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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-being depends 

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 evaluation remains in 

question.  Further, there is no consensus about how to capture the conversion process in 

an evaluation of policy.  In this dissertation, I argue that it is the explicit treatment of the 

conversion process that makes the capability framework highly useful for the evaluation 

of policy that aims to improve human well-being. I further show that a well-known 

econometric technique, stochastic frontier analysis, captures the most salient aspects of 

the conversion process.  Finally, I use the stochastic frontier analysis to evaluate the 

effectiveness and efficiency of outpatient mental health services provided to children 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 conceptual 

framework to assess individual well-being. Well-being is defined in terms of the array of 

opportunities available to a person to actually achieve a physical, emotional, and mental 

state, i.e. a state of being, given her available resources and abilities to use those 

resources. 

The capability framework redirects economists to evaluate the impact of policies 

that aim to improve an individual’s well-being. Using this framework, policymakers can 

directly evaluate a policy either on its ability to improve an individual’s actual state of 

being (her functioning) or her ability to achieve a state of being (her capability). The 

capability framework has already affected policy evaluation in the areas of health (for 

example, see Anand and Dolan 2005; Hopper 2007; Ruger 2004a; Ruger 2004b; Sen 

2002; Verkerk, Busschbach, and Karssing 2001), disability (for example, see Burchardt 

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 more 

widely used neoclassical framework to conduct evaluation of policies that aim to improve



 
 

2 

 
 

individuals’ states of being. A policy evaluation using the neoclassical framework instead 

measures the effect of a policy as its ability to alter the consumption behavior of an 

individual with resources valued at market prices and serving as a proxy for her well-

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 foster care 

(Wulczyn, Barth, Yuan, Harden, and Landsverk 2005). While it is possible to evaluate 

the policy based on resulting changes in the behaviors of the state and its agents, such as 

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. In the cases where a 

policy aims to improve an individual’s well-being, the capability framework can be used 

to evaluate policies based on their stated mission rather than relying on instrumental 

proxies to measure the effect of a policy. 

Differences in the conceptualization of well-being between the capability 

framework and neoclassical framework can result in different measured effects 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 skeptical as to whether the 

capability framework offers anything for policy outcome evaluation different from the 
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neoclassical framework (see Sugden (1993); Ysander (1993); Srinivasan (1994); and 

Roemer (1996)).  

In what follows, I survey policy evaluations conducted by researchers using each 

framework and compare the findings of these studies in order to demonstrate the 

divergence in policy prescriptions that results from the application of each framework. I 

show that in some instances the theoretical frameworks have different implications for 

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 society.  The neoclassical 

framework, the more widely used framework for policy outcome evaluation, assesses a 

policy based on its measured effect on individual or social utility. In this section, after a 

brief review of the neoclassical framework, I highlight the fact that the neoclassical 

framework does not capture the ability of individual to transform resources into well-

being.   

Policy evaluation is a subset of literature within the neoclassical paradigm that is 

concerned with the measurement of the effectiveness and efficiency of policies (see 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 the capability framework, 

none fully capture the theoretical underpinnings of the capability framework.  Most 

obviously, the policy evaluation literature assumes an individual efficiently utilizes 
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resources in order to maximize utility subject to their resource constraint but efficient use 

of resources is not assumed in the capability framework. 

In the neoclassical framework, the individual i is presumed to make decisions by 

maximizing her utility u subject to her budget constraint. Her budget constraint is 

dependent on her exogenous income m, the prices of goods p, and her consumption of 

goods x: 

                             ��� �� � ���	   
. �.  
� � ��    ����� � � 1, … , �.      �5	 
For simplicity, assuming there is perfect competition in the marketplace and any good 

can be purchased in the market place, then prices are the same for all individuals and all 

market and non-market goods have some market price. Note that monetary resources are 

the primary factor constraining an individual’s utility maximization, other than the 

individual’s utility function, which describes her preference rankings.1   

Assuming local nonsatiation, the individual will choose to consume the bundle of 

goods x* that maximizes her utility and fully expends her monetary resources given a 

level of prices and income, px*=m. Now, the consumer’s maximization problem is: 

                                     �� � ��
, ��	 � ��� ���	  
. �.  
� � �      �6	 
where the indirect utility function v measures the maximum utility achievable at given 

prices p and income m.  

                                                 
1. It is conceivable that a different preference ranking could result in a different level of achieved 

utility given the same market prices and income. Conceptually, the individual would maximize a different 
utility function subject to the same market prices on goods and services and the same income. Of course, 
any new ranking must still conform to the assumptions of revealed preference theory.  
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Within the neoclassical framework, the indirect utility function can be used to 

estimate the effect of a policy as the change in utility before and after the imposition of a 

policy. The effect of the policy π on individual welfare can be estimated as2,3: 

                                                            �v� � ∂v∂m�
∂m�∂π .      �7	 

A policy increases individual well-being if she is able to achieve a higher level of utility 

after the policy is imposed. (See table 2 for a summary of measured policy effects.)  

Table 1. Measured Policy Effects by Framework 

Framework Measured effect 
  

Neoclassical thought �� � ��
, ��	 � max ���	  
. �.  
� � � 

��� � #�#��
#��#$  

  

Capability framework %� � &��'���	|)�, )*, )+	 , &��·	 - .� ��� / �� - 0� 1� � 2%�|%� � &����	, / &��·	 - .� ��� / �� - 0�3 
�%� � #&�#� #�#$ �$ 4 #&�#) #)#$ �$ 

  
 

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 increase the consumption 

of a normal good x, denoted Qx. The government will subsidize the cost of x to 

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

                                                 
2. Four assumptions are necessary to estimate the effect of a policy change: the social utility 

function is differentiable; the social utility function is continuous; the social utility function is separable; 
and the social utility function has ratio scale measurability. 

3. This discussion follows Kuklys (2005, 13-14). 
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the budget constraint such that relatively more of good x can be consumed at each level 

of consumption of all other goods (AOG). If the quantity of x consumed increases from x 

to x’, the subsidy is evaluated as successful. The subsidy is evaluated as unsuccessful if 

people consume the same amount or less of x and consume more AOG. The subsidy 

increases the welfare of the individual regardless of whether the subsidy is evaluated as 

successful or unsuccessful. That is, we could conclude that the subsidy was not effective 

at meeting its goal even if consumers have higher utility because of the income effect. 

Moreover, the neoclassical framework does not consider the effect of the subsidy on the 

opportunities for the individual to achieve higher levels of utility (i.e. the size of the area 

between the budget constraints in figure 1). 

  
Figure 1. Effect of a Policy Change in the Neoclassical Framework.   

Social welfare W can be measured using the social utility function G. The 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 weighted:  

5 � 67�8�
, �8	, … , �9�
, �9	:.      �8	 

AOG 

            x”       x       x’                   X 
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The effect of a policy on social welfare W therefore is measured as the change in income 

of each individual: 

                                    �5 � < #5#6 #6#��
9

�=8
��� � < >�

9

�=8
���	���     �9	 

where βi(mi) is the marginal social utility of income mi. If marginal social utility of 

income is constant and equal across individuals so βi(mi)=1, then:  

                                                        �5 � < ���
9

�=8
.      �10	 

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

derivatives with respect to the social utility function.  

Sen’s Critique of the Neoclassical Framework 

 Sen has argued that the neoclassical framework incompletely models individual 

and social welfare. Using three primary critiques, Sen highlights the limitations of the 

neoclassical framework to assess individual and social welfare: its emphasis on the 

consequence of an act and disregard for the motivation of an act; its aggregation of 

individual welfare rankings to acquire a social welfare ranking; and its reliance on 

monetary resources to gauge individual welfare. Below, I present Sen’s critique and 

explain how his conceptual framework, the capability framework, attempts to address 

each of these criticisms. 
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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 options.4 In 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 affect the level 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 called adaptive preferences.5 

The neoclassical framework relies on the Weak Axiom of Revealed Preference 

(WARP) and Strong Axiom of Revealed Preference (SARP) to guarantee that preferences 

are revealed in a given choice situation (see appendix A). Unfortunately these 

assumptions are not strong enough to make inferences across all choice situations. In 

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 the neoclassical framework. 
 
5. The neoclassical framework considers adaptive expectations in macroeconomic models (see 

Fisher (1930)). However, models of individual choice behavior do not account for adaptive expectations or 
adaptive preferences. It is important to note that expectations and preferences are not synonymous. 
Preferences are individual tastes for outcomes while expectations influence an individual’s predictions of 
future outcomes. 
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Contraction consistency asserts that the removal of any element from a set does 

not affect an individual’s preferences over the remaining elements. Consider an element x 

that is contained in two sets, S and T, where set S is contained within set T. It must be true 

that element x will be chosen from set S if the element x is chosen from set T. Suppose x 

is chosen from one choice set S. Then if x is also an element in a choice set T and T is a 

proper subset of S (every element in T is also in S), x must be chosen from set T. 

Expansion consistency assumes that expansion of the choice set does not affect 

the ranking of elements within the original set. Consider two elements x and y that are 

contained in two sets S and T where set S is contained within set T. If element x is chosen 

over element y in set S, then the element x must also be chosen over element y in set T. 

Moreover, if an element x is 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 too strict.6 There 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 person i choose between taking the last 

apple y or having nothing x. Person i decides not to take the last apple as she feels this 

would be rude. However, if the basket had two apples y and z, then she would have 

chosen y.  

                                                 
6. Empirical studies in behavioral economics have demonstrated the failure of these properties 

(Johnson and Mathews 2001; Kalai, Rubinstein, and Spiegler 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. Let person j 

choose between a large slice of cake x and a smaller slice y. Person j, adhering to socially 

acceptable behaviors, does not want to appear greedy by taking the largest slice so he 

chooses y. His choice would still be consistent with his principle not to appear greedy if 

he chose x from the set {x,y,z} and z is an even larger slice than x.  

Finally, the decider must have the ability to reject alternatives. For instance, an 

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 malnourishment. All 

three failures can be averted if we observe some external object of choice to infer how an 

individual will choose. These failures further demonstrate that an individual’s decision 

rule is determined by her motivation for the choice. In order to determine if the individual 

has made an irrational choice or an inconsistent choice, we must consider the context and 

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 for the choice. 

Sen argues, for this reason, that the standard axioms of rational choice theory 

incompletely capture real choices. A more complete framework for welfare would 

consider both an individual’s level of well-being and the process by which she achieves 

well-being.  

Dowding (2002) argues that the standard axioms of revealed preference are 

theoretically justified and are used to make inferences within the modeling process. 

Revealed preference analysis allows researchers to measure marginal elasticities 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 with exactly the same 

choice set under precisely the same conditions. If she were, she would choose the same 

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 circumstances in 

terms of her own system of values but never identifies those values. Even with 

consistency of choice, revealed preference theory is problematic since choice is rooted 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 well-

being. The capability framework models an individual’s utilization of resources, 

emphasizing that the individual’s abilities can be limited by personal factors or external 

factors such as her environment or social norms. (The individual’s model in the capability 

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 will 

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 congruent 

utilities even if we can ensure the consistency of choice over menus. This has critical 

implications for how we understand demand functions.  

Demand functions are determined by individual utility achievements for particular 

bundles of goods. But individuals with the same demand function do not necessarily have 

the same interpersonal utility for any given commodity 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-being from a given 

commodity bundle as the other can get from it” (Sen 1997a, 392). Assuming individual 

utilities are comparable effectively ignores fundamental characteristics, such as health 

status, which may affect the well-being of an individual.7  

Market demand is the result of the aggregation of individual demand functions, 

and therefore individual preferences. Individual demand curves represent an individual’s 

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 receives 

from consuming a particular amount of the good, her budget constraint, and market 

prices. An individual maximizes her utility subject to her budget constraint. In the case of 

                                                 
7. A neoclassical economist might posit u(c, A) = Axα, where c is consumption and A is technical 

efficiency of consumption, where A is a function of good health (not disabled) and the environment to get 
at a similar analysis. But this analysis would be limited to the level of utility achieved given the 
maximization problem. In this regard, utility is comparable to functioning achievement. The capability 
framework, however, measures individual well-being as the set of functionings available to the individual 
given her resources, environment, and conversion efficiency, similar to the consumption space in the 
neoclassical framework. 
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two goods (x and y), the individual maximizes her utility when the marginal rate of 

substitution between x and y 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 for these 

distributional differences also ignores differences in the opportunities available for each 

individual as a result of these resources. The capability framework stresses this view by 

assuming individuals have different abilities to utilize resources. Differences 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 her well-being.  

Individuals can use various combinations of resources in order to achieve the 

same state of being. Monetary resources only provide individuals with the means to 

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 not consistent 

across individuals: personal heterogeneities in personal characteristics; environmental 

differences; variations in social climate; variation between communities; and 

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 conversion process 

through conversion functions and conversion factors. Both influence an individual’s level 

of functioning and thereby her capability set. The capability framework therefore directly 

addresses how variation in the conversion of resources may result in different levels of 

well-being across individuals. 

An appropriate framework for policy outcome evaluation would directly measure 

achieved states of being especially given the complexities by which they are achieved. 

Some people may require more monetary resources than others in order to achieve the 

same level of well-being. For instance, individuals may require different amounts 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 the life of the 

community’, particularly in cross-country analysis where countries may have different 

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 proxies may be highly 

associated with functioning achievements. The capability framework instead offers 

economists a broader framework in which to consider the impact of policies on the well-

being of individuals using direct measures of well-being. 



 
 

15 

 
 

The Capability Framework 

 I describe the theoretical structure of the capability framework in this 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 an individual’s 

well-being is related to her ability to utilize resources. 

The capability framework conceptualizes well-being as a multidimensional 

outcome that relates to an individual’s freedom to achieve a state of being. In choosing 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 result of utilizing 

resources. The capability framework does not assume that an individual efficiently 

utilizes resources in order to achieve her best level of functioning, only that she values 

the achieved level of the functioning vector 

Table 2. Definitions of Key Terms  

Term Definition 
  

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

(Sen 1999a, 75) 

Capability set 
An individual’s set of feasible functioning vectors; This set describes an 

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 xi be a vector of commodities possessed by individual i 

and f and c be conversion functions that describe the transformation of the commodity 

vector into a vector of functionings bi. The conversion function c describes the ability of 

individuals to utilize resources x given the characteristics of those resources. Since the 

characteristics of resources are the same for all people, the conversion function c is not 

unique for individual i. The conversion function f describes the particular abilities of 

individual i to convert the commodities into some level of functioning b: 

%� � &��'���	|)�, )*, )+	 , &��·	 - .�  ��� / �� - 0�       �1	 
The function fi(·) is a member of the set Fi which contains all possible ways a person 

might transform the given commodities. Conversion functions may vary across individual 

if each individual has a different technology to convert her resources into functionings. 

An individual’s education or physical attributes (e.g. disability) may impact her 

technology. 

Conversion factors also limit the conversion function f. Conversion factors may be 

attributed to the individual zi, society zs, or the environment ze. Individual conversion 

factors include gender, age, race, and physical disabilities. Social conversion factors 

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-being which 

can be described by a particular functioning vector. The capability framework does 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 being able to 

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-being.  Consider 

three scenarios in which a high school student applied to universities for admittance and 

receives a notification from each school regarding her application. She prefers most to 

attend Princeton University.  In the first scenario, she receives an acceptance letter only 

from Princeton University. In the second scenario, she receives an acceptance letter from 

Princeton University and Harvard University. In the final scenario, she receives an 

acceptance letter from Princeton University, Harvard University, and Yale University. 

Using the neoclassical framework, the student’s utility is the same in all three scenarios – 

she prefers to attend and she received a letter of acceptance from Princeton University. 

