglaraiehe
number of local community health centers are strong predictors of a chB&k Scores
at wave 3. These predictors are in addition to whether the child receives outpatient
services and her CBCL score at baseline. Estimates support previous findiregs in t
literature that older children have relatively poor mental health, and thatate
diminishing marginal effects to age. Children in residential treatraeiiities are

estimated to have a CBCL score that is 16 percent greater than children not in these
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facilities, all else equal. Also, children who live near relatively moreraunity health
centers are estimated to have lower CBCL scores at wave 3. A one penaagano the
number of local community health centers at initial contact is associatedhidren

having a 5 percent lower CBCL score at wave 3.

Extensions of the Analysis and
Robustness of Results

Additional PSM models were estimated on various subsamples, with different
outcome variables, and using different matching algorithms to check falthstness of
the PSM application for this data sample and for its use in the context of childewelfa
and the effect of outpatient services.

While the final estimates were estimated over the subsample of childrenaxio w
clinical at baseline, | also estimated the PSM model (41) over threesatbsamples of
the data. First, | estimated the PSM model (41) over the entire sampledo¢clate 6
or older at baseline and age 18 or younger at wave 3. The PSM model fails to balance on
the covariates for this sample. | then estimated the PSM model (41) ovemiiie s&
children who had a CBCL score in the middI&' §@rcentile of the distribution (a CBCL
score between 51 and 69) at baseline. The children still differ substantidhg on t
covariates and the PSM subsample failed to balance. My final extension on the sampl
examined children with a CBCL score in the uppé't pércentile (60 or above) at
baseline. This subsample does balance and pass the common support condition. However,
using the median CBCL score to condition the subsample seemed as arbitrang as us
the clinical range (64 or above). | ultimately use the measure consisterti@vith t

literature, the clinical range. Still, these extensions demonstrate tthéone@ndition on
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the child’s initial level of mental health to appropriately implement the PSMaphpr It
seems likely that children are sorted into outpatient services based on therue el
mental health problems that they exhibited at initial contact with the@r citdtl welfare
system.

| also considered alternative outcome measures for a child’s mental beelth t
the robustness of the total CBCL score. As previously mentioned, the CBCL is a
composite measure. The measure can be decomposed into individual components or
additional composite measures that consider only a subset of mental health probéeems. T
two most widely used composite measures of the CBCL measure a chiéd'mlizting
behavior (internalizing CBCL) and her externalizing behavior (exteinglCBCL). |
run the PSM model (41) on the child’s internalizing behavior score and externalizing
behavior score instead of the child’s aggregate CBCL score to determinerifites/a
differ across models.

Both extensions satisfy the balancing property and common support condition of
PSM, and the set of significant covariates do not vary substantially acrosls mode
child’s race, history of abuse, and OOH placement are significant predictbes
original model using the aggregate CBCL score which are still significahe
alternative specifications. For the model using a child’s internaliziog s the
outcome of interest, whether a doctor filed the initial report and the chiltésafta
residence (for two of the eight indicators) are significant predictors ahetha child
received outpatient services. Using a child’s externalizing scohe asitcome of
interest, a child’s medical insurance coverage (Medicaid) and genddsaggnificant

predictors in addition to the original set of predictors. A child’s history of abusendbes
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significantly predict a child’s propensity to receive outpatient services \kr
externalizing score is the outcome of interest. The extension of the PSM(#bde
outcome measures provides evidence that the PSM method sorting children into matched
groups that at the very least produce similar estimates across measures.

In addition to the extension for the PSM model, | extended the stochastic frontier
model to include interaction terms between a child’s state of residenteareteipt of
outpatient services (see table 12). In addition to the state effects forr@hidichigan,
California also has a statistically significant conversion factandl that children in
Michigan who received outpatient services are correlated with higher GB&ks at
wave 3 than children who did not receive these services. But, this was not the case in
Ohio or Texas, where children who received outpatient services are tsatn@lth lower
CBCL scores than children who did not. The extension of the stochastic frontier model to
include interactions provides further evidence that state conversion factarbuterto
the effect of outpatient services on the capability and functioning of childiemdt
clear from this analysis why conversion factors are significant ontyése three states.
Moreover, because of the generalized collection of child welfare policies arebipres
reported in the CFSR reports, no additional insights can be gained for understanding wh

state conversion factors are significant only in Ohio, Michigan, and California.

