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Abstract

U.S. markets for outpatient substance abuse treatment (OSAT) include clinics that are pri-

vate for-profit, private non-profit, and government-run. We study the market structure of OSAT

using recently-developed methods from the empirical industrial organization literature on equi-

librium entry in differentiated products markets. These methods allow us to describe OSAT

clinics as heterogeneous in their objectives, their responses to exogenous market characteristics,

and their responses to each other. Preliminary results indicate that the presence of an additional

public clinic in a market reduces the probability that a private non-profit clinic will also partici-

pate in the market, which indicates crowding-out between public and private provision of OSAT.

Additionally, we find that non-profit and for-profit private clinics are imperfect substitutes for

each other, which suggests that they serve different portions of the patient population.
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1 Introduction

A significant share of U.S. public resources is dedicated to providing goods and services which also

may be obtained from the private sector. Examples include education, healthcare, and housing.

Among both academics and policy makers there is extensive debate on the extent to which publicly

provided goods can and should substitute for similar, privately provided goods.1 In many cases,

both the government and private sector produce a positive amount of a good. While the presence

of public providers in markets may be viewed positively as part of a “social safety net,” public

provision may also have the negative consequence of crowding-out private producers of the same

good. If a private organization is able to provide the good at lower cost or higher quality than the

government, then there may be a welfare loss in the market.2 Questions regarding substitution

and crowding out also extend to differences between private non-profit and for-profit organizations.

In this paper we estimate the relationship among public, private non-profit, and private for-profit

provision of outpatient substance abuse treatment (OSAT). We focus on the decision of an OSAT

clinic to be active within a market. We assume that organizations of each type (including potential

public clinics) behave strategically in their responses to other clinics’ participation choices. Because

the decision to participate in a market is discrete and clinics are heterogeneous, we explicitly account

for the possibility of multiple equilibria in the ownership of clinics which are active in a market.

Our goal is to estimate the objective functions that govern activity by each type of organization,

and in particular how the provision of OSAT by one type of agent affects the objective functions

(and actions) of the other agents.

Previous research on the relationship among public, private non-profit, and private for-profit

organizations has explicitly or implicitly relied on an assumption of a unique equilibrium in the

actions of the organizations. However, when individual organizations make discrete (and interre-

lated) decisions to be active in a market, these choices are often characterized by multiple equilibria

in the identities and possibly the number of active organizations. This presents an interesting and

difficult challenge for researchers and policy analysts. Econometric models which admit multiple

1The relationship between public health programs (e.g. Medicaid) and privately provided health insurance has
been considered by many researchers. See for example, Cutler and Gruber (1995); Brown and Finkelstein (2004);
Shore-Sheppard, Buchmueller, and Jensen (2000); Rask (2000); Lo Sasso and Buchmueller (2004). The relationship
between private charitable contributions and public spending is studied by Kingma (1989); Andreoni (1993); Gruber
and Hungerman (2005). Blomquist and Christiansen (1999) review the literature on political economy explanations
for the equilibrium presence of public provision.

2The tradeoff would involve weighing consumers who would prefer the good if it were provided by the private
sector against consumers who either prefer the publicly provided good or would be excluded from it without public
provision.
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equilibria may be considered “incomplete” (Tamer (2003)) or “logically inconsistent” (e.g. Maddala

(ch. 5, 1983)). However, by explicitly accounting for this attribute of the model we can estimate

the degree to which a publicly provided good crowds-out private provision, and how non-profit and

for-profit private organizations affect each others’ entry into markets.

Our modelling and estimation strategy builds on recently-developed techniques from the in-

dustrial organization (IO) literature. In their study of airline entry, Ciliberto and Tamer (2006)

estimate an entry model in which more than one market outcome may be consistent with the

model, yet the model does not impose an equilibrium selection mechanism to resolve the multiplic-

ity. Related papers by Andrews, Berry, and Jia (2005) and Cohen and Manuszak (2005) use similar

methods to estimate models of retailer and bank entry, respectively. Earlier empirical research on

entry games typically included assumptions on the form of the game or the nature of the dependent

variables in order to insure that each realization of a game delivered a unique equilibrium.3 A

restriction to unique equilibria is not appropriate for OSAT markets, which are complicated by

likely differences in agents’ objective functions and the policy relevance of whether public clinics

crowd-out private clinics. If this occurs, a market may support more than one outcome, e.g., a

market might have either one government clinic or one private clinic, but not one of both. Fur-

ther, the stable ownership characteristics of OSAT clinics prevent a resolution of this multiplicity

by allowing a clinic to adopt the ownership structure that would be maximize its own payoffs.4

In accounting for multiple equilibria in the provision of a healthcare service, we also add to the

general literature on competition in medical markets.5 While the IO of healthcare is a large and

growing area for study, we know of no other paper which consistently estimates the magnitude of

substitution among public, non-profit, and for-profit healthcare providers through their decisions

to be active in a market.

The preliminary results in this paper indicate that strategic interactions among public, non-

3Prominent and early examples of this practice are in Bresnahan and Reiss (1991) and Berry (1992), which both
consider entry games with homogeneous goods. Mazzeo (2002b) analyzes the effect of market structure on the
performance of firms in a differentiated oligopoly market, but he but avoids multiple equilibria by placing restrictions
on the form of the entry game and making assumptions on payoffs.

4This is a critical difference between the present paper and Mazzeo (2002b), in which potential motel owners’
ability to choose quality levels eliminates the possibility of multiple equilibria.

5Gaynor and Vogt (2003) examine competition in the hospital industry with regard to the effect of ownership
type and find not-for-profit hospitals have less elastic demand and lower marginal costs. Duggan (2000, 2002)
offers empirical evidence that public, not-for-profit and for-profit firms respond differently to an exogenous change in
financial incentives. Abraham, Gaynor and Vogt (2005) use an extension of the Bresnahan and Reiss (1991) entry
model and find that competition among hospitals gets tougher with the entry of the second firm but that these effects
are exhausted at the third firm. Chakravarty, Gaynor, Klepper and Vogt (2005) measure the effect of ownership
structure on entry and exit in the hospital market and find that for-profit hospitals are more responsive than not-for
profit firms to exogenous demand changes.
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profit and for-profit clinics are an important determinant of the provision of OSAT. We find that

there are multiple equilibria in the identities of providers in 20% of the markets in our sample with

any type of OSAT. Government clinics appear to be ‘favored’ within the actual equilibrium selection

processes that function in OSAT markets, which suggests that there is crowding-out between public

and private OSAT provision. We offer further support for this conclusion with a counterfactual

calculation demonstrating that if all government clinics exited their markets, private organizations

would respond by replacing 62% of the missing public clinics.