The neoclassical framework only measures her utility from the outcome she chooses. The 

neoclassical framework does not explicitly consider the menu of options available to the 

individual in determining her utility. The capability framework, in contrast, argues that 

the menu of options available matters and the act of choosing has intrinsic value (see 

Pattanaik and Xu (1990)). In this example, the student has the greatest freedom of choice 

in the third scenario since she received letters of acceptance from more schools. Also, the 

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 capability set. A 

capability set describes the individual’s opportunities to achieve well-being. These 

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 commodities �AB , the set of feasible functionings Ai is 

determined by the set of conversion functions Fi: 

                                   C� � 2%�|%� � &���AB 	, &D� ��E &��·	 - .�3.       �3	 
Denoting an individual’s budget set by Xi, the set of feasible functionings is then given by 

                    1��0�	 � 2%�| %� � &��'���	|)�, )*, )+	 / &� - .� ��� / �� -  0�3       �4	 
where the set Bi reflects the capabilities of the i th individual. Capabilities depend on the 

individual’s command over commodities (the set Xi) and her ability to transform 

commodities into functionings (the set Fi). 

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 what she values. The 

capability framework refers to this ability as the individual’s agency (Sen 1985). Agency 

is dependent on individual circumstances, interpersonal relations, social conditions, 

contexts, and arrangements, and political and civil rights. Any of these factors may 

reduce or enhance an individual’s agency. This might occur when people are unable to 

exert agency when they are alienated from their behavior8, coerced 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 to higher levels of 
                                                 

8. An individual is alienated from her behavior if she behaves in a way that she feels she has to 
instead of behaving in a way that she wants to. In most cases, the individual has considered a given 
behavior and has rejected it because she deems it undesirable or not worthy of pursuing. The individual 
may continue to desire the behavior but act differently despite her best efforts. For instance, an individual 
who is addicted to drugs but no longer wishes to consume drugs will alienate herself from her behavior if 
and when she consumes them (Frankfurt 1971, 17).  
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well-being. Indeed, some goals may reduce well-being but improve agency (once the goal 

is achieved). Because of this, there are ambiguities and potential conflicts in the 

formulation of agency. Individuals may or may not actually value that which is socially 

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 regardless if social values 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 policy π on an individual’s well-being can be measured by 

the evaluation of bi (following from equation (3) and (4)) 9 : 

                                            �%� � HIJHK
HK
HL �$ 4 HIJHM

HM
HL �$       �11	 

where the first term measures the impact on goods and the second term measures the 

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 capability 

framework models well-being differently from the neoclassical framework, and so the 

predicted effect of policy on an individual’s well-being also diverges across frameworks.  

                                                 
9. Sen does not explicitly assume any functional form of the conversion function. However, in 

empirical analyses, researchers often explicitly or implicitly 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 consider an 

individual’s reason for choice. In contrast, the capability framework considers the process 

to achieve a level of well-being, in addition to the individual’s level of well-being, using 

functionings and conversion functions. This is an important difference between the 

frameworks that contributes to differences in their predicted effect of a policy. 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 equation (11)). The 

conversion function can be used to determine all possible levels of functionings that an 

individual could achieve given her resources and conversion factors. These possible 

levels of well-being comprise the individual’s capability set. The conversion function 

captures and individual’s deliberation for choice indirectly since any decision rules 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 so far as to 

require that the individual values the level. Since individuals may have different values, 

there is no guarantee that any two individual with the same capability sets will achieve 

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 using capability sets. Sen 

addresses his second criticism of the neoclassical framework by directly accounting for 



 
 

21 

 
 

distributional differences in resources across individuals, and the ability of the 

distribution to affect individual well-being. Failing to account for distributional 

differences of resources and abilities to use resources across individuals also ignores 

differences in their opportunities to achieve some level of well-being as a result 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 framework 

highlights conversion factors as a contributing factor for individual well-being. A policy 

has the ability to influence an individual’s well-being without influencing her level of 

resources by altering the individual’s conversion factors. (Shown in equation (11) as the 

marginal effect of a policy π on an individual’s conversion factors z.) 

For instance, one goal of paternity leave policies is to encourage fathers to stay at 

home with their children, altering the social norm that mothers should stay at home and 

care for children while fathers remain in the workforce as the bread winner for the family. 

Paternity leave policies have the ability to affect the conversion factors of fathers and 

mothers in their ability to achieve well-being. Fathers might be happier if they develop 

stronger bond with children through increased interaction; or mothers might gain 

increased confidence by spending more time in the workforce and contributing a larger 

percent of monetary resources to the household income. Even still, if mothers and fathers 

do not alter the time they spend at home, the enactment of paternity leave policies may 

improve the well-being of parents by removing the social stigmas associated with gender 
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roles and parental child care. Fathers might feel less social pressure to work and mothers 

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 the way factors 

influence an individual’s utilization of resources. The measured effect of policies that 

alter resource availability or resource utilization will differ across the frameworks 

because of differences in their conceptualization. This is particularly true for 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 measured effect of a policy 

using the capability framework explicitly accounts for personal heterogeneity in the 

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. Given the 

same resources (e.g. education), the man and woman might achieve different levels of 

functioning and therefore have different capabilities in the capability space of economic 

well-being. In this example, only the man has the freedom to utilize his education to 

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 regardless 

of whether the capability framework or the neoclassical framework is used when 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 cases, the 

individual’s ability to utilize resources will not have changed and her she will value both 

utilizing resources efficiently and maximizing her utility so that she achieves the highest 

number of utils given her budget constraint.  

Results of a policy evaluation differ across frameworks because it is often the case 

that policies do in fact alter an individual’s ability to utilize resources and thereby 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 for religious 

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 offer anything 

different theoretically that cannot already be captured in the neoclassical framework; they 

argue that the capability framework simply provides a more complex framework in which 

to evaluate the effect of polices on individuals.  However, the variability in results across 

empirical applications seem to suggest that the complexity of the capability framework 

better captures the intricacies of an individual’s use of resources, achieved level of well-

being, and the constraints on her abilities that persist and may in fact contribute to the 

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

 Few studies that operationalize the capability framework clearly explain the 

divergence in policy prescriptions in comparison to the prescriptions of the neoclassical 

framework. In what follows, I survey the literature which operationalizes the capability 

framework in five domains of research. In each domain of research, I show that the 

estimated effect of a policy and the policy prescription that follows from the empirical 

analysis differ across framework. The differences in the estimated policy effects 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, India, Mexico, 

and Sri Lanka. He ranked countries according to their achievement of each functioning 

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 rates. While 

Brazil and Mexico had higher levels of GNP per capita – approximately seven times 

higher – than the other countries, both countries performed poorly across the 

functionings. Life expectancy, infant mortality, and child death rates were best in 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 different from 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 activity10, social conditions, government strength, or diversification 

across sectors. Information on these particular dimensions would present a more accurate 

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 that is based on 

the capability framework.  The HDI attempts to measure a country’s actual level of 

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 development: 

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 this measure and 

their gross domestic product (GDP) per capita. Positional rankings of country rankings 

varied depending on whether countries are ranked using GDP per capita or HDI. The set 

of measured functionings changes each year.11   

                                                 
10. Informal markets can be a large portion of an economy, particularly in low-income countries. 

(See Pratap and Quintin (2006) for further discussion.) Gross domestic product (GDP) and gross national 
product (GNP) only measure formal market activity. Thus in countries where informal markets comprise a 
substantial amount of market activity, GDP per capita and GNP per capita fail to capture a country’s level 
of human development and economic development. 

11. The UNDP has since created three additional indices: the Gender-related Development Index, 
the Gender Empowerment Measure, and the Human Poverty Index. These indices utilize similar estimation 
techniques but consider different sets of functionings. 
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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 human 

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 resources, countries can 

utilize those resources differently to achieve various levels of human development across 

indicators. 

Microeconomic Policies: Income 

There is an expanding literature that uses micro-data and finds evidence to support 

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 relevance of these 

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 Qizilbash 

(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 necessarily functionally 

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 households with the 

lowest welfare. In a similar conclusion, Balestrino (1996) argues that in-kind transfers 

may be more effective at fighting deprivation compared to cash transfers, especially 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 well-being so that 

observational units are comparable. But equivalence scales do not fully capture 

heterogeneity across individuals in their conversion of resources into well-being. 

Equivalence scales merely capture (dis)economies of scale in the conversion process of 

resources into well-being; the scale factor is assumed to be the same across individuals. 

This implies that there is only heterogeneity in the conversion process based on the 

magnitude of resources and well-being and not in the ability to convert resources across 

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 results across the 

frameworks. Using household data from Italy and Belgium she estimates the needs 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 equivalence scales in an 

effort to capture demographic differences in preferences across households in the process 
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of converting resources into well-being. Equivalence scales are computed as the amount 

of income necessary to guarantee individual h has identical fulfillment as individual r on 

a given dimension of well-being. For each functionings vector, the income level NOP is 

defined as: 

                                             2NOP|&QR�NQ , $Q	 � &OR�NOP, $O	3.      �12	 
The equivalence coefficient is defined as: 

                                                                     �O � NOPNQ .      �13	 

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 insufficient to 

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 are linear combinations of some 

common underlying dimensions, called factors (see also Balestrino and Sciclone 2000; 

Lelli 2001). In the context of the capability framework, the factors represent functionings. 

Factors serve as predictors in deriving the observed variables. The factors are assumed to 

be uncorrelated with each other. The factor loadings are easily interpreted as regression 

weights and correlation coefficients (Lelli 2001). 



 
 

29 

 
 

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 (y, that is dimension k×1) as determined by a vector of latent variables called 

factor scores (f, that is dimension m×1 where m<k), a coefficient matrix called factor 

loadings (Λ, that is dimension k×m), and a matrix of residuals ε:  

                                                               E � T& 4 U.     �14	 
From this equation (and knowing y and Λ), 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 transfers to people who 

are unemployed has the ability to impact an individual’s utilization function and 

conversion factors. Any evaluation of this policy therefore should measure the effect of 

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 individuals. Kuklys 

(2005) developed a theoretical model for capability wherein she estimated capability sets 

in an effort to show that the opportunities available to individuals matters. She applies her 

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: 

                                                   V��N�	 � ��N�|)�, )*, )+	     �15	 
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where the capability set Q for individual i given her disposable income Y is determined 

by the individual’s conversion function h. Kuklys (2005) assumes: the effect of 

conversion factors (non-monetary constraints) on the functioning can be expressed as an 

effect on the capability set; the characteristics of goods are the same for every individual 

(so c(x)=x); all goods affecting welfare are marketable; more income results in more 

capability; and the conversion function is monotonic.  

To estimate her theoretical model, Kuklys (2005) inverts the model: 

                                                         N�|)�, )*, )+ � �W8�V�	.     �16	 
The right-hand side of the equation defines a monotonic transformation of the capability 

set. The left-hand side is readily estimated.  

Empirically, she estimated equivalent household income as the income necessary 

for household h to achieve the same level of income satisfaction as the reference 

household r using equivalence scales 

                                        XY
XZ � ��
 [ 8

\]^ P >_`�)Q a )O	b      �17	 

where y is household income and z is an indicator of disability. Note this required an 

additional assumption that overall household utility is additively separable in utility 

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 is 36 percent 

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 consequences. The 

capability framework constructs two distinct states of disability: potential disability and 

actual disability. An individual is actually disabled if she cannot do or be the things that 

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, characteristics, and environment. 

These factors influence an individual’s actual and potential disability. Other models of 

disability using the neoclassical framework often fail to account for such personal 

heterogeneities.  

Microeconomic Policies: Happiness 

In another comparison of results using the capability framework and the 

neoclassical framework, Anand and van Hees (2006) examined the relation between 

capabilities and happiness ui, as defined in traditional utilitarian economics. They 

modeled: 

                                                            �� � ���%�	     �18	 
where the happiness or utility u of individual i is a function of their functionings b and a 

utility function h that relates functions to happiness and varies between individuals. The 

study considered seven dimensions: happiness, sense of achievement, health, intellectual 

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 authors suggest that this 

may indicate a tradeoff between objective improvement and subjective dissatisfaction. 

The authors also found evidence that individuals refer to their own capabilities in order to 

assess the distribution of opportunities within society in all dimensions considered except 

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 disability and special needs 

in the context of the capability framework to consider justice within the educational 

setting.  

There is a policy debate in the education literature regarding whether it is more 

developmentally beneficial for children with special needs to learn alongside children 

without special needs, and whether this co-learning is detrimental to the development of 

children without special needs. This debate is referenced in the education literature as the 

“dilemma of difference.” Proponents of segregated teaching argue that teaching children 

with and without special needs in the same classroom diverts resources (e.g. teachers 

time) away from children without special needs in order to accommodate children with 

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 responses to the 

dilemma of differences. Even still, Terzi (2005) offers a thoughtful discussion of how 

individual capabilities may be limited by those of others. Terzi (2005) argues the focus of 
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education policy should be directed to the capabilities afforded to the students across 

learning environments.  In this regard, educating students with special needs alongside 

children without special needs may stunt the learning of children without special needs. 

In another application in the education literature, Kelly (2010) identifies the 

theoretical gains of operationalizing the capability framework over the neoclassical 

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’s well-being.12  In 

the context of the capability framework, simply increasing the quantity of schools 

available for the child to enroll in, is unlikely to improve her well-being unless it affects 

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 students in 

public schools with few resources may develop low-expectations of themselves and their 

achievements. Adaptive preferences suggest that people might adapt to unfavorable 

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 capability framework 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, and Olsen 2002). 

The issues related to adaptive preferences and policy outcome evaluation can be avoided 

                                                 
12. Kelly (2010) notes that this model is hypothesized under complete information about each 

school but in reality parents face much uncertainty in their decision of which school to enroll their child 
(Kelly 2010, 319). Parents do not know which school offers the best quality education for their child nor is 
it clear how the child will respond to the particular schooling. 
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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 from utilizing 

more advanced (e.g. higher-quality) schools. Indeed, differences in expectations may help 

to explain why the best students at the worst schools are most likely to take advantage of 

school vouchers and increase their choice set so that they might select higher-quality 

schools (Kelly 2010, 327). Under-challenged students at the low-performing schools may 

maximize their utility and be “happy” according to the neoclassical framework, but she 

may not maximize their capability in the context of the capability framework. 

The capability framework emphasizes an individual’s values as central to her 

choice behavior. Using the capability framework in the context of school choice, we may 

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 expectations of school 

achievement to their child. The child’s low academic achievement will persist if she 

never  maximizes her potential well-being. This result is not possible in the neoclassical 

framework – we would only observe that the student maximizes her utility given her 

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 student ultimately 

might achieve a higher functioning as a result of the change in her valuation of education.  

Assessing the policy effect of vouchers on the child and her family’s capabilities 

highlights the interconnected relationship between policy evaluation and policy 

formation. The measured effect of policies in the capability framework has the potential 

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 alter individual 

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 her opportunities for 

academic achievement. This includes correcting the child and family’s low expectations 

of academic success and low valuation of education – the effects on the child and 

family’s utilization function and conversion factors. The increase in opportunities would 

increase the likelihood of a change in the student’s expectations such that she would 

adopt higher expectations of her academic achievements and thereby alter her valuation 

of academic achievement.13  

Increasing the choice set to include inferior schools does not necessarily increase 

the child’s well-being of functioning achievement. If choice is a probabilistic outcome 

and inferior schools are added to the set of schools for possible enrollment, 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 of the parent to 

select an alternative school for their child (i.e. utilize the voucher) out of fear of selecting 

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. The child must be placed in the school system 

given her potential academic achievement and the possible effects on her valuations, not her initial 
capabilities 
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academic level. The inferior school would impact the child’s capability set – by 

increasing the number of possible low-income achievements.  

Microeconomic Policies: Social Norms 

The capability framework also considers social norms as intrinsically important in 

the effect of policies. For instance, Lewis and Giullari (2005) examine the gender 

division of labor between market production and household production, particularly 

unpaid and paid caring labor. Lewis and Giullari (2005) argue that capability deprivation 

will persist across gender lines unless additional policies are enacted to correct 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 caring labor 

(which is typically unpaid and women predominantly perform).  Olson (2002) argued for 

similar changes in the evolution of social and institutional policy related to caring labor 

and gender norms. These studies use the capability framework as a means to explain 

deprivation within society and to develop policies which will alleviate this deprivation. 