Limitations
The present study has several limitations. First, the estimates pdelserge
calculate the marginal effect of the average child but this cannot infoamous the

effect of treatment on children at the margin of treatment. The currentfettudyes on



119

Table 12. Covariate Estimates for the Stochastic Frontier Model: €hiflyes 6 to 18
and Clinical at Initial Contact.

PSM sample
Received outpatient services 127
(.026)
CBCL score at baseline (In) 954 A
(.155)
Age (In) .990
(.605)
Age-squared (In) -.219
(.138)
Race
Black -.0004
(.029)
Other -.021
(.027)
Female .019
(.024)
Type of abuse
Physical -.049 *x
(.022)
Sexual -.009
(.026)
Emotional -.032
(.032)
Child is adopted .012

(.068)



Table 12 continued.

PSM sample
Type of OOH placement
Foster care -.118
(.090)
Kinship care -.101
(.062)
Group home .096
(.155)
Residential care -.150
(.136)
Other -.170 ork
(.063)
Number of OOH placements (In) -.017
(.026)
Health insurance
Medicaid -.041
(.034)
Private insurer -.109 rx
(.040)
Number of local community health -022
centers (In)
(.019)
State
California .034
(.049)
Florida .048

(.069)

120
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PSM sample

Illinois

Michigan

New York

Ohio

Pennsylvania

Texas

Interactions

California*Received services

Florida*Received services

Illinois*Received services

Michigan*Received services

New York*Received services

Ohio*Received services

011
(.133)
127
(.037)
017
(.036)
245
(.051)

-.009
(.060)
111
(.067)

-.021
(.068)
-.034
(.081)
.007
(.145)
-115
(.063)
-.053
(.086)
-171
(.051)

*k%k

*k%k

*k%k
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Table 12 continued

PSM sample
Pennsylvania*Received services -.006
(.085)
Texas*Received services -.144 *
(.085)
Constant -1.027
Variance ofv 152
Variance ofu .0001
A .001
Waldy? 256.50  ***
Log pseudolikelihood 119,901
N 546

Note: Standard errors in parenthesis.
Predicting a child’s CBCL score at wave 3 (In).

*p < .05 **p < .01 ***p < .001

children who have clinical mental health problems when they come into contact with
their state child welfare system. These children have an urgent need fal ineztih
services. However, there is a large percent of children who have a CBE@Ljisstdrelow
the clinical range. These children are ‘at the margin of treatmentidiciear which of
these children will receive services and how state CPS workers wilbdistservices to
these children.

Second, this analysis is limited to a short time horizon. In fact, a child’s
consumption of mental health services may fluctuate overtime, especiabpionse to

changes in the child’s clinical severity. Children do not move linearly thrawegh t
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continuum of mental health. Some children may regress, for instance if an egisode
abuse or neglect occurs again. A more nuanced analysis would consider whevidbe ser
was first provided to the child, changes in the child’s service use, the duratemioés
use, and the child’s mental health outcomes over multiple periods of time. Chatiges i
child’s level of mental health and the child’s service consumption may help us to better
understand the effectiveness of mental health services.

Third, this analysis is limited to a binary indicator of whether or not a child
received outpatient services but this does not capture the intensity with wharerchil
received outpatient services or the type of outpatient service she reéestaldl with
relatively poor mental health may receive greater doses of outpatiemcesgiivoster
2003, 1190; Salzer, Bickman, Lambert 1999). The measured benefits of outpatient
services on a child’s mental health requires some control for the intensitycat
children receive these services. Controlling for the dosage of outpatient sezciigsd
would be an attempt to control for the quality of services.