The remainder of the paper is organized as follows. Section II presents background on the

relationship among public, non-profit, and for-profit provision of OSAT services. We then describe

the data we use in the study. Section III presents the behavioral model and our assumptions on

the data generating process, i.e., our notion of equilibrium. Section IV discusses the estimation of

the model and Section V presents the empirical results. The final section concludes.

2 OSAT Background and Data

2.1 Institutional details

OSAT is an appropriate and important area for studying strategic interaction among different types

of organizations. An estimated 22 million Americans (9.4% of adults) were classified as having a

substance abuse disorder, and 3.5 million received some kind of treatment in 2001.6 Substance

abuse treatment is a multi-billion dollar market, with $18 billion spent on treating substance abuse

disorders in the United States during 2001. The demand for treatment options is increasing as public

support for treatment (rather than punishment) broadens and the number of substance abusers

continues to grow.7 Over half of all funding for substance abuse treatment is public; state and

local government funding constitutes 38% of all expenditure on substance abuse treatment, while

Medicaid comprises another 19%. Finally, public, non-profit and private for-profit organizations are

all important providers of substance abuse treatment. In 2003, public, non-profit, and private for-

profit entities accounted for approximately 14%, 61%, and 25% of treatment facilities, respectively.

While the common interpretation of substance abuse “rehab” often suggests treatment in an

inpatient (residential) setting, far more treatment programs provide outpatient services.8 Clinics

6See SAMSHA (2004).
7Mark, et.al (2005) estimates that spending on substance abuse treatment increased an average of 4.6% per year

between 1996 and 2001. See Mark et. al. (2005) for an extensive discussion of expenditures on substance abuse
treatment.

8 In 2003, 7.4% of facility respondents offer hospital inpatient substance abuse services and 27.8% of facilities offer
residential (nonhospital) substance abuse services. Outpatient substance abuse services are available at 80% percent
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of all ownership types are active in the provision of OSAT. In this paper we infer the entry payoff

functions for these different types of organizations based on their observed responses to exogenous

market characteristics and the presence of clinics of other types. In executing our analysis, we

make an important assumption regarding the uniformity of government clinics. While we assume

that all government clinics share identical ex-ante payoff functions, actual public clinics may be

operated by a state government (26% of public clinics); a local, county, or community government

(55%); or the federal government (19%). Although we recognize there may be differences in the

decision-making for clinics at different government levels, we are more concerned with the question

of public versus private provision of OSAT. Additionally, our empirical method, which does not

specify an equilibrium selection process among clinic types, is relatively robust to differences across

markets in the strategic interaction of public and private clinics.

2.2 Data

We obtained data on the location and characteristics of OSAT facilities from the 2003 National

Survey of Substance Abuse Treatment Services (N-SSATS), an annual census of substance abuse

treatment facilities conducted by the Substance Abuse and Mental Health Services Administration

(SAMHSA). The list frame for N-SSATS is the Inventory of Substance Abuse Treatment Services

(I-SATS), a continuously-updated, comprehensive listing of all known substance abuse treatment

facilities in the United States. The information provided by N-SSATS includes facility ownership

structure, the types of services offered, the number of beds for inpatient treatment, indicators for

sources of public funding, managed care participation, and clients’ payment options.

In 2003, there were 13,623 eligible respondent facilities included in the survey.9 Most clinics

(61%) identify substance abuse treatment as the primary focus of the facility, and 26% report a mix

of substance abuse and mental health treatment services.10 There is some evidence that ownership

structure is correlated with the types of services offered.11

of facility respondents.
9A total of 17,787 facilities were believed to offer substance abuse treatment services. However, 15 percent were

found to be ineligible for the survey because they had closed, were not providing substance abuse treatment on
March 31, 2003, or treated incarcerated clients only. Of the remaining facilities, 95.9 percent (14,503) completed the
N-SSATS survey. However, some facilities (880) were dropped due to inconsistencies in reporting. The final sample
size was 13,623 (90 percent of the 15124 eligible facilities).
10See SAMHSA (2003).
11For example, Wheeler and Nahra (2000) find that for-profit clinics treat a larger proportion of heroin addicts

and a smaller proportion of alcohol abusers than non-profit and government clinics. Sindelair and Olmstead (2004)
find that managed care causes for-profits to offer more services and public clinics to offer fewer services. Rodgers
(2000) also finds that for-profit facilities are generally more specialized (e.g., for-profit clinics are more likely to have
special staff for cocaine abuse). Heinrich and Fournier (2004) find that the degree of publicness (percentage of total
revenues received from public funding) and ownership status may affect some of the patient outcomes, but the effects
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In our empirical analysis, we consider four types of agents. We denote government entities as

type G and private for-profits as type F . We divide non-profits into two types based on whether

or not they receive receive earmarked public support. Non-profit clinics with earmarked support

account for approximately 76.8% of all non-profit clinics. These earmarks may take the form

of per-patient subsidies or lump sum subsidies, either direct monies or in-kind subsidies such as

building space. Non-profit clinics that receive public funds must meet certain requirements of the

funding entity such as serving a minimum number of clients that reside in the particular locality.

Importantly, clinics that receive public monies are also subject to financial oversight from the

funding entity which places implicit limitations on management salaries. Thus, in our empirical

analysis we will distinguish between non-profits that receive earmarked support (type NW ) and

those without earmarks (NN).

One form of differentiation among clinic types is the forms of payment each receives. In Table 1

we describe the distribution of payment options accepted by the various types of OSAT clinics. For

example, 72.3% percent of NW accept Medicaid for payment, but only 33.5% of F clinics accept

Medicaid. Cash or self-payment is accepted at 99.1% percent of F clinics but only 79.8% of public

(G) clinics.