In a related work, Alkire (2002) conducted a cost-benefit analysis of three 

community-level development projects in Pakistan on the capabilities of community 

members using the neoclassical framework and also using the capability framework. The 

projects included goat rearing, female literacy classes, and rose garland production. 

Monetary valuations were utilized to calculate the cost-benefit analysis using the 

neoclassical framework. Qualitative data was acquired on functionings and capabilities 

before and after the projects were implemented through reflection group discussions. 

Participants relayed stories of personal experiences and were asked to rank the three 
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functionings that were most affected by each project. Finally, each project was ranked 

subsequently relative to their ability to reduce poverty. The ordinal rankings of the 

projects varied across the frameworks with discrepancies among the rankings of two of 

the three projects. Using the neoclassical framework, the goat rearing project was the 

most beneficial and the literacy courses for women were more costly than beneficial 

(because female labor markets are small or non-existent in the respective region). In 

contrast, the capability framework ranked the literacy classes for women as the most 

beneficial of the three development projects. The literacy classes improved the 

confidence and self-esteem among the women, effectively altering the conversion factors 

of women. 

Current Weaknesses with Operationalizing  
the Capability Framework 

 While Sen has extensively described the capability framework, he has not 

identified how capability sets should be valued and compared, or which functionings are 

relevant. Researchers are left to debate these questions. Indeed, these gaps in the 

literature underscore why researchers struggle to operationalize the approach. 

Researchers attempting to operationalize the capability framework often cite three 

specific problems: whether to measure functionings or capabilities, which capabilities are 

relevant, and how can functionings be accounted for in a multidimensional framework of 

capabilities. 

It is unclear from the literature whether capabilities or functionings are the most 

relevant measure of well-being. Some studies focus on capabilities while others only 

measure functioning achievement, and there is no explicit discussion of why a researcher 
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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 a good life 

but not everyone achieves a good life. In contrast, studies that measure functioning 

achievement consider an individual’s actual achievement of well-being. However, the 

capability framework assumes that functioning achievement occurs because the 

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 individual capabilities. The 

measurement of capabilities has been developed more slowly because of data limitations 

and measurement constraints on how to accurately operationalize capabilities.   

There is also disagreement in the literature as to which capabilities are relevant for 

measuring well-being. At the extremes, Vallentyne (2005) argued that all capabilities are 

important and should be included in analysis. Other scholars argue that it is sufficient to 

examine a single capability. These studies are partial capability analyses (Robeyns 2006, 

366). Of course there are scholars in the middle of this spectrum who argue that a set of 

capabilities is sufficient.  Nussbaum (2000) goes so far as to develop a well-defined list 

of ten capabilities which she believes must be considered together:  life, bodily health, 

bodily integrity, senses, imagination and thought, emotion, practical reason, affiliation, 

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 Sen’s resistance 

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 relevant for other 

applications. It is up to the researcher to determine which capabilities are relevant 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 extreme, each 

functioning can be equally weighted. The HDI from the UNDP is a prominent example of 

this method. The HDI examines three functionings: educational achievement, life 

expectancy, and economic standard of living.  Each functioning receives an equal weight 

and are aggregated to construct a measure of overall well-being. The functioning for 

educational attainment is composed of two variables with different weights: literacy (with 

a weight of two-thirds) and school enrollment (with a weight of one-third).  

Researchers often utilize multiple weighting systems in order to validate their 

conclusions. Other researchers rely on the variance of indicators of functionings in order 

to measure weights for each functionings. It is argued that this method abstracts from 

explicit value judgments (Kuklys 2005). For instance, researchers statistically derive 

weights when they utilize factor analysis. Weights (i.e. the variance of variables) 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, employing exchange values to 

weigh commodities. This consistency has allowed researchers to operationalize the 

neoclassical framework, even if its fundamental assumptions are contentious. Sen (1996, 

397) asserts that the selection and weighting of capabilities depends on personal value 

judgments. Weights should be socially determined, either by the relevant group or all of 

society. 

Still, the weaknesses of the capability framework as discussed in the literature can 

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-being the policy 

targets. In the next chapters, I provide researchers with a new empirical tool to consider 

both functionings and capabilities. The empirical tool also directly models an individual’s 

conversion process, which has received little attention in the literature until recently.  

Conclusion 

The capability framework offers researchers an alternative framework to evaluate 

policies. The capability framework allows researchers to evaluate policies based on their 

stated goal and measured effect on the being of individuals. While the capability 

framework and the neoclassical framework may produce similar results in cases where 

policies only aim to affect an individual’s available resources, results diverge when 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 individual’s to 

utilize resources, it important that the model used for policy outcome evaluation 

adequately capture the effects of these policies.
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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 policies on the well-

being of individuals, where “well-being” is defined as an individual’s set of possible 

states of being, or her “capability.” The process by which individuals transform resources 

into achieved (actual) states of being is called the “conversion function.” Thus, in the 

capability framework, both resources and conversion functions are determinants of an 

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 it is possible for an 

individual to achieve some state of being that is below her potential state of being. If an 

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 resources into 

a level of well-being using a minimum amount of resources. A fundamental assumption 

of the capability framework is that individuals have different abilities to use resources. 

Thus, a policy that provides individual with similar resources may not necessarily result 

in similar levels of well-being among individuals. An accurate evaluation of the effect of 
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a policy that provides resources to individuals would take into account individual 

conversion efficiency. 

Theoretically, the effect of a policy π on the functioning b of individual i is 

attributed to its impact on the utilization function f and conversion factors z (which can be 

related to the individual i, society s, or the environment e): 

                                            �%� � HIJHK
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Empirically, any policy evaluation operationalizing the capability framework should 

measure the effect of a policy on the individual’s utilization function and conversion 

factors. It also should capture the individual’s conversion efficiency. 

Relatively few empirical studies in the capability literature measure conversion 

efficiency relative to those studies that estimate functioning or capability. The scant 

volume of literature is likely the result of empirical difficulties in identifying an adequate 

empirical technique that concurrently measures functionings, capabilities, and conversion 

efficiency. Moreover, while empirical methods exist that could measure conversion 

efficiency, these methods were not explicitly developed to analyze conversion efficiency 

and so must be adapted to appropriately capture the conceptual underpinnings. For 

instance, conversion efficiency does not assume that individuals are efficient in their 

transformation of resources into well-being. Most existing empirical methods, however, 

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 equations or data 

envelope analysis. But neither of these techniques adequately account for possible 

individual heterogeneity in the conversion of resources into states of being. Simultaneous 

equations and data envelope analysis methods instead assume homogeneity in the 

conversion of resources into states of being.  

I adapt an empirical technique from the industrial organization literature, 

stochastic frontier analysis, to measure any deviation between achieved states of 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 operationalizes 

the capability framework and measures or accounts for conversion efficiency.  Then, I 

discuss how stochastic frontier analysis (SFA) provides researchers with the necessary 

empirical tools to model an individual’s production of well-being and measure 

conversion efficiency. 

Current Techniques to Measure Conversion  
Efficiency: Overview and Critique 

Conversion efficiency is a measure of the efficiency with which individuals 

convert their resources into achieved functionings.  It captures the difference in 

functioning achievement between individuals that does not come from differences in their 

resources. Namely, conversion efficiency captures differences in functioning 
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achievement across individuals that are caused by differences in personal zi, social zs, and 

environmental ze conversion factors.  

As presented in chapter one, the conversion function f maps the resources into the 

space of functionings. An individual i converts resources x from all available resources X 

into some level of functioning achievement b. 

                                 %� � &��'���	|)�, )*, )+	 / &� - .� ��� / �� -  0�       �1	 
There are two steps in the conversion of resources into a state of being. First, a 

conversion function c(•) maps the vector of resources into the space of characteristics 

such that  c=c(xi) (Lancaster 1966). Conversion functions for the space of characteristics 

are similar for all individuals. This is solely due to the fact that the characteristics of a 

resource do not vary across individuals. Second, an individual benefits from the 

characteristics of a resource via her own conversion function f from her set of all possible 

conversion functions F. In other words, there may be individual heterogeneities in the 

utilization of those resources given their characteristics.  

The set of all feasible functioning vectors b for individual i, comprise her 

capability set B.  

                 1��0�	 � 2%�| %� � &��'���	|)�, )*, )+	 / &� - .�  ��� / �� -  0�3      �4	 
Recall, a functioning is a state of being. The capability set therefore describes an 

individual’s possible states of being. 
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Individuals with the same resources may not necessarily achieve the same state of 

being and may have a different set of possible states of being since individuals can derive 

different benefits from the characteristics of resources. For instance, consider the 

provision of free health care for children through a public health insurance program. The 

access to health care will provide different health benefits for children with different 

preferences, values, and health conditions. Some children may not change their use of 

health care even if the health care is freely available through public health insurance. Free 

health care will not impact the health of these children. Other children who increase their 

use of health services may exhibit higher levels of health functioning (assuming a 

positive relationship between health and health service use). Regardless of the effects on 

functioning, the provision of free health care may impact a child’s capability for good 

health by improving the child’s potential health outcomes. Consider further, two children, 

one with a disability and the other without a disability and their capability to achieve 

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 child who is not 

disabled. Free health care is welfare enhancing if it expands a child’s capability 

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 conversion 

efficiency. Both require estimation of an individual’s conversion function. The first 

approach focuses on the coefficient estimates of the conversion factors. The second 
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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 (i.e. zi, zs, or ze). Estimated coefficients on conversion 

factors measure the rate of transforming resources into functionings. Chiappero 

Martinetti and Salardi (2008) first used this approach to examine which population 

subgroups (by age and gender) are more efficient in converting resources into 

functionings. The authors estimated conversion functions for ‘being healthy,’ ‘being 

educated,’ and ‘living in a healthy and safe environment.’ The coefficient estimates on 

each conversion factor were compared across population subgroups to understand 

differences in conversion efficiency.  

Similarly, Hasan (2009) estimated conversion efficiency using coefficient 

estimates on conversion factors. His model, however, accounted for the interdependency 

between conversion efficiency, functioning, and capability. Hasan (2009) estimated a 

three-stage least squares (3SLS) model:  

                                           '�
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His analysis supports the theoretical hypothesis that efficient use of resources results in 

higher states of being, and that freedom is positively related to capabilities.  

 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 framework allows for an 

individual to achieve some level of functioning achievement that is within her capability 

but does not efficiently utilize resources. Consider an individual’s capability for being 

well-nourished. If the individual chooses to fast for religious reasons, then the individual 

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 the means to 

purchase food will achieve a similar low level of nourishment but this may maximize her 

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 reality, the 

individual who is starving more efficiently transforms resources into a level of 

functioning achievement compared to the conversion efficiency of an individual who 

chooses to fast and achieves some level of functioning below that which is possible given 

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

A second approach to measuring conversion efficiency examines the residuals of 

a conversion function for functioning achievement. Sen (1985) first utilized this method 

to link life expectancy to national income estimates. For instance, Sri Lanka’s life 

expectancy was approximately 20 times higher than the country’s actual income. The 

residuals were interpreted as estimates of country-level inefficiency. Other reports that 

rely on residuals include the World Health Organization’s World Health Report for 1999 

(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, functioning, and conversion 

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 the measure 

of inefficiency to examine measures of technical inefficiency. Efficiency is a relative 

measure. The best individual achieves a level of functioning achievement given her 

resources that is far below her minimum level of resources necessary to achieve this level 

of functioning achievement. For this analysis, they assume that all individuals have the 
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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 surpasses what she is 

predicted to achieve. Every other individual’s residual is compared to the individual with 

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 estimate a vector of well-

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 immigration, marital status, 

educational status, and area of residence).  The authors found that conversion efficiency 

decreases with age at a decreasing rate. However, at age 57, conversion efficiency 

reaches its minimum value. Individuals who are older than 57 have an increasing ability 

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) dimensions of 

well-being, Cummins (1996) domains of life satisfaction, and Allardt’s (1993) 

comparative Scandinavian welfare study. The authors examine whether the estimates of 

well-being for each framework will produce similar measures of well-being given that 

each framework focuses on different dimensions of well-being. Ramos and Silber (2005) 
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use efficiency analysis to estimate indices of individual functioning in a single dimension 

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-being. Using data 

from the 1997 British Household Panel Survey, they find that the indices of well-being 

are highly correlated across approaches. All indices also are weakly correlated with an 

income measure of well-being (equivalent income). These results suggest the conceptual 

frameworks of well-being, which advocate for a multidimensional measure of well-being, 

are similar enough that estimates are robust across the frameworks. However, there 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 achieved functioning. 

Using a nonparametric efficiency procedure, the authors estimate an order-m efficiency 

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 frontier. In order to 

conduct their analysis, the authors must assume that everyone has the same preferences 

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 inefficiency would 

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 having satisfying 

social relations. Using a single wave of data from the 2006 British Household Panel 

Survey, the authors estimate an ordinary least squares (OLS) model to evaluate the effect 

of conversion factors (age, age-squared, gender, employment status, marital status, 

geography, and disability status) on an individual’s functionings. They find that nearly 50 

percent of individuals are not efficient as the best 50 percent of individuals. Separating 

the sample into efficient and inefficient individuals, the average inefficient individual 

achieves about 20 percent less functioning than an efficient individual with the same 

resources.  Conversion efficiency is positively affected by getting older, being self-

employed, being married, having no health problems, and living in the London area. It is 

negatively affected by unemployment, separation, divorce or widowed marital status, 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 index is a 

measure of the movement of an individual’s functioning relative to the benchmark 

frontier and demonstrates how an individual might decrease or increase her conversion 

efficiency relative to the order-m best practice individuals. Their findings corroborate 

Binder and Broekel (2008). Fewer than 30 percent of individuals were efficient in 

converting resources into functionings during the sample period. Age, education and self-
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employment increase an individual’s conversion efficiency. Living in London, being 

disabled, and being separated, divorced, widowed, or married are negatively associated 

with individual’s conversion efficiency.  

 Use of DEA requires researchers to evaluate individual efficiency with respect 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 individuals may 

choose to achieve some functioning below their potential. In which case, estimation 

results might identify a subset of individuals who have persistent inefficiencies.  

While relative social comparisons may matter, the ideal may be an individual who 

“best” utilizes resources given her capabilities and values, not society’s capabilities and 

values. Researchers (Broekel and Binder 2008; Broekel and Binder 2010) using DEA to 

operationalize the capability framework have argued that this simplification to an 

individual is necessary since it is difficult to derive a theoretical maximal functioning 

achievement for society given a certain level of resources. 

A New Technique to Measure Conversion Efficiency 

I offer a new empirical approach, stochastic frontier analysis (SFA), to estimate 

the conversion efficiency of an individual’s conversion function that improves on 

existing estimation methods.  Unlike other parametric techniques (such as those used 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 measure of technological 

inefficiency) and the rate of conversion efficiency (i.e. the estimated coefficient on a 

conversion factor) can be estimated distinctly. 

SFA also offers researchers an advantage in operationalizing the capability 

framework beyond the contributions of DEA. DEA is a non-parametric technique 

requiring that at least one observation in the sample lie along the capability frontier. Thus 

DEA ignores the possible influence of measurement errors and other sources of noise. All 

deviations from the frontier are assumed to be a consequence of technical inefficiency. 

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 a myriad of 

possible errors, particularly measurement error if incomplete proxies are used to control 

for conversion factors.  

Frontier analysis is typically used to model a firm's transformation of a set of 

inputs x into a set of outputs y. 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 all available 

knowledge. A firm below its frontier could, for instance, better organize its machines or 

labor. 

The capability frontier describes the most efficient transformation of resources 

into functioning. Individuals who are most efficient in transforming their resources into a 

functioning lie along the frontier. This conceptualization of the capability frontier 

assumes that resources are necessary for an individual to increase her level of functioning 
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achievement. An individual’s distance from the capability frontier is interpreted as a 

measure of how inefficient the individual is in converting her resources into achieved 

functioning, i.e. her level of conversion efficiency.  Estimated coefficients on 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 measure 

individual functionings and output functions are estimated to measure overall well-being 

as the composition of individual functionings (see Ramos 2008). 