The current NSCAW data are not complete enough to simultaneously control for a
child’s state of residence and her dose of outpatient services. The suruedgsnglo
guestions that measure a child’s dose of outpatient services: how many dayskpédidwe
the child receive outpatient services; and how many minutes was each s@datarial
Data Archive on Child Abuse and Neglect 2008). NSCAW data on the amount of service
use, however, have poor response rates. Missing data reduce the sample size to few
than one hundred observations and limit the analysis possible when state of residence is
also controlled for. This paper argues that differences in state delivesynsyst mental

health services and child welfare systems are important factors irfebtveiness of



124
these services. As such, | do not control for the dosage of outpatient servicesiregeive
sampled children so that | might proceed with state-level analysis. | alddgeathat the
measured effects of services would be better estimated with more codgiketsn the
dose of outpatient services received instead of using a dichotomous indicator for the
receipt of services.

An alternative measure for the quality of care is the quality-adjustegklie
(QALY). The QALY is widely used and conceptually based in the neoclassical
framework (see Brook and McGlynn (1996), Guyatt, Feeny, and Patrick (1993), and
Verkerk, Busschbach, and Karssing (2001)). It measures the number of yefars of li
added to an individual’s lifetime as a result of an intervention (presumably health
interventions aim to increase the longevity of an individual’s life). QALY suess,
however, suffers from the same weakness as other quality measures blased in t
neoclassical framework: the measures do not capture distributional differereav
individuals utilize resources. Working within the capability framework, moralddt
data will help to improve estimation of the effect of mental health servicdse anell-
being of children.

Fourth, outpatient services include a wide array of different services anddgi
reduce the measured effect of individual services on a child’s mental healtAVWSC
data aggregate outpatient services received at an outpatient drug or aiotd)@ cl
mental health or community center, a private professional, or a non-psyathaatiac.
Services received at different outpatient facilities cannot be disagegegatstimate

particular effects with each facility. The ideal dataset would allow fooee nuanced
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estimation of the effect of separate types of outpatient services on the heatitalof a
child.

Finally, this study controls for state effects but these do not directly capture
differences in state child welfare policies. Instead, state sféagiture a broader range of
differences between states including social norms, available resoundgml@ies not
related to child welfare. It would be better to include indicator variables foifispe
policies that are implemented in states to directly measure differensite child
welfare policies and to measure the effect of these policies. For insitashicators as to
whether the child received a mental health assessment upon entering the ¢arlel wel
system, an indicator for who administered the assessment (e.g. casewerkal haalth
professional, etc.), the outcome of the assessment, and a control for the lemgéh of ti
between a mental health assessment was administered and the chikbreemval

health services.

Conclusion

The objective of this dissertation was to explain the theoretical and empirical
gains of operationalizing the capability framework in policy outcome atialu This
application to child welfare policy provides researchers with a concretepéxafhow
the capability framework might be operationalized using stochastic framiadysis, and
demonstrates that the effect of a policy goes beyond its impact on incréasing t
resources available to individuals. In the case of child welfare policyffdu ef

providing mental health services to children who come into contact with their stdte chi
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welfare program is related to state conversion factors, or statesedfettie ability of
children to utilize the mental health services.

The results of this application to child welfare policy demonstrate that @licie
that aim to affect individual well-being influence both the individual's ressuand her
ability to utilize those resources. In the context of U.S. child welfare potatyg shild
welfare systems provide mental health services via state Medicaidm® gy reduce the
prevalence of the mental health problems of children who come into contact with the
system. This goal is a part of the overall federal goal under the Adoption a&nd Saf
Families Act to improve the well-being of these children.

The results of the policy outcome evaluation using the capability approach show
that the effect of the policy is dependent on its impact on conversion factors. Mysstudy
the first to provide evidence that state conversion factors contribute to vanmatrental
health outcomes of children who come in contact with their state child wel&ersy
This is my key finding. Previous research on the differences in recesptwates and
mental health outcomes of children who come in contact with their state clfédeve
system has not considered differences between states. Until recenityesudfata to
conduct a longitudinal analysis and control for state of residence has not bésdrieava