In our main empirical analysis, we model the decision to offer OSAT in a distinct geographic

area. We focus on rural U.S. counties with populations between 5,000 and 100,000 that are not

within in a Metropolitan or Consolidated Statistical Area (MSA and CSA). We assume that

treatment markets are defined by county borders. There are four considerations that motivate our

focus on these counties along with the market definition. First, most of the public funding for

OSAT is contributed by county governments. Second, since counties outside of urban areas tend

to be more isolated, we are more confident that we are neither missing nor picking up effects of

populations and agents outside of the defined market. Third, it is computationally prohibitive to

estimate our model in markets with a very large number of decision makers of each type.12 Finally,

and most importantly from a policy perspective, substance abuse is a major public health issue

in many rural areas. The smallness of these markets may lead to the complete absence of OSAT

services or a relatively narrow variety of treatment options.

are small.
12Our focus on smaller markets is similar to almost every paper in the empirical entry literature; it is particularly

true of the few papers that use the modified minimum distance approach discussed in section 4. See Borzekowksi
and Cohen (2005) and Cohen (2004) for a discussion of the computational burden associated with this approach as
well as algorithms that get around the computational demands of the estimator with a discussion of the additional
assumptions required to employ those algorithms.
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In Table 2 we describe the availability of OSAT for the 1,702 counties in our sample. Approxi-

mately 30% of these counties have no OSAT services while about 40% have a single clinic and 18%

have two clinics. Non-profit clinics which receive earmarked funds are the most common, as they

appear in almost half of all markets. However, fewer than 3% of the markets in our sample have

more than two NW clinics. Similar to Bresnahan and Reiss (1991), we collect all markets with at

least two clinics and treat them as being identical, so that the possible outcomes for NW clinics

are {0, 1, 2+}. The smaller number of type G, NN , and F clinics lead us to truncate at one the

count of each of these clinics. This is likely to be innocuous since proportion of markets with two

or more clinics is typically 1% or less. Among these less-common clinic types, government clinics

appear most often in the data (in 24% of markets), followed by for-profit clinics (16%) and then

non-profits without earmarked support (9%).

In Table 3 we provide summary statistics on the mean demographic characteristics of the sample

counties, plus details on how the mean characteristics vary with the total number of OSAT clinics

in a market.13 As expected, counties with larger populations support more clinics. The number of

clinics also appears to increase in the percentage of residents who are white and the percentage who

have completed high school. A final market characteristic likely to be related to OSAT demand is

the percentage of divorced females, which we interpret as a measure of household discord. These

features of the data may reflect a greater incidence of substance abuse among these portions of the

population, a greater likelihood of seeking treatment conditional on a substance abuse problem,

ability to pay, or voter preferences. We also include the number of nurses per capita to capture

supply side effects. We conjecture that markets with a high supply of nurses will have relatively

low entry costs.

We conduct two types of descriptive analysis on the relationships among clinic types. First,

we use probit and ordered probit models to examine how the presence of each type of clinic is

correlated with the number of remaining clinics of various types and demographic variables. Let

nt denote the (truncated) number of clinics of type t, with t ∈ {G,NW,NN,F}. The vector

of clinic counts other than type t is n−t. We report in Table 4 that the number of government

clinics (nG ∈ {0, 1}) is negatively related to nNW and nNN , but the number of F clinics does not

significantly affect nG. The results in the table also show that the both types of non-profit clinics

are significantly affected by the number of government clinics, and this relationship is larger forNW

clinics. Finally, the probability that a market contains a for-profit clinic is not significantly affected

13The demographic data were downloaded from the US Census Bureau and the Area Resource File.
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by n−F . While these descriptive results are suggestive of the relationships among types of clinics,

the parameter estimates should be read cautiously. If clinics of different types respond strategically

to each other, then some or all of the values in of n = [nG, nNW , nNN , nF ] are endogenous in each

model. Further, the strategic effects will be underestimated if there is correlation among the

type-specific error terms since common shocks that induce all types to offer OSAT will increase the

probability that each type of clinic will enter a market. Among the demographic variables, most

have a significant effect on nt in the direction anticipated from Table 3. An interesting exception

is the racial composition of a market. A greater percentage of white residents has a positive effect

on type NW , NN , and F , clinics, but a negative effect on the presence of government clinics.

Second, we supplement the probit and ordered probit models with an analysis of how year-to-

year changes in nt are affected by transitions in the counts of other types of clinics. By focusing on

transitions, we avoid a potential shortcoming of the cross-sectional data. The estimated negative

coefficients in Table 4 may follow from unobserved local tastes in how OSAT services are delivered

(e.g., public v. private) rather than any strategic relationship among the types of agent. If these

tastes are constant over time, analyzing changes in nt will eliminate this source of bias by focusing

on differences within markets. We perform the analysis with a panel of clinic counts from years

2000, 2002, and 2003. For each type of clinic, define the variables ∆1nt = n2003t − n2002t and

∆2nt = n2002t − n2000t , where the superscript indicates the observation year.14 When the count of

type-t clinics declines between a pair of observed years, ∆int = −1; if there is no change in the

number of clinics, ∆int = 0; clinic entry yields ∆int = 1. We use OLS to estimate the effect of the

∆1n−t and ∆2n−t values on ∆1nt. No demographic variables are included in the analysis. Results

are displayed in Table 5. For each type of clinic, the ∆1n−t values have a negative and significant

effect on ∆1nt. These results contrast with those in Table 3, which indicated that there was no

significant relationship between for-profit clinics and other clinic types. The relative magnitudes of

the coefficients on the ∆1n−ts show that there is a close relationship between government clinics

and non-profits with earmarked public support, while G clinics have a weaker effect on the entry

and exit of NN and F clinics. Finally, the results also indicate that the ∆2n−t variables have little

or no effect on ∆1nt.15

14The two-year lag from 2000 to 2002 is due to data limitations. There was no survey of OSAT clinics in 2001.
15This is important for our main empirical analysis, which uses cross-sectional data. The results on ∆2n−t suggest

that transitions among market structures occur quickly, so a cross-sectional snapshot of OSAT services is likely to
reflect an equilibrium configuration of G, NW , NN , and F clinics in each market.
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3 Model

In this section, we present a model that characterizes the behavior of the four potential types of

providers of OSAT. Each type of agent is assumed to have a payoff function that governs its

decision whether or not to provide OSAT. We infer the parameters of these payoff functions based

on the observed number of OSAT programs of each type. The form of the payoff functions is quite

general so that we can infer agents’ preferences without imposing a structure that will lead us to

a particular answer. Similarly, we make minimal assumptions about the data generating process

(DGP) that determines the observed outcomes. While our minimal assumptions substantially

complicate the estimation, they allow for a much richer characterization of the behavior of each

type of agent.