Production is a process of transformation of a set of inputs x-X into a set of 

outputs y-Y. The input set L(y) consists of all input vectors x which can produce the 

output vector y: 

                                                      e�E	 � 2�: � '�� 
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The production function is the isoquant IQ(y): 
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where ρ is a scalar.  

The input set L(y) is the area bounded from below by the isoquant IQ(y) in figure 

2. The isoquant depicts the minimum amongst these input combinations for each 

proportion of inputs. The input vector A=(x1A, x2A) is inside the input set. It can be 

proportionally contracted to point B=(x1B, x2B). Point B lies along the isoquant IQ(y). It  
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Figure 2. Input Distance Functions. 

cannot be contracted proportionally any longer without changing the output vector y or 

the production technology. Conversion efficiency changes when the individual increases 

her level of functioning achievement without acquiring new or additional resources. 

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

                                  ����, E	 � l��2h: �� h⁄ 	 - e�E	3       �22	 
The input distance function has four properties. First, the input distance function 

is increasing in x and decreasing in y. Second, it is linearly homogenous in x. Third, if x 

belongs to the input set of y (i.e. x-L(y)), then di(x,y)≥1. Finally, the input distance 

function is equal to unity if x belongs to the frontier of the input set (the isoquant of y). 

In figure 2, the distance function for point A measures the distance (ray OA) 

between this point and the IQ(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 isoquant for 

a given output vector. The distance function of the individual producing output set y 

using the input levels defined by point A equals the ratio (OA/OB)= ρ. At point B, 

Di(x,y)=1; this is true for any point along the isoquant IQ(y). If x belongs to L(y), 

Di(x,y)≥1. 

The output distance function is the complement to the input distance function. The 

output set P(x) is the set of all outcome vectors y which can be produced using the input 

vector x: 

                                                           n��	 � 2E: � '�� 
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The production function is the production possibility frontier PPF(x): 

                                       nn.��	 � 2E: E - n��	 ��� oE i n��	�& o p 13     �24	 
where δ is a scalar.  

Consider an outcome vector x in figure 3. The output set P(x) is the various output 

combinations (y1, y2) that could be produced given input vector x. The 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 (e.g. y1) that could be produced for a given 

amount of the other output (e.g. y2) and the input vector x. The output vector A=(y1A, y2A) 

is inside the output set. It can be expanded proportionally to point B=(y1B, y2B), which lies  
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Figure 3. Output Distance Functions. 

on the PPF(x). The vector cannot be expanded any longer without changing the input 

vector x or the production technology. 

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

                                          �q��, E	 � l��2o: �E o⁄ 	 - n��	3.      �25	 
The output distance function also requires four properties. First, the output 

distance function is increasing in y and decreasing in x. Second, it is linearly homogenous 

in y. Third, if y belongs to the production possibility set of x (i.e. y-P(x)) then do(x,y)≤1. 

Finally, the output distance function is equal to unity if y belongs to the frontier of the 

production possibility set (the production possibility frontier of x). 

In figure 3, the output distance function for point A measures the distance (ray 

OB) between this point and the PPF(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 distance function of the 

individual using input vector x to produce the output levels defined by point A equals the 

ratio (OA/OB)=δ (where δ is a scalar), whereas the distance function value at point B is 1. 

Do(x,y)≤1 if y belongs to P(x) and Do(x,y)=1 if y lies on the PPF(x). 

The Capability Framework and  
Stochastic Frontier Analysis 

Stochastic frontier analysis is a parametric estimation of distance functions. For a 

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

                                            E�  �  � 4  >��  4  �)�  4  ��  – ��      (26) 
where output y for firm i is determined by a vector of inputs x conditional on 

characteristics z of the firm that are time invariant, random error v, and a measure of the 

firm’s inefficiency u; β and t are the parameters to be estimated. Time invariant 

characteristics of the firm may include the type of industry in which the firm operates. 

Inefficiency, again, is understood to be a measure of the firm’s inability to convert inputs 

into output.   

In the context of the capability framework, the capability frontier is modeled as a 

production function for functioning achievement: 

                                              1� � � 4 >�� 4 �)� 4 �� a ��       �27	 
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where potential functioning achievement B for individual i is determined by a vector of 

resources x conditional on conversion factors z of the individual that are time invariant, 

random error v, and a measure of the individual’s inefficiency u. β is the estimated effect 

of resources on an individual’s potential functioning achievement and t is the estimated 

effect of conversion factors (i.e. rate of conversion efficiency).  

Two assumptions are necessary. First, vi are independent and identically 

distributed and normally distributed with mean zero and standard deviation st̀ . Second, 

ui are independent of x and v. Ravallion (2005, 281) notes that this assumption may be a 

justified in the assessment of social policies when the inefficiency is unknown to the 

producer and so could not affect input choices. 

The second assumption can be relaxed if the stochastic frontier is estimated with 

fixed effects: 

                                           1�u � � 4 >��u 4 �)� 4 ��u a ��u       �28	 
for ui≥0; i=1,…,N, t=1,…,T. This model controls for the time period t in which individual 

i is observed. Conversion efficiency is time varying since individuals may acquire new 

technologies, i.e. learn better ways to utilize market and nonmarket goods. 

A few additional assumptions are necessary. First, vit are independent and identically 

distributed, and normally distributed with mean zero and standard deviation st̀ . Second, 

��u and �v* are independent for t,s=1,…,T, i,j=1,…,N. 

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

invariant, individual specific constant term, ai is commonly included. If 
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ai = a - ui  so that ai ≤ a for all i, then the above equation can be rewritten as: 

                                                    1�u � �� 4 >��u 4 �)� 4 ��u       �29	 
where ui is lower-bounded by zero and is upper-bounded by ai. This specification is a 

stochastic frontier estimated using fixed effects, which can account for unobservable 

characteristics of the individual that are constant over time in the individual-effects term 

ai.  The model also accounts for variation over time in the individual’s ability to convert 

resources into higher levels of functioning achievement in the inefficiency term uit. 

The residual now is decomposed into random noise, a measure of inefficiency, 

and individual-effects. But there is an identification problem since individual-effects are 

time invariant and inefficiency can be time invariant. It is necessary to distinguish 

between heterogeneity across individuals that is unrelated to the inefficiency and the 

inefficiency itself in order to avoid mistakenly measuring heterogeneity as inefficiency. 

Greene (2005) suggests modeling inefficiency as time variant and refers to this 

specification as the “true” fixed effects model: 

                                            1�u � �� 4 >���u 4 �)� 4 ��u a ��u.      �30	 
Here the estimated coefficients on the resources are specific to the individual. They 

capture how the individual performs relative to her own standards. This is important since 

it captures differences in technologies across individuals.  Intuitively, this captures 

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

production. 

Distributional assumptions about the inefficiency term are necessary to produce 

efficiency estimates. This assumption is often cited as the primary weakness of SFA. The 

half-normal distribution is the default distributional assumption, suggesting that relatively 

more individuals achieve functionings close to their capability frontier while fewer 

individuals achieve some functioning far from their capability frontier. Different 

distributional assumptions (e.g. gamma, exponential) can be assumed in order to check 

for the robustness of results. 

Conclusion 

 SFA provides researchers with the empirical tools to estimate capabilities, 

functionings, and conversion efficiency. This method offers several advantages over the 

methods currently used in the capability literature to operationalize the approach such as 

simultaneous equations and data envelope analysis. First, researchers can explicitly and 

distinctly estimate rates of conversion efficiency and levels of inefficiency. Second, SFA 

accounts for possible random error in the transformation of resources and conversion 

factors into states of being. 

 In the next chapter, I demonstrate how SFA can be used to operationalize the 

capability framework and conduct an evaluation of the child welfare system in the United 

States.



 
 
 

62 

 
 
 
 

CHAPTER 3 

EFFECTIVENESS AND EFFICIENCY OF OUTPATIENT SERVICES 

FOR CHILDREN WHO COME INTO CONTACT WITH  

STATE CHILD WELFARE SYSTEMS 

In this chapter, I demonstrate how to use stochastic frontier analysis to 

operationalize the capability framework for policy outcome evaluation with an empirical 

application to the U.S. child welfare system. I measure the effect of the provision of 

mental health services on the ability of these services to reduce the future prevalence of 

mental health problems for children receiving mental health services. This application 

shows how the measured effect of a policy is the result of its influence on both resources 

and conversion factors (as predicted in equation (11)).  

My empirical work contains two innovations. First, I consider the efficiency of 

mental health outcomes as an alternative assessment of whether state child welfare 

systems improve child well-being. For this analysis, I model a child’s production of 

mental health outcomes from the use of mental health services as a stochastic frontier 

model following the discussion in chapter two. The stochastic frontier model allows me 

to distinguish between a child’s achieved level of mental health and her potential level of 

mental health. Differences between a child’s achieved and potential mental health are 

indicative of some inefficiency of mental health services to affect her mental health.
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Secondly, I explicitly control for state effects in the ability of mental health 

services to improve the mental health of children. I use recently collected data, the 

National Survey of Child and Adolescent Well-Being (NSCAW), to facilitate across state 

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. State effects capture 

state-specific conversion factors. Decentralization of child welfare policy to states has 

resulted in different child welfare policies on the provision of child welfare services 

across states. Differences in social norms, geography, and other state-specific 

characteristics are also captured in state conversion factors. 

When I omit state effects, I find that children who received outpatient services are 

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 whether mental health problems 

are more prevalent for children who receive outpatient services or if outpatient services 

result in greater mental health problems for these children. On average, mental health 

services enhance efficiency conversion. When I include state-effects, I find evidence that 

simply offering mental health services is not sufficient evidence that the services will 

improve the mental health of children. State effects are not significant predictors of 

whether a child will receive a service but are strong indicators in a child’s production of 

mental health. Thus, assessing the ability of state child welfare systems to improve the 

well-being of children requires an assessment of the delivery and quality of services 

provided.  
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In this chapter, I first explain the policy context in which children come into 

contact with their state child welfare system and differences in how these systems 

provide mental health services to children. Next, I explain the theoretical application of 

how children utilize mental health services which are provided by state child welfare 

systems to achieve some mental health outcome. The empirical estimation is complicated 

by the fact that children are not randomly assigned to mental health services. I provide a 

discussion of how propensity score matching can be used to adjust for selection into 

mental health services. I proceed with a description of the data. I then discuss results 

from the propensity score matching technique and stochastic frontier analysis. I conclude 

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 mental health 

services to children who come into contact with their state child welfare system.  Each 

year, states spend more than $25 billion on child protective services (Bess, Scarcella, 

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 recession in 

December 2007 (DeVooght, Allen, and Geen 2008). Little evidence exists to guide states 

in the effective distribution of their increasingly scarce resources. The findings of this 

research will provide much-needed information to states by evaluating how well child 

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 related to child welfare 

has examined whether the services provided to children reduce their risk of long-term 

outcomes. Previous research suggests that former foster children have a higher propensity 

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, Lee, and Iwen 

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 problematic behaviors 

that warrant mental health care (Leslie, Hurlburt, Landsverk, Barth, and Slymen, 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 child welfare 

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 needs of the 

children, do not accurately measure the effect of services. Child welfare services are 

decentralized to state governments, county governments, and child protective service 
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(CPS) agencies, and are not administered at the federal level. 14  As such, there is great 

variability across states in their delivery of services to children who come into contact 

with their state child welfare system. Previous studies that assess the ability of the U.S. 

child welfare system to improve the well-being of children fail to address the institutional 

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 Review (CFSR).15  

The CFSR was conducted in response to a 1994 Congressional mandate that HHS 

identify the strengths and weaknesses of state child welfare programs and determine the 

extent to which states comply with federal mandates. In 2007, Final Reports and Program 

Improvement Plans from all 50 states and the District of Columbia were compiled and 

reviewed. The reports of the CFSR highlight the variability in mental health provision for 

and assessment of children who come into contact with child welfare across states. The 

findings of these reports also underscore the urgent need for reform of child welfare 

policies to ensure children entering foster care receive effective services and 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 (McCarthy, Van Buren, and 

Irvine 2007, 2). Among states that issued such a screening, there is considerable variation 

                                                 
14.  The ideal data set would allow for agency-level analysis since policies and procedures to 

provide mental health services to children can vary across agencies. NSCAW data survey 97 local CPS 
agencies. Small sample sizes do not allow for agency-level analysis for this dissertation. In the analysis 
sample, there is an average of 11 children per CPS agency; more than 40 percent of CPS agencies in the 
analysis sample have fewer than five children. I instead use state level data as the next best alternative. 

 
15.  The second round of state reviews began in 2010. 
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in which children receive the assessment. Only Connecticut required that all children 

entering foster care receive a mental health assessment (McCarthy et al. 2007, 2). In 

contrast, Minnesota assessed a wider range of children who came into contact with the 

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 determinants 

of whether or not a child receives an assessment include age, abuse history, or whether or 

not his or her parental rights have been terminated. 

There are also important differences in who conducts the health assessment. For 

instance, CPS workers in Alabama and California receive training to identify children 

with mental health needs, but the methods are not consistent across states and may not be 

implemented consistently across CPS workers within a state (U.S. Department of Health 

and Human Services 2008). In Connecticut, the mental health assessment for children 

entering the child welfare system must be administered by a licensed Master of Social 

Work. Whereas in Washington, CPS agencies employ specially trained staff to 

implement the standardized instruments to assess the mental health needs of children 

entering foster care (Washington State Department of Social and Health Services 2011). 

The inconsistencies in mental health assessment may also contribute to children not 

receiving mental health services or the failure of CPS agencies to identify children in 

need of services. 

Even the timeframe over which the assessment is conducted varies substantially 

across states. One state requires the child be initially assessed within 24 to 48 hours upon 

entering foster care, with monthly follow-ups. Most other states have a longer timeframe, 

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 to identify a 

child’s need for mental health services, to deliver mental health services, and to monitor 

the effect of these services (McCarthy et al. 2007). Researchers can take advantage of this 

variation at the state level to account for which methods are most effective, i.e. result in 

the best mental health outcomes of children. However, recent studies using national data 

have failed to exploit this variation and so have failed to provide state policymakers with 

any meaningful results about how their policies fare relative to those of other states.16 

This study is the first to use national data and control for state effects in an effort to 

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

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 conversion 

process by which a child’s use of mental health services (S) results 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 child’s capability 

set—illustrated as the mental health capability frontier and the shaded region below it. 

Both y1 and y2 describe possible levels of functionings. A child may produce her  

                                                 
16. For example, Farmer, Mustillo, Wagner, Burns, Kolko, Barth, and Leslie (2010), Raghavan, 

Inoue, Ettner, Hamilton, and Landsverk (2010), Ringeisen, Casanueva, Urato, and Stambaugh (2009), 
Shipman and Taussig (2009), and Southerland, Casanueva, and Ringeisen (2009) use NSCAW data that 
look at the delivery of mental health services but do not address state differences. 



 
 

   69 

 
 

 
Figure 4. The Mental Health Capability Frontier 

maximum level of mental health for the quantity of mental health services received, so 

that she reaches a point such as y1, when services s1 are received. Alternatively, a child 

may not reach the frontier. In addition to random variation, some mental health services 

may inefficiently affect the child’s level of mental health.  A child may achieve a level of 

mental health (i.e. a functioning) below her capability frontier. A child will achieve a 

level of mental health below her frontier such as y2 when she receives services s2. Such 

an inefficient point can be achieved for a number of reasons, including conversion factors 

or individual abilities to utilize resources captured via her conversion function.  

The stochastic frontier framework allows for the separation of child-specific 

inefficiencies from the estimated effectiveness of services and conversion factors.  