While | was only able to control for the eight states with the largest number of
CPS caseloads, state effects were significant in two cases. M r@swlide preliminary
evidence that there are differences in the mental health outcomes of chitdrenmwe
into contact with state child welfare programs even after controbbinth&ir observable
characteristics. Thus the significant state effects motivatesfodsearch to better

understand how states differ in their provision of mental health services to childre
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The federal government is responsible for ensuring that their laws andicw)la
such as the Adoption and Safe Families Act, are fulfilled. While the CFSRsgpera
first step to hold states accountable for the well-being of children who come intotconta
with their state child welfare system, a detailed analysis that lates child welfare
policies with the outcomes of children is necessary. The CFSR reports should bette
document the explicit policies in place to deliver services to children and which psovider
CPS agencies work with to distribute these services. The CFSR reporthdaotential
to clearly identify state policies that work, and highlight new policy invgestiacross
states. Moreover, additional research is necessary to identify whiohsfaontribute to
a state’s delivery of mental health services and improve mental health outfomes

children in a particular state.



APPENDIX A
ASSUMPTIONS OF THE NEOCLASSICAL FRAMEWORK
The neoclassical framework relies on the assumptions of revealed preferenc
theory (see Samuelson (1947)) and utilitarianism to model and predict individual
behavior. Below | review these assumptions and relate them to a policy outcome

evaluation using the neoclassical framework.

Fundamental Assumptions

Revealed preference theory begins with our observation of an individual’s choice
behavior over a choice set. The consumer has some ranking of preferenceslacross al
alternatives. Thus, she selects a particular alternative from a menudsbausiows
that she prefers this element to every other element in the menu. The abertieti the
consumer does not reject from the menu comprise a choice set.

Neoclassical economists assume that the consumer’s choice behavior can be
characterized by a choice function that depends only on the menu and context. A menu is
well-defined non-exhaustive listing of the available, mutually-exclusteeratives from
which an individual chooses. A menu is complete with all alternatives available to t
consumer. A context consists of variables which influence the consumer’sogetdcti

items for the choice set.
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We can observe the choice behavior of an individual across various menus and
use the outcomes to determine the probabilistic outcome of her choice given athsr me
containing a subset of elements. Such inference is possible only after méking a

assumptions:

Assumption 1. Preferences are complete, reflexive, and transitive.

Assumption 2. Preferences are menu-independent.

Assumption 3. Preferences are context-independent.

Assumptions 2 and 3 ensure consistency of preferences across menus and
contexts. Assumption 2 ensures that preferences do not change because of thar particul
menu of alternatives that are available to an individual. By assumption 3, an individual’s
preferences are independent of the variables that influence an individual's @tdioens
a particular menu, and therefore are consistent across menus.

Individual choice is assumed to reveal individual preference. For instance, a
person prefers some bundle of gogds another bundlg if she chooses from a set of
options which includeg. The observed choice behavior reveals that the chosen good is at
least as good as whatever goods the individual has rejected. Individual choice behavior
therefore allows economists to deduce individual preferences. The concept does not
examine the individual’'s deliberative process of choice to assert her poefeeakings.

Only the act of choosing, not the motivation of choice, is necessary to identify an

individual's preferences. Assumptions (1-3) allow us to rank an individual’s preésrenc



130
for goods and services and make inferences about her future choice behavior in
hypothetical situations.
The consumer chooses an alternative from her choice set. The outcome of this
selection is assumed to be menu independent wherein the act of choosing an alternative
independent from the menu from which it is selected. Moreover, the menu provides no

additional information to the consumer about the alternatives.

Assumption 4. Choice is menu-independent.

Assuming menu-independence, the bundles in the choice space can be completely
ordered. The choice space is the union of the sets of alternatives in the domain. Each
bundle in the individual’s consumption space can be ranked even if we do not observe
directly a pair of bundles. For instance, if a person chooBesn a set of options which
includesy, and the same person choogé&®m a set of options which includedut not
X, then we can conclude that the person will chodsem a set which includes even if
we never observe such a menu of options. Assuming menu-independence also ensures
that the menu does not reveal any additional information about the choices.

A choice function is menu-independent if it satisfies the Weak Axiom of Revealed
Preference (WARP). WARP guarantees that preferences that aredewvealgiven

choice situation are assumed never to be reversed in any other choice situation.

Assumption 5. Weak Axiom of Revealed Preference.