We consider a situation in which 4 types of agents t ∈ {G,NW,NN,F} can choose to provide

OSAT in a market. The objective function and behavior of each type of agent is likely to be

different. Rather than modelling the nature of this differentiation explicitly, we infer differences

among types with a model of endogenous “market structure.” Because we are modelling the

interactions of government and non-profit agencies as well as for-profit firms, we use the term

market structure loosely. We assume that the choice of each type of agent whether or not to offer

OSAT is governed by a payoff function, though we cannot interpret this as a profit function in the

case of government and non-profit agencies. We interpret the clinic payoff function as a reduced

form model of the preferences of each type of decision maker. Inference on these payoff functions,

however, is essential to understanding how equilibrium configurations of OSAT clinics arise. The

payoff function of each agent is permitted to depend on the decisions made by other agents in the

market. For example, we allow the benefit from operating a public clinic to be decreasing in the

number of other (private) clinics in the market. A low payoff from government participation may

be due to weak or absent political pressure to provide OSAT. We expect that this pressure is

stronger when no private clinics are present to fulfill a market’s treatment needs.

We assume that every market is populated by agents of each type who are potential providers

of OSAT. The payoff function for a type t clinic in market m has the following form:16

πt (nt,n−t,Xtm, εtm; θt) = πt (nt,n−t,Xtm; θt) + εtm. (1)

Payoffs are zero for all potential clinics which remain out of the market. As we discussed above,
16This is the payoff function considered in Mazzeo (2002b). Like Mazzeo, we have assumed that the payoffs are

the same for agents of the same type offering OSAT within a given market. Since few markets have more than one
of any type of firm, this assumption should be relatively innocuous.
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we truncate at one the number of clinics of all types except NW , which takes a maximum value

of two. Xtm is a set of market characteristics that affect the payoff associated with operating a

type t clinic, and θt are parameters of the payoff function for each type. εtm is the portion of

each type’s payoffs that are unobserved by the econometrician, but known to all decision makers.

Additionally, we assume that the εtm values are independent of Xm. All decision makers in the

market observe all components of payoffs for each type. In the discussion below, we suppress the

dependence of πt on all factors except for the number of clinics for notational convenience.

While we do not directly observe the payoffs for each type of decision maker, we do observe

the number of clinics of each type as well as market characteristics for a sample of independent

markets. The empirical exercise involves drawing inferences about underlying latent payoffs un-

der the assumption that the observed outcomes are the result of agents’ optimal decisions given

their particular payoff functions. That is, we assume that each type of agent will choose to op-

erate a clinic if and only if its payoffs from doing so are non-negative. This assumption places

inequality restrictions on the latent payoff functions that must be true for each observed market

structure. The stochastic specification of the payoffs translates these conditions into restrictions

on the unobservable components of payoffs. For a particular value of n, the following conditions

must hold:

πt (1,n−t) < 0 if nt = 0 (C1)

πt (1,n−t) ≥ 0 if nt = 1 (C2)

πNW (2,n−NW ) < 0 if nNW = 1 (C3)

πNW (2,n−NW ) ≥ 0 if nNW = 2 (C4)

Condition 1 states that any agent who chooses to not offer OSAT would have earned a negative

payoff if they operated an OSAT clinic, given the actions of the other agents. Condition 2 states

that all agents who choose to operate a clinic earn a positive payoff. Condition 3 provides a further

restriction for NW clinics, for which our model permits up to two in a market.17 When there

is only one NW clinic, it must be true that a second NW clinic would have earned a negative

payoff.18 Finally, condition 4 states that when there are two NW agents operating OSAT, both

must earn positive payoffs. Together, these conditions guarantee that each agent who chooses to

operate a clinic earns positive payoffs, while any agent who chooses not to operate a clinic would
17To be clear, if there are two NW clinics, we have in mind that there are two different agents each operating a

single clinic.
18Under the assumptions of our model, both NW entities would have negative payoffs.
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have earned negative payoffs had they chosen to offer OSAT.

These behavioral assumptions are an intuitively appealing yet minimal set of conditions that

correspond to a Nash equilibrium in entry strategies. The conditions are appealing because we

would expect them to hold in each period across a wide variety of possible entry games. As discussed

above, these conditions are necessary for a pure strategy Nash equilibrium of a simultaneous move

entry game, though the game will always admit multiple equilibria as long as the εs have infinite

support.19 We could assume a mechanism that selects from the equilibria as in Bresnahan and

Reiss (1990), Berry (1992), Mazzeo (2002b) and others. This would result in additional restrictions

and would insure that only one n could satisfy all of the inequalities for a given set of parameters,

exogenous data, and εts. While such refinements would permit us to estimate features of the

underlying payoffs in a straightforward manner (such as MLE or simulated method of moments),

the associated cost is the possibility that these additional restrictions would yield a misspecified

model. Since our prior belief is that multiple equilibria are likely to be present in this particular

institutional setting, we specify a model that is capable of handling this possibility.

4 Estimation

In this section, we discuss an estimation approach based on our minimal assumption that agents

make optimal decisions, given their respective payoff functions. This approach is based on Ciliberto

and Tamer (2005) and uses the computational algorithms developed by Cohen and Manuszak

(2005). The approach explicitly incorporates the presence of multiple equilibria without requiring

any assumptions about equilibrium selection. Without supplementing C1-C4 with additional

assumptions, it is not possible to use conventional econometric techniques (such as maximum

likelihood) to estimate θ. Our equilibrium conditions do not yield exact probabilities for an

outcome n when there is a distinct n0 which also satisfies our assumptions on the DGP. That

is, the likelihood is not well-defined for outcomes which can occur as multiple equilibria. This is

generically true of any outcome that involves a positive number of clinics (excluding the outcome

in which each type operates the maximum possible number of clinics for that type). For a given

set of parameters, however, it is possible to define upper and lower bounds on the probability that

the observed outcome, n∗, satisfies the assumptions of the DGP. Intuitively, the upper bound is

the probability that n∗ satisfies the inequalities in C1-C4, regardless of whether any other outcome

19See Bresnahan and Reiss (1990), and Cohen and Manuzsak (2005) for graphical representations of possible
multiplicity in a variety of entry games.
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satisfies the inequalities, while the lower bound is the probability that n∗ is the only outcome that

satisfies the inequalities in C1-C4. These bounds are the basis of our estimation strategy.