Stochastic frontier analysis (SFA) is typically used to model a firm's transformation of a 

set of inputs into a set of outputs (see the seminal work of Aigner, Lovell, and Schmidt 

1977). I use the SFA to estimate mental health capability frontiers of children who came 

into contact with their state child welfare system and to measure whether health outcomes 

are more efficient for children who received mental health services and children who 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 may affect 

how a child internalizes an outpatient service and utilizes the treatment in future 

behaviors. Inefficiency exists when a child achieves a level of mental health below her 

capability frontier. Levels of functioning below the capability frontier might occur for 

two possible reasons: idiosyncratic effects and productive inefficiency. Idiosyncratic 

effects, also termed random error, are events external to the child that may affect her 

ability achieve her maximum level of functioning. For instance, physical abuse from a 

caregiver may impose mental trauma on the child. Productive inefficiency is related to an 

individual’s conversion function and conversion factors. The capability framework does 

not assume that an individual wants to utilize her resources efficiently, so it is possible 

that an individual chooses to achieve some level of well-being (i.e. level of functioning) 

below her capability frontier. Using stochastic frontier analysis instead of OLS, the error 

term is decomposed into a random component and a measure of technological 

inefficiency.  

The stochastic frontier specified as: 

                     N� � w 4 x�>8 4 0�>` 4 �� a ��       �31	    
where the level of mental health functioning Y for a child i (i=1,…,N) is determined by a 

vector of mental health treatment T, conditional on conversion factors related to 

characteristics of the child X, a two-sided stochastic term that accounts for statistical 

noise v and a nonnegative stochastic term representing the child’s inefficiency u. 
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Inefficiency u represents the proportion by which Y falls short of the goal. It is the 

proportional or percentage of inefficiency. β1 captures the effect of the resources, i.e. 

mental health services; β2 captures the rate of conversion efficiency of the individual’s 

conversion factors. 

 Standard assumptions of the stochastic terms are E[vi]=0  for all i, E[vivj]=0  for 

all i and j (i≠j), yz��̀ { � st̀ , E[ui]>0 , E[uiuj]=0  for all i and j (i≠j), and yz��̀ { � st̀ . The 

stochastic terms vi and ui are assumed to be uncorrelated; vi is normally distributed; and ui 

is half-normally distributed. The density function for U� | �� a �� � c�E� a w 4 x�>8 4
0�>` is: 

                                                                &�U�	 � `
} ~��J}	��W�J�

} 	      �32	 
where s�̀ � st�̀ 4 s��̀, �� � s�� st�⁄ , φ is the standard normal density function, and Φ is 

the standard normal cumulative distribution function (Kumbhakar and Lovell 2000). The 

log-likelihood function for the production frontier model is: 

                             cDd e� � 8
` cDd �`

L� a cDds a 8
` ��J}�` 4 cDd��W�J�

} 	.    �33	 
Child specific technical efficiency is the ratio of observed mental health to the 

corresponding stochastic frontier mental health (when there is no inefficiency so ui=0). 

Since mental health outcome is measured in its natural log form, technical efficiency is 

specified as (Battese and Coelli 1988): 

           xy� � XJ+K� ��q� �J=��\^�J�tJ	 � +K� ��q� �J=��\^�J�tJW�J	
+K� ��q� �J=��\^�J�tJ	 � ��
 �a��	.     (34) 
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I measure ui to predict child-specific technical efficiency. An estimate of U� is 

obtained after I estimate the frontier. The estimate of U� is then used to estimate the 

inefficiency component ui using the conditional mean function yz��|U�{ following 

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

    yz��|U�{ � }�
8� �� � ���J,�J�J 	

8W���J,�J�J 	 a �J,�J}J �.     (35) 

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

on the sum of inefficiency and the child specific heterogeneity. 

Empirical Model: Stochastic Frontier Analysis 

I use a log-linear functional form for the stochastic frontier model, estimating: 

                      N�,u�8 � x�>8 4 0�,u>` 4 g�,u>� 4 ��,u>� 4 N�,u>� 4 U�,u�8     �36	 

where Yi is the natural log of the mental health of child i in period t+1 and Ti is an 

indicator variable for children who received outpatient services over the sampling 

period.17 The predictors are measured at period t, where Xi are characteristics of the child, 

I i are factors of the availability of services, and Di is an indicator for the child’s state of 

residence. >8, >`, >�, and >� are parameters to be estimated.  

The effect of services >8 is interpreted as the estimated effect of service receipt on 

mental health at time t+1, net of mental health at baseline.   

                                                 
17. Data are log-transformed to correct for the non-normal distribution of the mental health 

measure.  
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Coefficient estimates on state indicators >� estimate state effects. State effects 

capture state policies, state social programs including Medicaid, geographical differences, 

and state social norms among other state specific factors. 

Current mental health in model (36) adjusts for non-clinical factors which persist 

at period t and t+1 and have a consistent effect on current and future levels of mental 

health regardless of service receipt (Stahmer, Leslie, Hurlburt, Barth, Webb, Landsverk, 

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 to take into 

account random variability in baseline mental health and therefore creates a biased 

correlation between baseline mental health and the error term. Second, unobservable 

factors still may bias estimates if they have a differential effect on current 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 treatment. 

However, children are non-randomly assigned to outpatient services so their 

unobservable characteristics are likely non-normally distributed across groups. In the 

absence of random assignment, there may be some unobservable characteristics of the 

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 always similar across 
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states. Most children come into contact with CPS as the result of a report of suspected 

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), and social services 

staff (10 percent) (Child Welfare Information Gateway 2008). More than half of all 

reports were made by people who came into contact with the child as a consequence of 

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 neglect (Child 

Welfare Information Gateway 2008). 

Once a report is filed, CPS workers screen reports in order to determine whether 

the reported abuse or neglect qualifies as maltreatment according to the state’s legal 

definition. States define types of abuse or neglect differently. For instance, according to 

Child Welfare Information Gateway (2008), most states generally define neglect as a 

caregiver’s failure to provide food, clothing, shelter, medical care, or supervision. But, 24 

states and the District of Columbia also include a caregiver’s failure to educate 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 neglect falls 

within the state legal definition of maltreatment. In 2006, an estimated 3.3 million reports 

of child abuse and neglect were received by state child welfare agencies. Of these, 

approximately 62 percent received a follow-up investigation (U.S. Department of Health 

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 the cases that 

were investigated ultimately were substantiated. 
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Children may receive mental health services regardless of whether the reported 

abuse or neglect is substantiated or at any time during the child’s contact with the child 

welfare system. In some cases, CPS workers might refer the child to receive mental 

health services while in other cases, mental health services might be court ordered. Much 

of this variation in mental health service provision can be traced to preferences of the 

CPS worker and policies of the CPS agency. As a result, children who receive mental 

health services and children who do not are likely to differ in observable and 

unobservable factors, including history of maltreatment, parental cooperation with CPS, 

or their socioeconomic factors (Shlonsky 2007).  

I cannot simultaneously observe a child both receiving services and not receiving 

services, or randomly assign children to services. I must rely on statistical methods to 

adjust for selection bias in who receives services. 

I model whether a child receives outpatient services as a propensity 
�P that 

depends on observable characteristics of the child and her environment, wi: 

                                                             
�P � ��w 4 ��     �37	 
where α is a vector of parameters and ei is a random error. If any of the determinants of a 

child’s receipt of mental health services wi also affect her production of mental health but 

are not included in the frontier model, then the treatment indicator variable in the frontier 

model is correlated with the error term U� (in the frontier model). Estimators of β are 

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 the selection model 
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is incorrectly specified. Omitted variable bias will occur when variables that affect 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 bias.18 They examine whether 

technical efficiency varies across organic and conventional dairy farms. Mayen et al. 

(2010) use PSM to address the farmers’ selection into organic or conventional farming. I 

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 health of children 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 between the matched 

children’s mental health is the measured effect of the treatment. 

The effect of mental health services on the mental health of children is defined as 

y�N8 a N�|x � 1	 � y�N8|�, x � 1	 a y�N�|�, x � 1	 where Y0 is the mental health of a 

child who does not receive mental health services (T=0), Y1 is the mental health of a child 

who does receive mental health services (T=1), and Z is a vector of conditioning 

variables consisting of any x variables from the frontier model and any w variables from 

the propensity model. y�N8 a N�|�, x � 1	 is referred to as the average treatment effect 

on the treated (ATT). 

                                                 
18. Greene (2010) provides a method to correct for sample selection with the stochastic frontier 

model that builds on Heckman’s (1976; 1979) sample selection model. Heckman’s sample selection model 
is an alternative method to correct for sample selection but is not pursued in this paper. It is an area for 
future work. 
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We do not observe y�N�|�, x � 1	 but we do observe the mental health of 

children who do not receive the services, y�N�|�, x � 0	. It is possible therefore to 

calculate: 

                                            y�N8|�, x � 1	 a y�N�|�, x � 0	 � o.     �38	 
  The difference between δ and ATT can be calculated as: 

 

       o � y�N8|�, x � 1	 a y�N�|�, x � 1	 4 y�N�|�, x � 1	 a y�N�|�, x � 0	     (39) 

o � Cxx 4 y�N�|�, x � 1	 a y�N�|�, x � 0	 

o � Cxx 4 � 

where Ω measures selection bias. 

Predicted ATE (Cxy�	 estimates the difference in outcome for between the treated 

and untreated groups: 

                                            Cxy� � y�N|x � 1	 a y�N|x � 0	.     �40	 
Following Mayen et al. (2010), I first estimate a probability model for the receipt 

of mental health services. The estimates measure the probability or propensity score of 

receiving mental health services for each child.  Second, each child who received mental 

health services is matched to a child who did not receive mental health services with a 

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 status after 

controlling for observable covariates. Intuitively, the treatment assignment is similar 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. Overlap ensures that 

the regression does not completely extrapolate from the behavior of one group to predict 

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 of children who do 

not and will not receive services.  

Unobservable variables may affect the child’s receipt of mental health services.  

Such unobservable variables are not directly controlled for and so limit the results of the 

PSM approach. I assume that the distributions of unobservable factors are the same for all 

children, regardless of whether or not they receive mental health services. PSM is valid if 

unobservable factors that affect a child’s receipt of mental health services are 

independent of her level of mental health (see Imbens (2004)). I conduct formal tests of 

the endogeneity of the treatment dummy variable in the frontier model to provide some 

empirical evidence that the PSM approach is in fact eliminating selection bias. However, 

the extent that results are limited by unobservable variables is an empirical question 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 probability that a child 

i will receive mental health services over the sampling period. Propensity scores are 

estimated using the following probit specification: 

              n��D� � 1	 � ��w 4 ��     (41) 

where o is a binary outcome for whether the child received mental health services (o=1) 

or did not receive services (o=0). wi is a vector of child-specific characteristics, the 

availability of services, and institutional factors, α is a vector of parameters, and e is an 

error term. 

I use caliper matching without replacement as my matching algorithm. Each child 

who receives services is matched with children who have a propensity score within a 

specified range but did not receive services. Robustness checks are presented for various 

matching methods (see appendix C). A subsample is created of only children who were 

matched (Dehejia and Wahba 2002). 

Data 

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

the District of Columbia surveyed in the NSCAW.19 NSCAW is the first national 

                                                 
19.  Four states were excluded from the NSCAW study because they have a state law that requires 

that the caregiver of any child selected for the study be first contacted by the CPS agency staff rather than 
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probability sample of this population.20 The 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 replacement from a 

two-stage stratified sample. At the first stage, there are nine strata. The first eight are the 

states with the largest number of CPS caseloads. The ninth stratum consists of the 

remaining states. Primary sampling units (PSUs) were formed and selected within these 

strata. In most cases, PSUs correspond to a county or a group of adjacent counties. In 

more densely populated places, a PSU may be a single CPS agency.21 

Children in the CPS and LTFC samples have distinctly different histories with the 

child welfare system. Children in the long-term foster care sample had been in long-term 

care for at least one year prior to baseline interviews. In contrast, the sampling frame for 

the CPS sample includes all children who come into contact with their state child welfare 

system. Some of these children never received services and most were never removed 

from their guardians. My sample includes children from both the CPS and LTFC samples 

to include a broader range of children with different histories with the child welfare 

system. 

NSCAW is a panel. I use data collected at three points in time for each child: 

between November 1999 and April 2001 (baseline); 18 months after baseline interviews 
                                                                                                                                                 
by NSCAW personnel.  The target population subsequently is “all children in the U.S. who are subjects of 
child abuse or neglect investigations (or assessments) conducted by CPS and who live in states not 
requiring agency first contact,” (National Data Archive on Child Abuse and Neglect 2008, 2-13). 

20. I use sample probability weights in my model estimation to appropriately account for the 
survey structure and estimate standard errors. 

21. For this analysis, estimation cannot simultaneously control for a child’s state of residence and 
CPS agency. The small sample size limits child-level analysis using CPS agency indicators. 
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(wave 2); and 36 months later (wave 3).22 NSCAW data therefore allows for a child-level 

longitudinal analysis of children who received services between the investigation and 

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 system, or 

they may come back into contact with the system after leaving it. Likewise, children may 

receive mental health services at any point in time over the sampling period or never 

receive services. 

At each wave, current caregivers were asked about the child’s mental health 

service receipt using the Child and Adolescent Services Assessment (CASA), the Child 

Health Questionnaire from National Evaluation of Family Support Programs, Brief 

Global Health Inventory, and NSCAW developed questions on services (Ascher, Farmer, 

Burns, and Angold 1996).23 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 is no specific 

reason cited in the NSCAW data manual to explain why particular age cut-offs were 

imposed. To ensure a consistent group of mental health services is developmentally 

appropriate for all children in my study, I restrict the sample to the 2,482 children 6 years 

old or older at the time of the initial interview and 18 years old or younger at wave 3.24 

                                                 
22. NSCAW data include five waves data for the CPS sample but only four waves for the LTFC 

sample. To construct the largest sample size, only data collected at baseline, wave 2, and wave 3 were used 
for this analysis. Of the 1075 children in the analysis sample, 167 children are in the LTFC sample. 

23. Provider assessment of youths’ mental health problems and provider knowledge of available 
services have been shown to be more significant determinants of service provision compared to youths’ 
self-reported mental health (see Stiffman, Hadley-Ives, Dore, Polgar, Horvath, Striley, and Elze (2000)). 

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

Functioning: Mental Health 

I 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 measure of 

emotional and behavioral problems in children and their need for mental health treatment 

(Achenbach 1991).25 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 

questions. I consider a child’s aggregate score.   

Following Achenbach (1991), a child with an aggregate CBCL score of 64 or 

above is identified as clinical. I restrict the sample to the 1,075 children who are clinical 

at baseline since mental health problems are most prevalent among these children at 

baseline, when they come into contact with the child welfare system. 

Table 3 shows descriptive statistics of the CBCL scores for the sample at the start 

and end of the sampling period. Descriptive statistics reported here are representative of 

the total sample of children age 6 or older at baseline and age 18 or younger at wave 3.26  

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

                                                 
25. In this paper, I examine the standardized CBCL scores, not the raw CBCL scores of children. 

Raw CBCL scores are standardized using T scores. Z-scores were calculated using population mean 60.1 
and standard deviation 12.7 (National Data Archive on Child Abuse and Neglect 2008, 5-33). Henceforth, 
reference to CBCL scores implies standardized CBCL scores. 

26. I do not correct for the complex survey design in sample statistics (National Data Archive on 
Child Abuse and Neglect 2008). Instead, I discuss the sample 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 *** 12.558 23 94 

CBCL score at wave 3 57.510  12.777 23 94 

    

Children who were clinical at baseline     

CBCL score at baseline 71.681 ***   5.758 68 94 

CBCL score at wave 3 64.214  10.796 24 94 

 
Note: The total sample includes 2,482 children of which 1,075 children were clinical at baseline. Standard 
deviation (SD), minimum (Min), and maximum (Max) are reported. Statistical significance is reported for 
differences in the means of CBCL scores across waves for each 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 clinical at baseline compared 

to the decline in CBCL scores for the entire sample. 