By WARP, if x is revealed weakly preferredypthen it is not the case thais

revealed strictly preferred to WARP allows for bundles to be ranked but it is a weak
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assumption since cyclical preferences can occur. A stronger assumptiogesisang¢o
ensure that cyclical preferences do not occur. Thus, neoclassical econesusis éhe

Strong Axiom of Revealed Preference (SARP).
Assumption 6. Strong Axiom of Revealed Preference.

SARP ensures thatxfis preferred tg, then it is not possible to hayereferred
to x, wherex andy are different goods. SARP rules out two outcomes that do not violate
WARP. First, two choices cannot both be directly revealed preferred to one another.
Second, SARP rules out chains of choices that ultimately lead to two choices that are
each revealed preferred to another. The satisfaction of SARP suggests semeageef
ordering or utility function since there is a ranking of outcomes. SARP, inetjgsd,
identifies an individual’s choice behavior and describes what bundles are chosen when
other bundles could have been chosen.

Neoclassical economists use utility and utility functions to measure an
individual’'s level of welfare. That is, utility is a measure of an individustbse of being
in the neoclassical framework. Utility is an ordinal representation of indivithaete
behavior, or her achieved level of happiness from consuming a bundle ofgoods.
Inferences about utility follow directly from preference orderingpp®sex provides
greater utility thary, then given the choice afory, the individual will choose. Of

course, different combinations of goods may provide an individual with the same level of

33. Ordinal utility permits alternative bundlesgufods to be ordered such that an individual may
consider one bundle to be worse than, equal tbetter than the other. Utils, however, do not repné a
numerical scale of intrinsic meaning.
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utility. A utility function describes the various combinations of goods and serthe¢ an
individual may consume in order to achieve a given level of welfare. The utiticgibn
is derived from the individual’s preference rankings of goods and services, wiich ar
revealed by her choice behavior.

It is important to recall that revealed preference theory does not consider the
process of choice. Therefore, we cannot conclude anything more than thatothe se
bundles described by the utility function provide some level of satisfaction for the
individual. Since any consumption bundle is assigned only one level of utility, utility
functions are disjoint, and the collection of all utility functions describes theicgrt®on
space. Thus, we can identify the level of utility received for any consumption bandle i

an individual's consumption space.

Assumption 7. Local non-satiation of consumption.

Assumption 8. Resources are scarce.

The utilitarian framework allows us to associate a metric with a prefere
ranking. The number of utils assigned to a particular bundle of goods is indicatinee of t
welfare received from the consumption of that bundle. Higher utility impliasuely
higher welfare. Since utility is an ordinal concept we cannot determinesatute level
of welfare, only a relative change in welfare. The neoclassical Wwarkeassumes non-
satiation so consumption of more goods will increase an individual’s achieved level of

utility. It also assumes that resources are scarce so consumption, orcéhrevef



133
utility, is limited to some threshold level. An individual will pursue the highest tH#ve

utility possible subject to her resource constraint.



APPENDIX B

THE ANALYSIS SAMPLE

The National Survey of Child and Adolescent Well-being (NSCAW) includes
6,228 children who came in contact with their state child welfare system. In order to
ensure that all children in the analysis sample were eligible to receiaientservices
and that they were administered the same Child Behavior Checklist (CBCL)
guestionnaire, | restrict my sample to the 2,991 children who were younger thaatage
baseline or older than 18 years old at wave 3. In total, 568 children were excluded from
the analysis sample because of missing data: 59 children were missingea@® da
children were missing CBCL scores at baseline; 469 children weranqn{SBICL scores
at wave 3; and 7 children were missing CBCL scores at both baseline w8 vide
analysis sample includes 2,482 children.

The 527 children who were excluded from the analysis sample but report a CBCL
score at baseline had a mean CBCL score of 57.220 (SD=12.586; and range from 23 to
86) (see table 13). The 57 children who reported a CBCL score at wave 3 had a mean of
56.965 (SD=13.278; and range from 33 to 90). Both groups of children had lower mean
CBCL scores than the analysis sample (the analysis sample had aBt&asdre of
60 at baseline and 58 at wave 3).