We can write the upper bound on the probability of observing n∗ by assuming that n∗ always

obtains in the region of multiplicity:

P (n∗|X; θ) = Pr (C1− C4 hold for n∗|X; θ) . (2)

We can then compute the lower bound on the probability of observing n∗ by assuming that n∗

never occurs in the region of multiplicity:

P (n∗|X; θ) = Pr

⎛⎝ [C1− C4 hold for n∗|X; θ]∩

[C1− C4 does not hold for any n 6= n∗]

⎞⎠ (3)

These bounds imply a set of inequality restrictions. In particular, we know that the true probability

of observing n∗ must lie between the upper and lower bounds as predicted by our model:

P (n∗|X; θ) ≤ P (n∗|X) ≤ P (n∗|X; θ) (4)

The term P (n∗|X) is the population probability of observing n∗ given the set of X variables in a

particular market. If we knew P (n∗|X), we could choose the θs that insured that the population

probability fell within the bounds implied by the behavioral model. Since we do not observe

P (n∗|X), we replace it with a consistent estimate bP (n∗|X), obtained from our sample. Note

that this estimate is obtained outside the context of any behavioral model. In principle it could be

obtained non-parametrically, but we opt for a flexible functional form (discussed below).

We employ a modified minimum distance (MMD) estimator which finds the bθs for which the
following restrictions are most nearly satisfied in our sample:

P
³
n∗|X;bθ´ ≤ bP (n∗|X) ≤ P

³
n∗|X;bθ´ (5)

Our objective function is a distance measure that penalizes values of bθ that fail to satisfy the
inequalities above. Whenever the inequalities are satisfied, the contribution to the objective

function for that market is zero. When an inequality is violated, the objective function is increased

by the square of the distance between bP (n∗|X) and the nearest bound. Thus, our estimated bθ is:
bθ = argmin

θ
Q (θ) =

XM

m=1
Qm (θ)

where

Qm (θ) = 1
h bP (n∗m|Xm) < P (n∗m|Xm; θ)

i
∗
h bP (n∗m|Xm)− P (n∗m|Xm; θ)

i2
+1
h bP (n∗m|Xm) > P (n∗m|Xm; θ)

i
∗
h bP (n∗m|Xm)− P (n∗m|Xm; θ)

i2
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and 1 [·] is the indicator function. We choose bθ to minimize the sum of squared differences over our

sample markets between the estimated conditional probabilities and the probability bounds from

the model. This distance is zero when the estimated probability lies within the bounds.

Before presenting our results, we provide some additional details about the estimator. First,

we will discuss the “first stage” estimates of bP (n∗m|Xm) making clear the distinction between the

P
³
n∗|X;bθ´ and P

³
n∗|X;bθ´ that are given by our behavior model, and bP (n∗m|Xm) which is a

descriptive probability. Second, we discuss the concept of set identification since our DGP can

be consistent with more than one θ. Finally, we will introduce the parametric form of the payoff

functions, and discuss our algorithm for computing P
³
n∗|X;bθ´ and P

³
n∗|X;bθ´.

4.1 First stage estimator

There is an important difference between the conditional outcome probabilities, bP (n∗|X), and
the bounds P (n∗m|Xm; θ) and P (n∗m|Xm; θ). The former are strictly functions of the data, while

the bounds are functions of the data, the parameters, and our assumptions on how the data are

generated (i.e., our model and solution concept). In our implementation of the model, we use a

multinomial logit model to obtain estimates bP (n∗|X).20 These probabilities describe the way

in which the market structures vary with the market characteristics, but they do not provide

information about the “structural” parameters that describe agents incentives. bP (n∗|X) is linked
to the parameters of the model through the economic model and equilibrium concept. If the

equilibrium concept were such that there were always a unique equilibrium outcome, the relationship

between bP (n∗|X) and the bounds given by the model would be direct. In particular, the upper
and lower bounds given by the model would be equivalent since whenever n∗ is observed, it must

be the unique equilibrium. In this case, the conditional outcome probabilities in the population

should equal the probabilities from the structural model at the true θ. Then we could form a

similar estimator by minimizing the distance between bP (n∗|X) and P (n∗m|Xm; θ) = P (n∗m|Xm; θ).

Since our model admits multiple equilibria, there is not a one-to-one relationship between bP (n∗|X)
and the predictions of the model. However, Tamer (2003) demonstrates the relationship betweenbP (n∗|X) and the bounds predicted by the model (conditional on a value of θ) are still sufficiently
informative to permit estimation of θ.

20Our use of a logit estimator for these conditional probabilities is similar to the application in Heckman et al
(1998) and Ciliberto and Tamer (2006).
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4.2 Set identification

The inequalities that define our assumed DGP may be satisfied by more than one θ in the popula-

tion. Suppose, for example that at the true θ:

P (n∗|X; θ) < P (n∗|X) < P (n∗|X; θ) (6)

in every market. Then, as long as P (n∗|X; θ) and P (n∗|X; θ) are continuous, it will be possible to

perturb θ by an small amount and stay inside the bounds in every market. Thus, the true θ cannot

be distinguished from the perturbed θ. Only under special circumstances can one show that θ is

point identified.21 In our setting, we can only identify the set of θs that are consistent with the

model (C1-C4). These conditions essentially exclude values of θ that are not consistent with the

model and data, which yields a set of θs that could have generated the observed data. Ciliberto

and Tamer (2006) refer to the collection of θs that are consistent with the model’s restrictions as

the “identified set,” and they prove that the MMD estimator provides a consistent estimate of the

identified set. Statistical inference requires constructing confidence intervals for the identified set

rather than for a particular θ. While we do not compute confidence intervals for the current draft

of this paper, we will soon follow the method proposed by Chernozhukov, Hong and Tamer (2002)

to calculate the intervals. The confidence intervals for the identified set will also be used to in the

counterfactual and diagnostic exercises discussed in section 5.