Resources: Outpatient Services 

I consider outpatient services to be the resources which a child converts in order 

to achieve a level of mental health functioning. Outpatient services are services that 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. These services aim 

to help children with emotional, behavioral, learning, attentional, or substance abuse 

problems. At each wave, current caregivers are asked about the child’s outpatient service 

receipt using the CASA, the Child Health Questionnaire from National Evaluation of 
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Family Support Programs, Brief Global Health Inventory, and NSCAW developed 

questions on services (Ascher et al. 1996).  

I construct a binary indicator for whether or not a child received outpatient 

services any time during the sampling period. For this analysis, I exclude children who 

ever received outpatient services before the sampling period27. The final group of 

children who received outpatient services during the sampling period includes 1061 

children. The time frame restrictions on when a child received outpatient services 

attempts to capture only children who received outpatient services during the 

observational period in order to isolate the effect of services over the observational 

period. Also, treatment at any time during the sampling period might affect a child’s 

mental health frontier at wave 3. This analysis attempts to capture whether or not 

outpatient services actually have the intended lasting effects on the mental health of 

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 months later), at 

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 different, the number 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 at wave 2 (170  

                                                 
27. This restriction does not exclude any children from the sampling who were not already 

excluded due to partial missing data or age restrictions. 
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Table 4. Statistics for the Use of Outpatient Services Over the Sampling Period Among 
Children Ages 6 to 18 years old at Initial Contact: Analysis Sample 

 Total sample 
Children who were 
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 12.535 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 (see table 5).  Of all 

children who received outpatient services, 46 percent of the children received services at 

baseline. This is smaller than the 60 percent of children who received services at wave 2 

and the 64 percent of children who received services at wave 3. A greater percent of 
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children received outpatient services at any given wave if they were clinical compared 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 over the sampling period. 

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 prevalent among both groups 

over the sampling period (see table 5). The total CBCL score for children who were 

clinical at baseline and received outpatient services at some point over the sampling  

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

 Mean SD Min Max  
     

Received outpatient services     

CBCL score at baseline 72.624   6.009 64 94 *** 

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 *** 

CBCL score at wave 3 60.617 10.407 24 85  

 
Note: Of the 1,075 children who were clinical at baseline, 660 received outpatient services and 415 
children did not receive services. Standard deviation (SD), 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 children who 

did not receive services. The CBCL score for children who received services declines 

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 children by receipt of 

outpatient services at the start and end of the sampling period. A majority of the children 

who received services at some point during the sampling period were clinical at baseline 

(55 percent) and wave 3 (52 percent). A smaller percent of children who never received 

outpatient services during the sampling period were clinical at baseline (27 percent) or 

wave 3 (17 percent). 

At baseline, 41 percent of children in the sample had a CBCL score in the clinical  

Density 

  
      Baseline        Wave 3 

── Total sample    ----- Received services    ---- Never received services 

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 percent of children 

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 score in the clinical range 

at wave 3, at 35 percent. Even still, a greater percent of children who received outpatient 

services were clinical at wave 3 compared to children who did not receive services at 54 

percent and 21 percent.  

The striking differences in CBCL scores over the sampling period for children 

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, the variability in the 

decline of these scores for each group further suggests that the relationship between 

outpatient services and the child’s CBCL score maybe more complex than generally 

understood. 

Conversion Factors 

For conversion factors, I control for characteristics of the child such as age, sex, 

race, or history of abuse that may influence their use of outpatient services. I also control 

for the child’s history with the child welfare system by controlling for whether or 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 factors include the 

availability of outpatient services and the institutional structure. To get at service 

availability, I control for the child’s type of health insurance coverage and the number of 

local community health centers. Institutional factors include the child’s state of residence 
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and who initially reported the child abuse or neglect to the CPS agency. Table 6 presents 

descriptive statistics for the sample of children. 

Table 6. Sample Characteristics for Children Age 6 to 18 Years Old at Initial Contact: 
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 

1.688 4.000 1.702 4.176 0 37 

Who contacted CPS?       

   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 which 1,075 children were clinical at baseline. Standard 
deviation (SD), minimum (Min), and maximum (Max) are reported. Out of home (OOH) care. Child 
protective services (CPS). 
 
*p < .05 **p < .01 ***p < .001 

Conversion Factors: Characteristics  
of the Child 

I control for child-specific conversion factors such as age, race, sex, and history 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 and Besinger 1997; 

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 children are less likely, 

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 percent).28  

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

A child’s history with the child welfare system may influence her ability to utilize 

mental health services. For instance, caregivers of children with a prior history with the 

child welfare system may better understand how to navigate the system to acquire mental 

health services. Also, if a caseworker has worked previously with a child, the caseworker 

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. (2005) find that children 

placed in OOH care are two to three times more likely to receive outpatient services 

compared to children who remain at home. Findings in the literature are inconsistent as to 

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).   

I consider four OOH living arrangements: kinship care, family foster care, group 

home, or residential treatment facility. Kinship caregivers include relatives of 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 one type 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).  

I 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 Landsverk 

(2000) find that multiple placement changes significantly increases a child’s risk 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 multiple placements 

simply capture the high propensity for foster parents to ask for the child to be moved is 

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 three 

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 at baseline at 

64 children (2 percent). Yet these children may have had a history with child welfare 

systems which could influence their utilization of outpatient services. 
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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 declined.29 I am, however, able to 

control for ability to pay by observing the child’s health insurance status and the possible 

availability of outpatient services by observing the number of local community health 

centers. The availability of outpatient services may alter a child’s ability to convert these 

services into a level of mental health functioning. 

A large percent of sampled children may face financial barriers to access 

outpatient services. Approximately 10 percent of children in the sample were uninsured 

at baseline.  Seventy-two percent of the children in the sample were covered by Medicaid 

or some other state-funded health insurance, and 19 percent were covered by private 

health insurance30.  

Many CPS agencies work with local community health centers and other service 

providers to offer a wide array of mental health services (Kolko, Herschell, Costello, 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 the availability of 

services for children and families who come into contact with their state child welfare 

system. At baseline, children had an average of two community health centers in their 

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

                                                 
29. Studies consistently document that many children who are in need of mental health services do 

not receive them (Hurlburt et al. 2004; see also Burns et al. 2004; Leslie et al. 2000; Leslie et al. 2005; 
Stahmer et al. 2005).  

 
30. Caregivers were only able to denote one form of health insurance coverage for each child.  
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health centers. Some caregivers reported no local community health center nearby while 

others reported more than 20 facilities nearby. 

Conversion Factor: Institutional Structure 

In order to control for variation in state child welfare programs, I include state 

dummy variables. State effects may capture how the abilities of children to convert 

resources into mental health functionings are limited across states. NSCAW data allow 

me to control for the eight states in which the largest number of CPS caseloads were 

filed. (The remaining 38 states comprise a separate sampling unit.) NSCAW data is the 

first national data set that allows for such state-level analysis. 

In the PSM model, I also control for reports of child abuse or neglect that were 

filed by teachers or other school staff and doctors with CPS agencies. These individuals 

are mandated reporters but their report also proxies as a measure of the severity of abuse 

or neglect. Doctors who filed a report for possible abuse or neglect likely observed 

substantial evidence of abuse or neglect given the possible avenues by which they 

interacted with children. This is also true for teachers and other school staff who spend 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. Approximately 20 percent 

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

Results and Discussion 

I use propensity score matching (PSM) to identify a subsample of children who 

differ only in whether or not they received outpatient services. I then run the stochastic 

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 

I begin by evaluating whether there is reason to be concerned with selection into 

outpatient services.  Before correcting for selection into services, there are differences in 

the means for continuous variables and the proportions for binary variables of children 

who received outpatient services and children who did not (see table 7).  First, children 

who received outpatient services had higher CBCL scores at baseline, were less likely to 

be Black, more likely to be male, and more likely to have been physically abused. These 

children had been in a greater number of OOH arrangements prior to baseline interviews, 

and were more likely to be adopted or to currently reside in foster care, a group home, or 

residential care. Children who received outpatient services also lived near fewer 

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 creates a matched 

sample in which the mean covariates do not differ for children who received outpatient 

services from those who did not. 

I conduct a Durbin-Wu-Hausman (DWH) test of the endogeneity of the treatment 

dummy variable (i.e. the indicator variable that a child received outpatient services at 

least once during the sampling period). The DWH procedure is to test for endogenous 

regressors. First, I estimate a probit model (41) for whether or not a child will receive 

outpatient services using the entire sample. I then estimate the stochastic frontier model 

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

 
Total sample 

PSM sample 

 
Selection model 
without states 

Selection model 
with states 

Received outpatient 
services? 

Yes No  Yes No  Yes No 
 

         

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

Age (ln) 2.299 2.274  2.268 2.283 2.267 2.267  

Age-squared (ln) 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 *** .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 *** .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 (ln) .898 .466 *** .574 .628 .596 .629  

Health insurance  
  

 
     

Medicaid .814 .694 *** .749 .715 .734 .751  

Private insurer .130 .186 ** .173 .184 .171 .178  
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Table 7 continued. 
 

 
Total sample 

 PSM sample  

  
Selection model 
without states 

Selection model 
with states  

Received outpatient 
services? 

Yes No  Yes No  Yes No 
 

         
Number of local 

community health 
centers (ln) 

.598 .689 ** .658 .642 .645 .606 
 

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  

Illinois .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 (ln) at wave 3. The matching algorithm is caliper (.005) without 
replacement. Standard deviation (SD), minimum (Min), and maximum (Max) are reported. Child Behavior 
Checklist (CBCL). Out of home (OOH) care. Child protective services (CPS). 
 
*p < .05 **p < .01 ***p < .001 
 

reject the null hypothesis that the treatment indicator is exogenous in the frontier model 

(χ2(1)=3.09, p=.079). I conclude it is necessary to correct for the endogeneity of a child’s 

receipt of outpatient services. 
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In order to examine state effects on a child’s propensity to receive outpatient 

services, I estimate the probit model (41) using two specifications: with state indicators 

and without state indicators. The motivation for including state-effects in the selection 

model is to capture differences in the delivery of outpatient services to children across 

states. This is justified given the extent of variation in mental health assessment of 

children when they enter the system and differences in state policies in which children 

receive services that have been documented in the literature, particularly in the reports of 

the CFSR. 

I first estimate the probit model (41) without state indicator variables. The model 

correctly predicts a child’s receipt of outpatient services for 71 percent of the sample. The 

probit model (41) without state indicators accurately predicts that a child receives 

outpatient services for 80 percent (0.80=529/660) of all children who actually received 

services (see table 8). The model is less successful at correctly predicting for 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 Using the PSM Model 
with State Effects 

  Actual receipt of services 

Estimated receipt 
of services 

 Without state effects With state effects 

Total Received 
Did not 
receive 

Received 
Did not 
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 receipt of outpatient services if the propensity score is greater 
than or equal to 0.5. The number of observations is reported. 
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cases. I conduct Pearson goodness-of-fit chi-square test to examine the overall fit of the 

model. The Pearson chi-square statistic of 574.97 (DF=552, p=.241) suggests a good 

overall fit of the model. 

When I include state effects, the probit model correctly predicts a child’s receipt 

of outpatient services for children who received services in 80 percent of the sampled 

cases (where 0.80=528/660). The probit model incorrectly predicts a child’s receipt of 

outpatient services for children who did not receive services for approximately 43 percent 

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 percent of the cases 

(where 0.20=132/660). The probit model with state effects correctly predicts that a child 

did not receive outpatient services for children who did not receive services at 64 percent 

(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 Pearson chi-square statistic 

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 percent of all cases  

while the model with state effects only correctly predicts 47 percent of all cases. This 

suggests that PSM created a subsample of observations that differ only in their receipt of 

outpatient services. Controlling for state effects helps to remove some of the observable 

differences in the children such that the probit model has more difficulty accurately 

predicting which children receive outpatient services.  

Marginal effects from the probit model (41) for the specifications excluding and 

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

 
Child A Child B Child C 

       

Baseline CBCL score 1.432 *** 1.312 *** 1.219 *** 

 (.234)  (.218)  (.209)  

Age (ln) 1.097  1.005  .934  

 (1.052)  (.963)  (.893)  

Age-squared (ln) -.255  -.233  -.217  

 (.234)  (.215)  (.199)  

Race        

     Black  -.215 ***  -.239 *** -.232 *** 

 (.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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Table 9. continued. 
 

 Child A Child B Child C 
       

     Kinship care .003  .002  .002  

 (.065)  (.059)  (.055)  

     Group home .368  ***  .495  *** .505  *** 

 (.066)  (.111)  (.124)  

     Residential care .281  ***  .335  *** .331  *** 

 (.074)  (.111)  (.117)  

      Other .122  .124  .118  

 (.175)  (.197)  (.192)  

Number of OOH placements (ln) .206  ***  .188  *** .175  *** 

 (.038)  (.031)  (.029)  

Health insurance       

Medicaid .146  ** .119  ** .108  ** 

 (.062)  (.048)  (.042)  

Private insurer .106  .106  .100  

 (.066)  (.071)  (.069)  

Number of local community health 
centers (ln) 

-.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)  

Illinois .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 Checklist (CBCL). Out of home (OOH) care. Child 
protective services (CPS). 
 
Marginal effects were calculated for three children: A, B, and C. All three children are 10 year old Black 
males with a baseline CBCL score of 74, and live in the ninth strata (one of the other 38 states) near two 
community health centers. The children have Medicaid health insurance. Their initial report of abuse or 
neglect was filed by a teacher. The three children differ in their current and previous interaction with the 
system. Child A was physically abused and placed in foster care at baseline. This was his first OOH 
placement. Child B was also physically abused but was not removed from his home. He has never been in 
OOH care. Finally, child C did not suffer any abuse, lives 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 system. All three 

children have a baseline total CBCL score of 72 and are 10 years old (the sample means). 

I further condition that the children are Black males who live in the ninth strata (one of 
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the other 38 states), near one community health center, and have health insurance through 

Medicaid. The initial report of abuse or neglect was filed by a teacher. The three children 

differ in their current and previous interaction with the system. The first child (A) was 

physically abused but placed in foster care at baseline; this was his first OOH placement. 

The second child (B) was physically abused, lives at home, and has never been placed in 

OOH care. The third child (C) did not suffer any abuse (physical, sexual, or emotional) 

and lives at home. He has never been in OOH care. 

For all three children, the child’s baseline level of mental health, whether the child 

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 number of 

local community health centers nearby, and whether a doctor contacted CPS were strong 

predictors of whether a child received outpatient services.  

Black children are 21 to 24 percent less likely to have received outpatient services 

with children in OOH care being more likely to receive services. These results support 

other findings in the literature that Black children disproportionately do not use mental 

health services. It is not clear from these results if child welfare systems 

disproportionately distribute services to children by race, although other work has 

suggested this (Garland, Landsverk, and Lau 2003).  

A child’s history of sexual abuse was also a significant predictor of whether the 

child would receive outpatient services at a 7 to 8 percent probability. This was consistent 

across children, suggesting that a child’s recent placement in foster care does not 

significantly alter the probability that the child will receive outpatient services.  
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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 18 percent 

more likely to receive outpatient services compared to child (A) in foster care.  

Children in group homes and residential care facilities were more likely to receive 

outpatient services across all three children. This is unsurprising since these facilities 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 receive services 

compared to children living at home (children B and C). The difference in probabilities 

across children A, B, and C provide additional evidence that children in OOH care are 

more likely to receive outpatient services.  

 I use the probit estimates for the model with state indicators to generate a 

propensity score for each child. Then, I create a subsample of children who did not 

receive outpatient services that I match to children who did receive services by selecting 

for each child with treatment the child without treatment with a propensity score within 

.005 to that of the treated child without replacement.31  Propensity 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 propensity scores 

for each selection model and treatment group before and after matching. As expected,  

                                                 
31. See appendix C for a discussion of matching algorithms and the robustness of results across 

matching techniques. 
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Selection model with states 

 

 
                      Before matching        After matching 
 

Selection model without states 

 

 
                        Before matching                 After matching 
 

------- Received services ─── Did not receive services 

 
Figure 6. Distribution of Propensity Scores Before and After Matching by Selection 
Model 

children who received outpatient services have a higher predicted propensity to receive 

services. Before matching, the propensity score distribution for children who received 

services is skewed left and the propensity score distribution for children who did not 

receive services is skewed right. After matching, the distribution for the matched 

subsample more closely resembles that for children who received services. 