The mean CBCL score for children who were clinical at baseline was noedtffer

for children in the analysis sample (at 72) and children with some missin(at@t.
134
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Table 13. Sample Characteristics for Children Age 6 to 18 Years Old at lrotitheE

Who Are Excluded from the Analysis Sample Due to Missing Data

Total Clinical at baseline
Mean SD Mean SD Min Max
Agé® 10.442 2936 11.224 2.850 6 15
Race
White 428 497 414 494 0 1
Black 264 470 .266 443 0 1
Other .298 421 .293 456 0 1
Female .500 .500 .500 .501 0 1
Type of abuse
Physical 313 464 374 485 0 1
Sexual 181 .386 .203 403 0 1
Emotional .150 .357 .189 .393 0 1
Child is adopted .026 .160 .027 .163 0 1
Type of OOH placement
Foster care 127 .367 126 .333 0 1
Kinship care .072 .326 .081 274 0 1
Group home .021 157 .041 .198 0 1
Residential care .023 161 .041 .198 0 1
Other .016 .094 .032 175 0 1
Number of OOH placements 1.571 1.137 1.855 1.476 1 11
Child’s health insurance
coverage
Medicaid 576 495 .550 499 0 1
Private insurer .246 431 .189 .393 0 1
None 178 .383 .261 440 0 1
Number of local community 2577 3760 2532 3750 O 37
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Table 13 continued.

Clinical at
baseline

Mean SD Mean SD Min Max

Total

Who contacted CPS?
Teacher or school staff 410 492 441 498 0 1
Doctor 174 .380 .198 .400 0 1

Note: There were 568 children excluded from the final glEndue to missing data. Of these, 222 children
were clinical at baseline. Standard deviation (SEihimum (Min), and maximum (Max) are reported. Out
of home (OOH) care. Child protective services (CPS)

& A child’s age was reported for 509 children in tbal sample and 201 children in the sample ofdchil
who were clinical at baseline.

*p < .05 **p < .01 ***p < .001

However, children who were clinical at baseline and excluded from the ansdysple
because of missing data had an average CBCL score at wave 3 (at 60) tbateras
than that of the analysis sample (at 64).

Fewer children who were excluded from the analysis sample because of missing
data received outpatient services over the sampling period. Approximatelyc2btpsr
these children received outpatient services compared to 43 percent oflyises aaanple.
Among children who were clinical at baseline, 38 percent received outpatvnese
compared to 61 percent of the analysis sample.

The average age of children excluded from the analysis sample due to missing
data was not different from that of the analysis sample at 10 years oldvétotie
average age of excluded children who were clinical at baseline was dstilgethyat 11

years old.
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Fewer of the excluded children were White or Black and more were some other
race, regardless of the child’s clinical status at baseline. This dsrttrasanalysis
sample which included mostly White and Black children.

Fewer of the children with missing data were female at 50 percent catripdi@
percent in the analysis sample. The percent of female children who wetaldini
baseline was not different (49 percent of the children with missing data anccé8tpsr
the analysis sample).

More than 30 percent of children with missing data had been physically abused,
similar to the analysis sample. Children with missing data and wereatlat baseline
were more likely to have experienced physical abuse at 37 percent compared to 30
percent of the analysis sample.

Fewer than 3 percent of all children with missing data had been adopted at
baseline, not different from the percent of children in the analysis sasplevere
adopted at baseline.

Children with missing data had an average of two out-of-home (OOH) placements
by the time of baseline interviews, not different from the analysis samgi@aller
percent of children with missing data lived in OOH care at baseline withdjoeity
living in foster care (13 percent of children with missing data) or kinship(¢grercent
of children with missing data). This trend was also true for children whoakereal at
baseline.

Children with missing data were more likely to be uninsured, regardless of
clinical status at baseline, and lived near a larger number of local comrheaith

centers compared to children in the analysis sample. The percent of chiltirenisging
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data who were without health insurance was relatively high at 18 percent fod 26 a
percent of children who were clinical at baseline. Only 10 percent of childitae i
analysis sample were uninsured, and 8 percent of children in the analysis saneple w
clinical and uninsured.
More than 40 percent of the children in the analysis sample and children with

missing data were referred to CPS through a teacher or other school stafrmembe



APPENDIX C
SELECTING A MATCHING ALGORITHM
FOR THE PROPENSITY SCORE MODEL

Various matching algorithms are available for propensity score mgtREM)
in order to pair children who received outpatient services (i.e. were treateahildren
who did not receive outpatient services (i.e. were not treated). Neagggborei
matching, caliper matching, local linear, and kernel density matchirgpare of the
matching techniques used in the literature. Choosing a matching algorithm fiang am
these techniques involves some tradeoff between bias and variance.