4.3 Payoff structure and the simulation of bounds

We now parameterize the payoff function and discuss the algorithm we use to compute the upper

and lower bounds given by our model. We assume that the deterministic portion of agents’ payoffs

associated with offering OSAT in market m take the following form:

πt,m = Xmβt +
X
s6=t

δt,s1[n
m
s ≥ 1] + γt,NW1[n

m
NW = 2] + um + ηt,m (7)

The X variables, which are permitted to have different effects on different types of agent, are

intended to capture the size of the “market” for OSAT, as well as potential demand and cost

shifters. The strategic interactions between agents are captured in the δs and γs. A negative

δG,F , for example, implies that offering OSAT is less attractive to a local government if OSAT is

being offered by a for-profit clinic; while a negative δF,G implies that offering OSAT is less attractive

21These circumstances are that a sufficient number of bounds given by the model collapse to a point, i.e., that
some outcomes only occur as unique equilibria. See Tamer (2003) and Borzekowksi and Cohen (2006).
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to a for-profit clinic if OSAT is already offered by a public clinic. The parameter γt,NW captures

the additional effect of a second NW clinic on the payoffs to a type t agent. Note that there is also

a γNW,NW term reflecting the effect of one NW program on the payoffs of the other NW clinic.

Finally, there are market- and type-specific benefits (or costs) which are observed by all potential

clinics but unobserved by the econometrician. The first term, um, is a market specific unobservable

that is identical across all agents in the market. This market-specific error is important since there

may be unobserved factors which shift the benefit from operating any sort of clinic in a market.

The second term, ηt,m, is an type-specific unobservable that is iid across types and markets, and

independent of um. Both u and η are distributed N(0, 1). In principle, it is possible to identify

the variance of um relative to the variance of ηt,m. However, this is difficult in practice, and for

convenience we assume that the variances are equal.22

Computing the upper and lower bounds on the probability of observing n∗ involves finding the

regions of um and ηt,m in which n∗ is an equilibrium (upper bound) and the regions in which n∗

is the unique equilibrium. We must re-calculate these bounds for each θ that is used to compute

Q. It is exceedingly difficult to compute the probability bounds analytically because the limits

of integration are defined by restrictions that the model place on um and ηtm. Therefore, we use

simulation methods to obtain estimates of the upper and lower probability bounds. Conditional

on a value of θ, an observed n∗ is an equilibrium for a portion of the support of ε. The value of

P (n∗|X; θ) is computed by integrating over these values of ε (and implicitly assuming that n∗ is

always the selected equilibrium for the εs). To compute P (n∗|X; θ), we draw simulated values ε

from the same portion of the support, and check whether equilibria other than n∗ exist. The value

of P (n∗|X; θ) is then the support of ε within which no alternative equilibria are located. The

computational efficiency of calculating P (n∗|X; θ) and P (n∗|X; θ) is enhanced through importance

sampling methods.23

5 Results

In Table 6 we display the values of θ which minimize the objective function. (We have not yet

calculated confidence intervals for the estimates, but this will be done soon.) The estimates of

δ and γ, the competitive effects across clinics, are all negative, which indicates that each type of

22See, for example, Ciliberto and Tamer (2006) and Jia (2005). Berry (1992) is able to identify the relative varaiance
of the market specific unobservable. This may be due to the additional structure he assumes about the DGP which
guarantees that there is always a unique equilibrium outcome.
23See Cohen and Manuszak (2005) for a description of the importance sampler.
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organization is a substitute for the others. That is, the presence of one type of OSAT clinic reduces

the payoff (and probability of participation) for OSAT clinics of all other types. This implies that

the presence of government clinics crowds-out private provision of OSAT, which may lead to welfare

losses among untreated (or inadequately treated) portions of the population. However, if there

are portions of the population that are particularly well-served by public clinics we may also see

welfare losses, because the presence of a private clinic reduces the probability that a G clinic is

active in a treatment market.

We find that government clinics are most strongly affected by the presence of NN clinics, which

is surprising since we argued above that a closer relationship exists between G and NW clinics. In

fact, the estimated effect of an NN clinic on other clinics is uniformly large. This may be driven

by the relative rareness of NN clinics in the data. The magnitudes of the effects of NW and F

clinics on public clinics are largely as expected.

Other than the unusually strong effect of the NN clinic, the estimated strategic interactions

with NW clinics also follow a reasonable pattern.24 NW clinics have strong effects on each other,

and government clinics have a slightly weaker effect. For-profit clinics have the smallest effect on

NW clinics, although the estimated coefficient is still negative. We find that NN and F clinics,

which are least affected by direct public planning, have strongest effects on each other, indicating

that these clinics are relatively close substitutes. Finally, we note that type NW, NN and F

clinics are each affected negatively by the presence of government clinics, again suggesting that

public provision of OSAT may crowd-out private provision.

The estimated effects of demographic variables on payoff functions are largely consistent with

the preliminary results reported in Table 4. All types of clinic are more likely to offer OSAT in

markets with a large population and a large proportion of nurses. Non-profit clinics are more likely

to offer OSAT in markets with a greater percentage of white residents, while type G clinics are

more likely to offer OSAT in markets with larger minority populations. All types of clinic except

NN are more likely to offer OSAT in markets with high divorce rates and a greater percentaeg of

adults with high school degrees.

5.1 Model fit and simulations

Recall that the objective function Q (θ) assigns a penalty to an observation when the conditional

population probability P (nm|Xm) lies outside of the values of P (n∗m|Xm; θ) and P (n∗m|Xm; θ)

24Other researchers have found similar effects of a second entrant in other markets (e.g. Mazzeo (2002) and Cohen
and Mazzeo (forthcoming).
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implied by the model. One reasonable way to assess the performance of the empirical model is

to ask how frequently we find that P
³
n∗m|Xm;bθ´ < P (nm|Xm) < P

³
n∗m|Xm;bθ´ at the value ofbθ which minimizes Q. 794 of the 1,702 observations (46.7%) in the sample satisfy this condition.