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

fail to reject the null hypothesis that the distribution of propensity scores for the treated 
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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 and after the 

children are matched. Before matching, the mean of the covariates differ between the 

children who received outpatient services and the children who did not receive services. 

After matching, however, the means of the covariates are equal (p>.10) across groups, 

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 outpatient 

services) for the selection model with state indicators. By construction, the matched 

groups of children who did and did not receive outpatient services more closely resemble 

each other in their propensity to receive outpatient services. I again conduct a DWH test 

for endogeneity of the treatment dummy variable when the stochastic frontier model (36) 

is estimated over the PSM subsample. Now I cannot reject the null hypothesis that the 

treatment indicator variable is exogenous (χ
2(1)=0.53, p=.469). This suggests that the 

PSM approach successfully generated a subsample of children for which receipt of 

outpatient services seems to be randomly assigned. 

Stochastic Frontier Analysis 

I estimate the stochastic frontier model (36) on the PSM subsample of 575 

children in order to estimate a child’s mental health capability frontier.  The stochastic 

frontier model describes how a child converts outpatient services into a mental health 
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outcome in the future (at wave 3), controlling for the child’s conversion factors including 

her baseline characteristics, history with the child welfare system, availability of services, 

and institutional factors. 

Effectiveness and Efficiency of Services 

Table 10 shows estimates for the stochastic frontier model (36) on the PSM 

subsample.32 I 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 CBCL scores, 

mental health problems are more prevalent for children who receive outpatient services 

compared to children who did not receive services.  

At first glance, this result might seem to suggest that outpatient services are not 

effective at reducing the future prevalence of mental health problems for children. 

However, this result might signal that mental health problems really are a nested 

problem. For instance, in the capability framework, it is possible outpatient services 

actually exacerbate a child’s mental health problems. A child who is continually told that 

she has mental health problems and should be treated differently may develop further 

psychological problems as a result of dealing with the social stigma and isolation due to 

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

may develop adaptive expectations wherein she believes it is acceptable behavior for her 

to exhibit problematic behaviors because others expect her to behave this way. Adaptive  

                                                 
32. I estimated an ordinary least squares (OLS) regression  as a variant of the stochastic frontier 

model  on the PSM sample in order to demonstrate empirical differences from using SFA instead of OLS 
(see appendix D). 
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Table 10. Covariate Estimates for the Stochastic Frontier: Children Ages 6 to 18 and 
Clinical at Initial Contact.  

 PSM sample Total sample 

 Without states With states Without states With states 
         

Received outpatient services  .097 *** .094 *** .096 *** .098 *** 
 (.020)  (.020)  (.020)  (.020)  

CBCL score at baseline (ln) 1.013 *** .965 *** .822 *** .768 *** 
 (.164)  (.153)  (.121)  (.117)  

Age (ln) 1.181 **  1.118 * .009  -.024  

 (.648)  (.637)  (.513)  (.509)  

Age-squared (ln) -.261 **  -.247 * -.001  .005  

 (.147)  (.144)  (.115)  (.114)  

Race          

     Black  .011  .013  .025  .021  

 (.028)  (.028)  (.018)  (.018)  

     Other  -.017  -.023  -.050 **  -.045   * 

 (.031)  (.031)  (.025)  (.023)  

Female  .021  .026  -.009  -.005  

 (.024)  (.023)  (.017)  (.017)  

Type of abuse          

     Physical -.043 * -.045 * -.034 *  -.033   * 

 (.024)  (.023)  (.019)  (.018)  

     Sexual .005  .005  .019  .019  

 (.025)  (.024)  (.017)  (.018)  

     Emotional -.028  -.034  .002  -.005  

 (.032)  (.031)  (.034)  (.032)  

Child is adopted  .085  .082  -.049  -.060  

 (.058)  (.062)  (.065)  (.061)  

Table 10 continued. 



 
 

   109 

 
 

 

 PSM sample Total sample 

 Without states With states Without states With states 
       

Type of OOH placement          

     Foster care -.111  -.111  -.018  -.019  

 (.094)  (.092)  (.040)  (.040)  

     Kinship care -.100  -.108 * -.124 *** -.118 *** 

 (.063)  (.061)  (.039)  (.040)  

     Group home .066  .098  -.048  -.050  

 (.135)  (.139)  (.059)  (.049)  

     Residential care -.152  -.142  .017  .028  

 (.135)  (.145)  (.048)  (.049)  

     Other -.147 *** -.150 *** -.039  -.043  

 (.048)  (.054)  (.041)  (.043)  

Number of OOH placements 
(ln) 

-.019  -.022  .004  -.002  

 (.028)  (.027)  (.018)  (.019)  

Health insurance          

Medicaid -.035  -.031  -.016  -.030  

 (.030)  (.032)  (.030)  (.032)  

Private insurer -.090 ** -.097 ** -.018  -.040  

 (.036)  (.038)  (.032)  (.034)  

Number of local community 
health centers (ln) 

-.004  -.022  -.017  -.025  

 (.019)  (.020)  (.015)  (.016)  

State          

   California   .026    -.012  

   (.040)    (.032)  

 
Table 10 continued. 
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 PSM sample Total sample 

 Without states With states Without states With states 
         

   Florida   .031    .022  

   (.038)    (.028)  

   Illinois   .014    .052  

   (.080)    (.051)  

   Michigan   .065 **   .012  

   (.033)    (.029)  

   New York   .003    -.130 ** 

   (.049)    (.055)  

   Ohio   .182 **   .115 *** 

   (.048)    (.041)  

   Pennsylvania   -.012    -.026  

   (.048)    (.027)  

   Texas   .045    -.034  

   (.044)    (.033)  

Constant -1.485  -1.221  .603  .901  

Variance of v .157  .154  .153  .150  

Variance of u .0001  .0001  .0001  .0001  

λ .001  .001  .001  .001  

Wald χ2 160.23 *** 179.34 *** 164.96 *** 207.14 *** 

Log pseudolikelihood 110,925 116,638 234,758 244,573 

N 546  546  1029  1029 

 
Note: Standard errors in parenthesis. Child Behavior Checklist (CBCL). Out of home (OOH) care. Child 
protective services (CPS). 
 
Predicting a child’s CBCL score at wave 3 (ln). 
 
*p < .05 **p < .01 ***p < .001 
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expectations may work in a similar way for caregivers and caseworkers. Caregivers and 

caseworkers may perceive the child’s behavior as more problematic given their repeated 

exposure to the child and developed expectation that the child will continue to exhibit 

problematic behaviors. Since caregiver responses are provided for the CBCL scores of 

children, the higher CBCL score at wave 3 may at least somewhat capture the adaptive 

expectations of caregivers, in addition to those of the child.  

To compare the actual mental health of children by receipt of service, I estimate 

the average efficiency of mental health outcomes for children by their receipt of 

outpatient services (see table 11).  This analysis examines the child’s level of functioning 

given her resources and conversion factors, and relative to her capability. Again, the PSM 

technique produced a subsample of children who differ only in their receipt of outpatient 

services. My results suggest that children are efficient on average regardless of whether 

or not they receive outpatient services. I conduct a Kruskall-Wallis test of equality of 

populations test to determine if the average efficiency of mental health outcomes for 

children who receive outpatient services is statistically different from those mental health 

outcomes of children who did not receive services. I conclude that the average 

efficiencies of mental health outcomes of children by receipt of outpatient services are 

different (for the frontier model without state indicators χ
2(1)=4.824; p=0.028) (for the 

stochastic frontier model with state indicators χ
2(1)=5.768; p=0.016). Children who 

receive services have mental health outcomes that are approximately 0.01 percent more 

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

 Received services 
Did not receive 

services 
Difference 
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 2.31e-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 magnitude of the 

difference in the means is quite small at 0.01 percent.  

These findings suggest that outpatient services are enhance efficiency conversion. 

On average, children who receive outpatient services exhibit mental health behaviors that 

are indicative of their actual mental health. Controlling for the child’s state of residence 

marginally improves average technical efficiency estimates for groups of children by 

receipt of service. 

I also estimate average technical efficiencies for children who did and did not 

receive outpatient services using the estimated stochastic frontiers on the total sample 

(i.e. the sample without propensity score matching) in order to demonstrate the empirical 

difference if I had failed to control for selection into outpatient services (table 11). The 
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estimated average technical efficiency for children who receive outpatient services in the 

total sample is less than the average technical efficiency for children who received 

services using the PSM subsample. Failing to control for the nonrandom distribution of 

services results in a larger estimated average technical efficiency for children who did not 

receive outpatient services. The difference in the average technical efficiency for each 

group is smaller for the total sample compared to the PSM subsample. Moreover, average 

technical efficiency does not differ significantly for children in the total sample if the 

model excludes state indicators (χ
2(1)=.191; p=.662). However, controlling for state 

indicators results in a significantly different average efficiency for the children by receipt 

of outpatient services (χ2(1)=4.439; p=.035). Thus, failing to account for the selection 

bias in the delivery of outpatient services and state effects results in different estimated 

average technical efficiencies. 

State Effects and the Mental Health of Children 

State effects capture differences in conversion factors across states. Recall that 

conversion factors influence the child’s ability to utilize resources and achieve some level 

of well-being. Thus, state effects represent state-specific conversion factors that influence 

a child’s ability to utilize mental health services. For instance, state conversion factors 

may vary as a result of differences in state child welfare policies or social norms. Child 

welfare policies are decentralized to state governments so state conversion factors 

attempt to capture the variation in child welfare policies across states, among other state-

specific factors.  
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Two of the state effects are statistically significant in the frontier model (36): 

Michigan and Ohio. In both states, the estimated CBCL score at wave 3 is higher than the 

CBCL scores in the remaining 38 states (i.e. the ninth strata). Children in Michigan have 

CBCL scores that are 7 percent higher and children in Ohio have CBCL scores that are 

18 percent higher. These results capture differences in the mental health outcomes of 

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 deliver services and 

the ability of service providers to meet the mental health needs of children who come into 

contact with state child welfare agencies. Recall, state effects were not strong predictors 

of whether a child would receive outpatient services (in the PSM model). Combined with 

the finding that state effects matter in the frontier model suggests that merely knowing 

that a state provides a particular service is insufficient information to determine the 

prevalence of mental health problems for a child in the future. Thus, researchers should 

investigate how services are delivered to children within states, either from CPS 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 literature, in contrast, 

merely describes whether or not a state provides services. The CFSR reports document 

differences in mental health assessment and provision of services (McCarthy et al. 2007). 

However, most children in OOH placement or adoptive care receive services through 

their state Medicaid system since these children are eligible for Medicaid coverage. As a 

result, the issues that plague the Medicaid system, such as a shortage of physicians and 
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specialized practitioners to provide care for Medicaid patients, directly impact these 

children. Moreover, Medicaid programs are state operated similar to the child welfare 

system such that federal monies heavily subsidize state programs but states have the 

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 controlling for state 

effects, only the child’s placement in kinship care at baseline is a strong predictor of the 

child’s future CBCL scores. Mental health problems are less prevalent for children 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 (Wald χ
2= 179.34, p<.001) 

and alters the set of significant predictors.  

Controlling for state effects, a child’s age, placement in residential care, and the 

number of local community health centers are strong predictors of a child’s CBCL 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 findings in the 

literature that older children have relatively poor mental health, and that there are 

diminishing marginal effects to age. Children in residential treatment facilities 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 more community health 

centers are estimated to have lower CBCL scores at wave 3. A one percent increase in the 

number of local community health centers at initial contact is associated with children 

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 for the robustness of 

the PSM application for this data sample and for its use in the context of child welfare 

and the effect of outpatient services. 

While the final estimates were estimated over the subsample of children who were 

clinical at baseline, I also estimated the PSM model (41) over three other subsamples of 

the data.  First, I estimated the PSM model (41) over the entire sample of children age 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. I then estimated the PSM model (41) over the sample of 

children who had a CBCL score in the middle 50th percentile of the distribution (a CBCL 

score between 51 and 69) at baseline. The children still differ substantially on the 

covariates and the PSM subsample failed to balance. My final extension on the sample 

examined children with a CBCL score in the upper 50th percentile (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 arbitrary as using 

the clinical range (64 or above). I ultimately use the measure consistent with the 

literature, the clinical range. Still, these extensions demonstrate the need to condition on 
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the child’s initial level of mental health to appropriately implement the PSM approach. It 

seems likely that children are sorted into outpatient services based on the prevalence of 

mental health problems that they exhibited at initial contact with their state child welfare 

system. 

I also considered alternative outcome measures for a child’s mental health to test 

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 problems. The 

two most widely used composite measures of the CBCL measure a child’s internalizing 

behavior (internalizing CBCL) and her externalizing behavior (externalizing CBCL). I 

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 determine if covariates 

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 across models. A 

child’s race, history of abuse, and OOH placement are significant predictors in the 

original model using the aggregate CBCL score which are still significant in the 

alternative specifications.  For the model using a child’s internalizing score as the 

outcome of interest, whether a doctor filed the initial report and the child’s state of 

residence (for two of the eight indicators) are significant predictors of whether a child 

received outpatient services. Using a child’s externalizing score as the outcome of 

interest, a child’s medical insurance coverage (Medicaid) and gender are also significant 

predictors in addition to the original set of predictors. A child’s history of abuse does not 
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significantly predict a child’s propensity to receive outpatient services when her 

externalizing score is the outcome of interest. The extension of the PSM model (41) to 

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, I extended the stochastic frontier 

model to include interaction terms between a child’s state of residence and her receipt of 

outpatient services (see table 12). In addition to the state effects for Ohio and Michigan, 

California also has a statistically significant conversion factor. I find that children in 

Michigan who received outpatient services are correlated with higher CBCL scores 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 correlated with lower 

CBCL scores than children who did not. The extension of the stochastic frontier model to 

include interactions provides further evidence that state conversion factors contribute to 

the effect of outpatient services on the capability and functioning of children. It is not 

clear from this analysis why conversion factors are significant only for these three states. 

Moreover, because of the generalized collection of child welfare policies and procedures 

reported in the CFSR reports, no additional insights can be gained for understanding why 

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

Limitations 

The present study has several limitations. First, the estimates presented here 

calculate the marginal effect of the average child but this cannot inform us about the 

effect of treatment on children at the margin of treatment. The current study focuses on  



 
 

   119 

 
 

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

 PSM sample 
   

Received outpatient services .127 *** 

 (.026)  

CBCL score at baseline (ln) .954 *** 

 (.155)  

Age (ln) .990  

 (.605)  

Age-squared (ln) -.219  

 (.138)  

Race   

Black -.0004  

 (.029)  

Other -.021  

 (.027)  

Female .019  

 (.024)  

Type of abuse   

Physical -.049 ** 

 (.022)  

Sexual -.009  

 (.026)  

Emotional -.032  

 (.032)  

Child is adopted .012  

 (.068)  

 
 



 
 

   120 

 
 

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 *** 

 (.063)  

Number of OOH placements (ln) -.017  

 (.026)  

Health insurance   

Medicaid -.041  

 (.034)  

Private insurer -.109 *** 

 (.040)  

Number of local community health 
centers (ln) 

-.022  

 (.019)  

State   

California .034  

 (.049)  

Florida .048  

 (.069)  
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Table 12 continued. 