Nearest neighbor matching is the simplest matching algorithm. A child who did
not receive outpatient services is matched with a child who did receive outpatient
services and who has the closest propensity score. These children will banastirs
observable characteristics and differ only in their receipt of serviceseWowust
because two children are matched as being most similar, does not guénainteest
children are actually similar. For instance, if most children who receivipatoent
services have high propensity scores but only a few children who did not receivesservice
have high propensity scores, then some of matches will be bad. Some of the children
with high propensity scores in the treated group will be matched to children in the
untreated group with low propensity scores. Nearest neighbor matching minniages

since matched children will be similar on observable characteristicsralkdeotf of this

139
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approach is that it does not use information available in other neighbors. Thus, nearest
neighbor matching often results in higher variances. To minimize the varitisce
possible to match to a discrete number of neighbors.

Caliper matching uses information available in multiple neighbors to redece
likelihood of poor matches. Caliper matching requires specification of a maxim
propensity score distance by which a match can be made. Any child who did not receive
outpatient services with a propensity score within the caliper distance apengity
score for a child who did receive outpatient services, will be included in the ceorpari
group. Caliper matching is limited in that it is difficult to knavpriori what caliper
distance is reasonable.

Local linear matching and kernel matching are nonparametric matching
algorithms. The CBCL score at wave 3 for each child who received outpatienesesvic
compared to a weighted average of the CBCL scores of all the children who did not
receive outpatient services. This technique more heavily weights chiltiedid not
receive outpatient services and with propensity scores closest to a child whoeive r
services. The local linear and kernel estimators use more information thamatbking
methods to match observations. Thus, these nonparametric estimators haste small
variances but can rely on poor matches if propensity scores differ greatly.

The most common variants of these estimating techniques is ‘with replacement’
and ‘without replacement.” Sampling without replacement restricts one coorpease
to serve as the match for only one treated case. Matching without replacesgent m

perform poorly when propensity scores do not overlap or when the control group is small
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(Dehejia and Wahba 2002). In contrast, sampling with replacement allows for one
comparison case to serve as the match for more than one treated case.

The analysis in this dissertation utilizes caliper matching with a distdriz805,
without replacement. This matching algorithm was selected after comgphea
estimated average treatment effect on the treated (ATT) acrossmgagstimators.
Caliper .005 without replacement estimated an ATT near the middle of this(smege

table 14). While this paper does not utilize the ATT to capture the effect ofieatpat

Table 14. The Average Treatment Effect on the Treated (ATT) Across Matchi
Methods for the PSM Model

Without replacement With replacement
Matching method ATT SE ATT SE

None .095 (.011)

Caliper (.005) .093 (.013) .102 (.017)
Caliper (.001) .086 (.015) .089 (.017)
Caliper (.01) .096 (.013) .102 (.018)
Caliper (.043261) .094 (.012) 102 (.026)
Nearest neighbor .080 (.013)

Nearest neighbor (3) .087 (.026)
Local linear matching .074 (.024)

Kernel matching (normal) .084 (.020)

Note: Standard error (SE). Standard errors are bootsthpith 1000 replications.

The outcome variable of interest is a child’s CB&tre (In) at wave 3. Reported ATT effects are
estimated from the PSM model with state effects.

*p < .05 **p < .01 ***p < .001
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services on the CBCL scores of children who received these services (thefeffec
services is measured in the stochastic frontier), the estimates ramge fo 10 percent,
and none are statistically differetttAlso, this matching algorithm was able to pass the
conditional independence and common support assumptions for the PSM technique. For
instance, the propensity model did not pass these tests when local linear or kernel

estimators were utilized.