For the remaining 891 observations, the average difference between P and P or P (as appropriate)

is 4.21 percentage points.25 When the value of P falls outside of [P, P ], it is typically above P

(735 out of 908 observations).

In Tables 7 and 8 we compare the predicted market structures with those observed in the data.

In order to use bθ to simulate market structures, we must choose a way of selecting an equilibrium
when a market’s entry game admits multiple equilibria. We begin with the assumption that all

equilibria have equal probability of being selected. For example, in a market with two pure-strategy

equilibria of n∗m = [1, 0, 0, 0] and n∗m = [0, 1, 0, 0] we select each equilibrium with probability 0.5.

In Tables 7 and 8, the predicted outcomes under this assumption appear in column 2. Given

this equilibrium selection mechanism, the last line of each table indicates that our model under-

predicts the number of markets that will contain at least one clinic (1,116 predicted v. 1,161 in

the data) as well as the average number of clinics in a market (0.989 predicted v. 1.046 in the

data). There are 202 markets which support multiple pure strategy equilibria. Since the outcome

n∗m = [0, 0, 0, 0] is unique when it occurs, this implies that multiple equilibria exist in 18% of served

markets (202/1116). Within types of clinic, the uniform equilibrium selection mechanism appears

to favor G, F andNW clinics overNN , since the ratio of predicted v. empirical frequency is highest

for nonprofit clinics. The predicted number of G clinics per market is 101.9% of the empirical

figure, and for NN clinics the predicted number is only 28% of the empirical average.

One possible explanation of this pattern is that the true equilibrium selection process in actual

markets does not resemble the uniformly random mechanism described above.26 In Tables 7 and

8 we provide predictions from an alternative mechanism in which we always select an equilibrium

with a government clinic when such an equilibrium exists.27 Otherwise, the selection mechanism is

the same as the one above. Results from this mechanism are in column 3 of the tables. Government

clinics now appear much more frequently while both types of nonprofit clinic are not as common as

in column 2. However, the predicted number of NN clinics falls to 15.9% of the empirical average.

25For example, in a market for which we predict P n∗m|Xm; θ = 0.20, our first-stage estimates might indicate

that P (nm|Xm) = .2421.
26 It is important to recall that our estimator is robust to the equilibrium selection mechanisms (possibly distinct

across markets) which are actually used.
27When there are multiple equilibria with one government clinic, the mechanism assigns each equilibrium equal

likelihood of selection.
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For this reason, we include column 4 of Tables 6 and 7 in which we always select an equilibrium

with a NN clinic when such an equilibrium exists. The predicted number of NN clinics is now

51% of the empirical figure.

In Tables 9 and 10 we display the results of a preliminary counterfactual experiment in which we

have constrained the number of government clinics to be zero. The equilibrium selection mechanism

is the same as in column 2 (i.e., all clinics are treated uniformly). Our model predicts the number

of clinics of types NW and NN would increase in the absence of public clinics, but the number of

for-profit clinics would fall slightly. The strongest effect is in the reaction of NW clinics, which

now appear in an additional 191 markets. The reactions of NN and F clinics are more modest,

with the average number of NN clinics increasing by 4% and the number of F clinics decreasing

by 7.8%. The predicted number of markets with clinics falls by about 10% with the exit of all G

clinics. These results indicate that state and local officials may be able to close all public clinics

and experience no decrease in the availability of OSAT as long as a small subsidy is provided to

private firms (perhaps through additional earmarked support). The third and fourth columns of

Tables 9 and 10 display the results of the counterfactual experiement when the markets are limited

to those with below mean level percentage of white or high school graduates respectively. The

clinics "lost" due to closure of G occur disproportionately in the markets with a higher percentage

of minorities and lower average education levels.

6 Conclusions

<To be written>
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Table 1 
Funding Distribution by Clinic Type 

 
     

Payment Type Government Non-profit 
w/earmark 

Non-profit 
w/o earmark For-profit 

Cash or Self-Payment 79.8 93.0 95.8 99.1 

Medicare 48.4 42.4 54.6 25.7 

Medicaid 62.2 72.3 61.2 33.5 

State Financed Health Insurance Plan 48.3 51.4 41.1 28.3 

Federal Military Health Insurance 58.1 41.5 49.0 33.4 

Private Health Insurance 73.4 74.3 82.0 68.8 

No Payment (free treatment) 7.1 3.4 1.8 0.3 
     

*Respondents are asked “Which of the following types of payments are accepted by this facility for substance abuse 
treatment?” A small percentage (0.2%) of respondents does not answer the payment portion of the survey. Between 
1 and 10% of respondents answer “Don’t know”. The percentages above are conditional on a yes or no response. 
 
 
 
 

 
Table 2 

Tabulation of Clinics by Market 
 

      

 Market Count for Specified Numbers of Clinics

Number of 
clinics Any clinic Government Non-profit 

w/earmark 
Non-profit 

w/o earmark For-profit 

0 541 
(31.8) 

1,287 
(75.6) 

954 
(56.1) 

1,538 
(90.4) 

1,421 
(83.5) 

1 723 
(74.3) 

335 
(95.3) 

576 
(89.9) 

152 
(99.3) 

223 
(96.6) 

2 298 
(91.8) 

58 
(98.7) 

126 
(97.3) 

10 
(99.9) 

41 
(99.0) 

3+ 140 22 46 2 17 
      

Total markets = 1,702.  Cumulative percentages are in parentheses. 
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Table 3 
Market Characteristics 

 
   

 Number of clinics
 

All markets 
0 1 2+ 

     

Population  23,858 14,439 22,225 38,187 
Pct white 84.57 83.23 84.00 87.17 
Pct divorced for females age 25+  9.67 8.97 9.65 10.55 
Pct with high school ed. for age 25+  75.27 73.08 75.14 78.20 
Nurses per 10,000  0.23 0.16 0.22 0.31 
     
N 1702 541 723 438 
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Table 4 
Number of clinics in a market, 2003 

 
     