 PSM sample 
   

Illinois .011  

 (.133)  

Michigan .127 *** 

 (.037)  

New York .017  

 (.036)  

Ohio .245 *** 

 (.051)  

Pennsylvania -.009  

 (.060)  

Texas .111 * 

 (.067)  

Interactions   

California*Received services -.021  

 (.068)  

Florida*Received services -.034  

 (.081)  

Illinois*Received services .007  

 (.145)  

Michigan*Received services -.115 * 

 (.063)  

New York*Received services -.053  

 (.086)  

Ohio*Received services -.171 *** 

 (.051)  
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Table 12 continued 

 PSM sample 
   

Pennsylvania*Received services -.006  

 (.085)  

Texas*Received services -.144 * 

 (.085)  

Constant -1.027  

Variance of v .152  

Variance of u .0001  

λ .001  

Wald χ2 256.50 *** 

Log pseudolikelihood 119,901  

N 546  

 
Note: Standard errors in parenthesis. 
 
Predicting a child’s CBCL score at wave 3 (ln). 
 
*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 for mental health 

services. However, there is a large percent of children who have a CBCL score just below 

the clinical range. These children are ‘at the margin of treatment.’ It is unclear which of 

these children will receive services and how state CPS workers will distribute services 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, especially in response to 

changes in the child’s clinical severity. Children do not move linearly through the 
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continuum of mental health. Some children may regress, for instance if an episode of 

abuse or neglect occurs again. A more nuanced analysis would consider when the service 

was first provided to the child, changes in the child’s service use, the duration of service 

use, and the child’s mental health outcomes over multiple periods of time. Changes in the 

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 which children 

received outpatient services or the type of outpatient service she received. A child with 

relatively poor mental health may receive greater doses of outpatient services (Foster 

2003, 1190; Salzer, Bickman, Lambert 1999). The measured benefits of outpatient 

services on a child’s mental health requires some control for the intensity at which 

children receive these services. Controlling for the dosage of outpatient services received 

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 survey includes two 

questions that measure a child’s dose of outpatient services: how many days per week did 

the child receive outpatient services; and how many minutes was each session? (National 

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 fewer 

than one hundred observations and limit the analysis possible when state of residence is 

also controlled for. This paper argues that differences in state delivery systems of mental 

health services and child welfare systems are important factors in the effectiveness of 
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these services. As such, I do not control for the dosage of outpatient services received by 

sampled children so that I might proceed with state-level analysis. I acknowledge that the 

measured effects of services would be better estimated with more complete data on 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-adjusted life year 

(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 years of life 

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 measures, 

however, suffers from the same weakness as other quality measures based in the 

neoclassical framework: the measures do not capture distributional differences in how 

individuals utilize resources. Working within the capability framework, more detailed 

data will help to improve estimation of the effect of mental health services on the well-

being of children. 

Fourth, outpatient services include a wide array of different services and this may 

reduce the measured effect of individual services on a child’s mental health. NSCAW 

data aggregate outpatient services received at an outpatient drug or alcohol clinic, a 

mental health or community center, a private professional, or a non-psychiatric doctor. 

Services received at different outpatient facilities cannot be disaggregated to estimate 

particular effects with each facility. The ideal dataset would allow for a more nuanced 
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estimation of the effect of separate types of outpatient services on the mental health of a 

child. 

Finally, this study controls for state effects but these do not directly capture 

differences in state child welfare policies. Instead, state effects capture a broader range of 

differences between states including social norms, available resources, and policies not 

related to child welfare. It would be better to include indicator variables for specific 

policies that are implemented in states to directly measure differences in state child 

welfare policies and to measure the effect of these policies. For instance, indicators as to 

whether the child received a mental health assessment upon entering the child welfare 

system, an indicator for who administered the assessment (e.g. caseworker, mental health 

professional, etc.), the outcome of the assessment, and a control for the length of time 

between a mental health assessment was administered and the child received mental 

health services. 

Conclusion 

The objective of this dissertation was to explain the theoretical and empirical 

gains of operationalizing the capability framework in policy outcome evaluation. This 

application to child welfare policy provides researchers with a concrete example of how 

the capability framework might be operationalized using stochastic frontier analysis, and 

demonstrates that the effect of a policy goes beyond its impact on increasing the 

resources available to individuals. In the case of child welfare policy, the effect of 

providing mental health services to children who come into contact with their state child 
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welfare program is related to state conversion factors, or state-effects on the ability of 

children to utilize the mental health services. 

The results of this application to child welfare policy demonstrate that policies 

that aim to affect individual well-being influence both the individual’s resources and her 

ability to utilize those resources. In the context of U.S. child welfare policy, state child 

welfare systems provide mental health services via state Medicaid programs to 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 and Safe 

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. My study is 

the first to provide evidence that state conversion factors contribute to variation in mental 

health outcomes of children who come in contact with their state child welfare system. 

This is my key finding. Previous research on the differences in receipt of services and 

mental health outcomes of children who come in contact with their state child welfare 

system has not considered differences between states. Until recently, sufficient data to 

conduct a longitudinal analysis and control for state of residence has not been available.  

While I was only able to control for the eight states with the largest number of 

CPS caseloads, state effects were significant in two cases. My results provide preliminary 

evidence that there are differences in the mental health outcomes of children who come 

into contact with state child welfare programs even after controlling for their observable 

characteristics. Thus the significant state effects motivate future research to better 

understand how states differ in their provision of mental health services to children. 
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The federal government is responsible for ensuring that their laws and regulations, 

such as the Adoption and Safe Families Act, are fulfilled. While the CFSR reports are a 

first step to hold states accountable for the well-being of children who come into contact 

with their state child welfare system, a detailed analysis that links state child welfare 

policies with the outcomes of children is necessary. The CFSR reports should better 

document the explicit policies in place to deliver services to children and which providers 

CPS agencies work with to distribute these services. The CFSR reports have the potential 

to clearly identify state policies that work, and highlight new policy initiatives across 

states.  Moreover, additional research is necessary to identify which factors contribute to 

a state’s delivery of mental health services and improve mental health outcomes of 

children in a particular state.
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APPENDIX A 

ASSUMPTIONS OF THE NEOCLASSICAL FRAMEWORK 

 The neoclassical framework relies on the assumptions of revealed preference 

theory (see Samuelson (1947)) and utilitarianism to model and predict individual 

behavior. Below I 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 preferences across all 

alternatives. Thus, she selects a particular alternative from a menu because she knows 

that she prefers this element to every other element in the menu.  The alternatives that 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-exclusive alternatives from 

which an individual chooses. A menu is complete with all alternatives available to the 

consumer. A context consists of variables which influence the consumer’s selection of 

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 other menus 

containing a subset of elements. Such inference is possible only after making a few 

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 the particular 

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 choice set from 

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 goods x to another bundle y if she chooses x from a set of 

options which includes y. 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 preference rankings. 

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 preferences 
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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 is 

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 chooses x from a set of options which 

includes y, and the same person chooses y from a set of options which includes z but not 

x, then we can conclude that the person will choose x from a set which includes z, 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 are revealed in a given 

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 preferred to y, then it is not the case that y is 

revealed strictly preferred to x. WARP allows for bundles to be ranked but it is a weak 
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assumption since cyclical preferences can occur. A stronger assumption is necessary to 

ensure that cyclical preferences do not occur. Thus, neoclassical economists assume the 

Strong Axiom of Revealed Preference (SARP).  

Assumption 6. Strong Axiom of Revealed Preference.  
SARP ensures that if x is preferred to y, then it is not possible to have y preferred 

to x, where x and y 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 some preference 

ordering or utility function since there is a ranking of outcomes. SARP, in this regard, 

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 individual’s state of being 

in the neoclassical framework. Utility is an ordinal representation of individual choice 

behavior, or her achieved level of happiness from consuming a bundle of goods.33 

Inferences about utility follow directly from preference orderings: suppose x provides 

greater utility than y, then given the choice of x or y, the individual will choose x.  Of 

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

                                                 
33. Ordinal utility permits alternative bundles of goods to be ordered such that an individual may 

consider one bundle to be worse than, equal to, or better than the other. Utils, however, do not represent a 
numerical scale of intrinsic meaning. 
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utility. A utility function describes the various combinations of goods and services that an 

individual may consume in order to achieve a given level of welfare. The utility function 

is derived from the individual’s preference rankings of goods and services, which are 

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 that the set of 

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 the consumption 

space. Thus, we can identify the level of utility received for any consumption bundle in 

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 preference 

ranking. The number of utils assigned to a particular bundle of goods is indicative of the 

welfare received from the consumption of that bundle. Higher utility implies relatively 

higher welfare. Since utility is an ordinal concept we cannot determine an absolute level 

of welfare, only a relative change in welfare. The neoclassical framework assumes 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, or achieved level of 
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utility, is limited to some threshold level. An individual will pursue the highest level of 

utility possible subject to her resource constraint. 
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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 receive outpatient services 

and that they were administered the same Child Behavior Checklist (CBCL) 

questionnaire, I restrict my sample to the 2,991 children who were younger than age 6 at 

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 missing age data; 33 

children were missing CBCL scores at baseline; 469 children were missing CBCL scores 

at wave 3; and 7 children were missing CBCL scores at both baseline and wave 3. The 

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 a mean CBCL score of 

60 at baseline and 58 at wave 3). 

The mean CBCL score for children who were clinical at baseline was not different 

for children in the analysis sample (at 72) and children with some missing data (at 71).
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Table 13. Sample Characteristics for Children Age 6 to 18 Years Old at Initial Contact 
Who Are Excluded from the Analysis Sample Due to Missing Data 

 Total Clinical at baseline    

 Mean SD Mean SD Min Max 

Agea 10.442 2.936 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 
health centers 

2.577 3.760 2.532 3.750 0 37 
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Table 13 continued. 
 

 Total 
Clinical at 
baseline 

  

 Mean SD Mean SD Min Max 
       

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 sample due to missing data. Of these, 222 children 
were clinical at baseline. Standard deviation (SD), minimum (Min), and maximum (Max) are reported. Out 
of home (OOH) care. Child protective services (CPS). 
 
a A child’s age was reported for 509 children in the total sample and 201 children in the sample of children 
who were clinical at baseline. 
 
*p < .05 **p < .01 ***p < .001 
 

However, children who were clinical at baseline and excluded from the analysis sample 

because of missing data had an average CBCL score at wave 3 (at 60) that was lower 

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. Approximately 25 percent of 

these children received outpatient services compared to 43 percent of the analysis sample. 

Among children who were clinical at baseline, 38 percent received outpatient services 

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 old. However, the 

average age of excluded children who were clinical at baseline was slightly older at 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 contrasts the analysis 

sample which included mostly White and Black children. 

Fewer of the children with missing data were female at 50 percent compared to 53 

percent in the analysis sample. The percent of female children who were clinical at 

baseline was not different (49 percent of the children with missing data and 48 percent of 

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 were clinical at 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 sample also were 

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 sample. A smaller 

percent of children with missing data lived in OOH care at baseline with the majority 

living in foster care (13 percent of children with missing data) or kinship care (7 percent 

of children with missing data). This trend was also true for children who were clinical 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 community health 

centers compared to children in the analysis sample. The percent of children with missing 
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data who were without health insurance was relatively high at 18 percent for all and 26 

percent of children who were clinical at baseline. Only 10 percent of children in the 

analysis sample were uninsured, and 8 percent of children in the analysis sample were 

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 staff member.
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APPENDIX C 

SELECTING A MATCHING ALGORITHM 

FOR THE PROPENSITY SCORE MODEL  

Various matching algorithms are available for propensity score matching (PSM) 

in order to pair children who received outpatient services (i.e. were treated) with children 

who did not receive outpatient services (i.e. were not treated). Nearest neighbor 

matching, caliper matching, local linear, and kernel density matching are some of the 

matching techniques used in the literature. Choosing a matching algorithm from among 

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 be most similar in 

observable characteristics and differ only in their receipt of services. However, just 

because two children are matched as being most similar, does not guarantee that these 

children are actually similar. For instance, if most children who received outpatient 

services have high propensity scores but only a few children who did not receive services 

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 minimizes bias 

since matched children will be similar on observable characteristics. The tradeoff of this 
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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 variance, it is 

possible to match to a discrete number of neighbors.  

 Caliper matching uses information available in multiple neighbors to reduce the 

likelihood of poor matches.  Caliper matching requires specification of a maximum 

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 of a propensity 

score for a child who did receive outpatient services, will be included in the comparison 

group. Caliper matching is limited in that it is difficult to know a priori 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 outpatient services is 

compared to a weighted average of the CBCL scores of all the children who did not 

receive outpatient services. This technique more heavily weights children who did not 

receive outpatient services and with propensity scores closest to a child who did receive 

services. The local linear and kernel estimators use more information than other matching 

methods to match observations. Thus, these nonparametric estimators have smaller 

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 comparison case 

to serve as the match for only one treated case. Matching without replacement may 

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 distance of 0.005, 

without replacement. This matching algorithm was selected after comparing the 

estimated average treatment effect on the treated (ATT) across matching estimators. 

Caliper .005 without replacement estimated an ATT near the middle of this range (see 

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

Table 14. The Average Treatment Effect on the Treated (ATT) Across Matching 
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 bootstrapped with 1000 replications. 
 
The outcome variable of interest is a child’s CBCL score (ln) 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 (the effect of 

services is measured in the stochastic frontier), the estimates range from 7 to 10 percent, 

and none are statistically different.34 Also, 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 presented in table 13 differs from the estimated 

coefficient on the binary indicator for whether a child received outpatient services in the stochastic frontier 
model (table 10) for two reasons. First, some observations of the PSM subsample are dropped from the 
analysis sample used to estimate the stochastic frontier because of the implementation of probability 
weights. Sample probability weights were used in accordance with the data manual in order to adjust for 
oversampling of certain populations (National Data Archive on Child Abuse and Neglect 2008). Second, 
the functional form differs for the PSM model and the stochastic frontier. The stochastic frontier does not 
control for who contacted CPS since this has no relevance on the mental health outcome of a child but may 
influence the child’s ability to receive outpatient services. Finally, the stochastic frontier model includes an 
inefficiency measure that is not captured in the PSM model. 
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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 assumptions since the residual 

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 the estimation 

procedure.  (The theoretical justification for assuming there is some inefficiency in the 

transformation of resources into mental health outcomes is discussed in chapter 2 of this 

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 the OLS model, it 

is assumed that mental health outcomes are efficient for all children, regardless of their 

receipt of mental health services.   

I examined whether estimating OLS model on the PSM subsample resulted in 

different results than estimating a stochastic frontier model with similar observable 

covariates on the PSM subsample. The estimated coefficients for the model were 

relatively stable across models, both in significance and magnitude (see table 15). 
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Table 15. Covariate Estimates for the Ordinary Least Squares Model: Children Ages 6 to 
18 and Clinical at Initial Contact.  

 PSM sample 
   

Received outpatient services .094 *** 

 (.020)  

CBCL score at baseline (ln) .965 *** 

 (.158)  

Age (ln) 1.118 * 

 (.654)  

Age-squared (ln) -.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)  
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Table 15 continued. 
 

 PSM sample 
   

Type of OOH placement   

Foster care -.111  

 (.094)  

Kinship care -.108 * 

 (.063)  

Group home .098  

 (.142)  

Residential care -.142  

 (.149)  

Other -.150 *** 

 (.056)  

Number of OOH placements (ln) -.022  

 (.028)  

Health insurance   

Medicaid -.031  

 (.032)  

Private insurer -.097 ** 

 (.039)  

Number of local community health 
centers (ln) 

-.022  

 (.020)  

State   

California .026  

 (.042)  

Florida .031  

 (.040)  
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Table 15 continued. 
 

 PSM sample 
   

Illinois .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 (ln) at wave 3. 
 
*p < .05 **p < .01 ***p < .001 
 

A child’s receipt of outpatient services and baseline CBCL score were significant 

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 children who did 

not receive services over the sampling period.  
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A child’s age was also a significant predictor with older children having higher 

CBCL scores at wave 3. However, there were diminishing returns to age. Physical abuse 

also predicts a child’s future CBCL score. Children who were physically abused at 

baseline have an estimated 5 percent lower CBCL score at wave 3 compared to children 

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 insurance at baseline. 

Children with private health insurance have an estimated 10 percent lower CBCL score at 

wave 3. State effects were significant for Michigan and Ohio. Children in these states had 

higher CBCL scores at wave 3.  
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