34. Note, the estimated ATT for caliper .005 préséiin table 13 differs from the estimated
coefficient on the binary indicator for whetherhdld received outpatient services in the stochdsbiatier
model (table 10) for two reasons. First, some olaEms of the PSM subsample are dropped from the
analysis sample used to estimate the stochastiidrdoecause of the implementation of probability
weights. Sample probability weights were used toatance with the data manual in order to adjust fo
oversampling of certain populations (National Datehive on Child Abuse and Neglect 2008). Second,
the functional form differs for the PSM model ahé stochastic frontier. The stochastic frontiersdoet
control for who contacted CPS since this has rewvegice on the mental health outcome of a childviay
influence the child’s ability to receive outpatiesgrvices. Finally, the stochastic frontier modeludes an
inefficiency measure that is not captured in th&RSodel.



APPENDIX D
A COMPARISON OF ESTIMATES ACROSS STOCHASTIC
FRONTIER AND ORDINARY LEAST
SQUARES MODELS

The stochastic frontier model is an extension of the more widely used ordinary
least squares model (OLS). The OLS model requires fewer assumptionfisinegdual
is not decomposed into a random error and an inefficiency component as in the stochastic
frontier model. Instead, the residual only represents random error in thatesti
procedure. (The theoretical justification for assuming there is somiiaedly in the
transformation of resources into mental health outcomes is discussed in chaphes 2 of t
dissertation.)

Similar to the application in chapter 3, an OLS model could be used to estimate
the effect of outpatient services on the mental health of children. Using then@de3, it
is assumed that mental health outcomes are efficient for all childrenglesgaof their
receipt of mental health services.

| examined whether estimating OLS model on the PSM subsample resulted in
different results than estimating a stochastic frontier model withesiotiservable
covariates on the PSM subsample. The estimated coefficients for theweoelel

relatively stable across models, both in significance and magnitude (seesjable 1

143



144

Table 15. Covariate Estimates for the Ordinary Least Squares Modelre@hhges 6 to
18 and Clinical at Initial Contact.

PSM sample
Received outpatient services 094 xxx
(.020)
CBCL score at baseline (In) 965 *r*
(.158)
Age (In) 1.118 *
(.654)
Age-squared (In) =247 *
(.148)
Race
Black .013
(.028)
Other -.023
(.031)
Female .026
(.024)
Type of abuse
Physical -.045 *
(.023)
Sexual .005
(.025)
Emotional -.034
(.032)
Child is adopted .026

(.063)



Table 15 continued
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PSM sample

Type of OOH placement

Foster care

Kinship care

Group home

Residential care

Other

Number of OOH placements (In)

Health insurance

Medicaid

Private insurer

Number of local community health
centers (In)

State

California

Florida

-111
(.094)
-108 *
(.063)
.008
(.142)
-142
(.149)
S150  *
(.056)
-.022
(.028)

-.031
(.032)
-097 **
(.039)
-.022

(.020)

.026
(.042)

031
(.040)
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PSM sample
lllinois .014
(.082)
Michigan 065 *
(.034)
New York .003
(.051)
Ohio 182
(.050)
Pennsylvania -.012
(.050)
Texas .045
(.046)
Constant -1.221
F(28, 517) 6.08 ***
R-squared 344
N 546

Note: Standard errors in parenthesis.
Predicting a child’'s CBCL score (In) at wave 3.

*p < .05 **p < .01 ***p < .001

A child’s receipt of outpatient services and baseline CBCL score werécaghi
predictors of the child’s CBCL score at wave 3. Children who received outpatient
services have an estimated 9 percent higher CBCL score at wave 3 than chilolicid w

not receive services over the sampling period.
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A child’s age was also a significant predictor with older children having highe
CBCL scores at wave 3. However, there were diminishing returns to age.dPhisise
also predicts a child’s future CBCL score. Children who were physicalledlais
baseline have an estimated 5 percent lower CBCL score at wave 3 compareattéa chil
who were not physically abused. Children who lived in kinship care or some other OOH
placement had lower CBCL scores at wave 3 at over 10 percent lower. Improved mental
health was also estimated for children who had private health insurancelatebas
Children with private health insurance have an estimated 10 percent lower C&€lasc
wave 3. State effects were significant for Michigan and Ohio. Children in ttates bad

higher CBCL scores at wave 3.
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