Dependent variable: Government Non-profit 
w/earmark 

Non-profit 
w/o earmark For-profit 

Dep. variable values {0, 1} {0, 1, 2} {0, 1} {0, 1} 

Model Probit Ordered 
probit Probit Probit 

     
Market structure indicators     

   Government -- -0.713 
(-8.93) 

-0.243 
(-2.12) 

0.008 
(0.08) 

   Non-profit w/earmark -0.565 
(-8.98) -- -0.270 

(-3.59) 
0.027 
(0.43) 

   Non-profit w/o earmark -0.287 
(-2.26) 

-0.348 
(-3.34) -- 0.045 

(0.37) 

   For-profit -0.021 
(-0.21) 

0.066 
(0.81) 

0.085 
(0.76) -- 

     
Demographic characteristics     

   Log(population) 0.700 
(11.13) 

0.636 
(12.58) 

0.757 
(9.05) 

0.542 
(8.06) 

   Pct white -0.027 
(-11.02) 

0.006 
(2.86) 

0.012 
(3.19) 

0.010 
(3.24) 

   Pct females divorced 0.035 
(1.86) 

0.109 
(7.11) 

0.014 
(0.59) 

0.067 
(3.31) 

   Pct high school education 0.044 
(7.90) 

0.022 
(5.82) 

-0.004 
(-0.54) 

0.013 
(2.69) 

   Nurses per 10,000 0.742 
(4.54) 

0.465 
(3.16) 

0.731 
(5.50) 

0.502 
(2.83) 

     
 

N = 1,702 for all models.  t-statistics are in parentheses.  The reported estimates are marginal 
probabilities.  For non-profit clinics with earmarks, we report the effects of the explanatory 
variables on the outcome NN = 1.  Each model contains a constant. 
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Table 5 
Transitions across market structures 

2000-2003 
 

     

 Government Non-profit 
w/earmark 

Non-profit 
w/o earmark For-profit 

     
Government     

   Transition 2002 to 2003 -- -0.480 
(-10.04) 

-0.169 
(-4.75) 

-0.082 
(-2.70) 

   Transition 2000 to 2002 -- 0.027 
(0.84) 

0.007 
(0.28) 

0.009 
(0.53) 

     
Non-profit w/earmark     

   Transition 2002 to 2003 -0.239 
(-8.48) -- -0.325 

(-10.82) 
-0.081 
(-3.69) 

   Transition 2000 to 2002 0.031 
(1.60) -- 0.032 

(1.54) 
0.023 
(1.42) 

     
Non-profit w/o earmark     

   Transition 2002 to 2003 -0.153 
(-5.03) 

-0.591 
(-13.73) -- -0.108 

(-3.31) 

   Transition 2000 to 2002 0.003 
(0.09) 

-0.012 
(-0.35) -- -0.035 

(-1.17) 
     
For-profit     

   Transition 2002 to 2003 -0.106 
(-2.83) 

-0.198 
(-3.96) 

-0.137 
(-3.13) -- 

   Transition 2000 to 2002 0.003 
(0.15) 

0.065 
(2.08) 

-0.012 
(0.40) -- 

     
 

N = 1,702 for all models.  t-statistics, which are presented in parentheses, were calculated using 
robust standard errors.  Each model contains a constant. 
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Table 6 
Point estimates from main empirical model 

 

Type of clinic: Government Non-profit 
w/earmark 

Non-profit w/o 
earmark For-profit 

     
Competitive effects     
   Government -- -1.922 -2.357 -0.026 
   First non-profit w/earmark -0.010 -2.051 -4.891 -0.006 
   Second non-profit w/earmark -0.035 – -4.104 -0.809 
   Non-profit w/o earmark -4.964 -6.569 – -4.510 
   For-profit -1.174 -0.127 -1.788 – 
     
Demographic characteristics     
   Log(population) 1.052 1.037 0.745 0.894 
   Pct white -0.034- 0.021 0.018 -0.002- 
   Pct divorced females 0.055 0.156 -0.094- 0.104 
   Pct high school education 0.028 0.038 -0.094- 0.016 
   Nurses per 10,000 1.404 1.110 1.295 1.008 
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Table 7 

Average number of clinics in a market: 
Data & simulations 

 
  Simulated Market Structures 

 Data Random eqm 
selection 

Eqm selection 
favors G 

Eqm selection 
favors NN 

Specification: 1 2 3 4 
     
Government 0.244 0.249 0.261 0.237 
Non-profit w/earmark 0.541 0.541 0.548 0.514 
Non-profit w/o earmark 0.096 0.027 0.015 0.050 
For-profit 0.165 0.172 0.177 0.159 
     
Clinic of any type 1.046 0.989 1.001 0.960 
     

 
 
 
 

Table 8 
Number of markets with a clinic of each type: 

Data & simulations 
 

  Simulated Market Structures 

 Data Random eqm 
selection 

Eqm selection 
favors G 

Eqm selection 
favors NN 

Specification: 1 2 3 4 
     
Government 415 423 444 404 
Non-profit w/earmark 748 770 779 734 
Non-profit w/o earmark 164 46 26 84 
For-profit 281 293 300 271 
     
Clinic of any type 1,161 1,116 1,110 1,111 
     

 
 
Note for Tables 7 & 8
Simulated market structures were obtained by simulating the each market’s equilibrium 25 times and 
averaging over simulated outcomes. 

 28



 
 

Table 9 
Simulated Counterfactual Experiment: Close all Public Clinics (G) 

 
     

 All Markets Pct White < Mean 
Specification: No Intervention Close G No intervention Close G 
     
Government 423 0 205 0 
Non-profit w/earmark 770 961 153 241 
Non-profit w/o earmark 46 48 17 18 
For-profit 293 270 98 92 
     
Clinic of any type 1,116 1,048 351 281 
     

 
 
 
 
 

Table 10 
Simulated Counterfactual Experiment: Close all Public Clinics (G) 

 
     

 All Markets Pct High Schl < Mean 
Specification: No Intervention Close G No intervention Close G 
     
Government 423 0 201 0 
Non-profit w/earmark 770 961 258 346 
Non-profit w/o earmark 46 48 37 37 
For-profit 293 270 114 108 
     
Clinic of any type 1,116 1,048 475 409 
     

 
 
 
 
Note for Tables 9 & 10
Equilibrium selection treats all clinics uniformly 
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