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ABSTRACT

The objective of this paper consists in studying fhotential reduction in usage health care
associated with the expansion of private insurambe. Spanish Health System establishes that all
people, independent of their nationality, have rilgat to health care. The right for all citizens to
enjoy health protection and care is laid down iticker 43 of the Spanish Constitution, 1978.
However, Spain needs to reduce public health experdand waiting lists. Using Spanish micro
data from the European Community Household Parekstwdy the impact of the type of insurance
used on health care. In particular, propensity escoethods and matching techniques are used to
estimate the treatment given a vector of obsenmdrtates. The empirical results suggest that
promoting private medical insurance would reducdimglists and increase self-assessed health.
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1. Introduction.

The evaluation of public policies can be definedhesassessment of the actions of public
bodies in terms of the results and impact they haveelation to the needs they are intended to
satisfy. It is a systematic tool which provides asé for rigorous information centred on clear

indications for decision making (European Commissik007).

The evaluation is considered an essential partubfip policy analysis. First, it provides
information on policy performance and provides ination about compliance with its objectives
and goals. Secondly, it contributes to the claaifitn and critique of targets and objectives. It
appears that some objectives and goals accordirgrtain actions do not generate the expected
results. Thirdly, it allows the application of otheethods of policy analysis and becomes an input

to the restructuring of the problem and recommangmwlicies (Curcio, 2007).

The importance of carrying out the assessment bligpolicies is based on the fact that a
process should be considered (with the use of sfteetechniques and the systematic collection of
information about a group of variables of differantdividuals) to evaluate and analyze the
conceptualization, design, management and mongaystem and the outcomes and impacts of the
implementation of policies and programs with thgeotive to facilitate and support the decision-

making and reconciling the interests of everyowelved (Solis et al., 2009).

The evaluation of public policies emerged primarity study the effect that years of
education had on wages. Although there are diffeiesearch papers about the evaluation of public
policies on many topics such as education, envieninand health, there are very few empirical
applications because of the problem of computimgdéita when it is available, which is not usual.

In recent years, some studies have focused onttity ®f public policies related with health



because it is important to get health coverage tmany people as possible, while minimizing costs

as much as possible.

We are going to study the impact on an individuakg of healthcare when he or she has
purchased health insurance. Thus, the problemidetdify the effect of a treatment. In this sense,
the causal effect of interest is the differenceneen the outcome with and without treatment.
Obviously, an individual can not be observed irséhéwvo situations at the same time, so we are

going to focus on the average treatment effect.

In Spain, the National Health Service is almost plate coverage to the entire population.
However, there are several problems such as thek toesontrol health spending, waiting lists, etc.
It is, therefore, necessary to evaluate policieth wespect to the measures taken to address these
problems. One of the solutions that arise to redusts and reduce waiting lists is to use private
healthcare. In this paper we are interested inystgdhe impact of this private insurance in the us

of health services in Spain using microdata frosmEaropean Community Household Panel.

The aim of this paper is to apply public policiesleation techniques to health problems. In
particular we are going to study whether havingeatra health insurance affects the number of
times that health care is required. If having peviasurance increases the number of medical visits
then we say that there is moral hazard. In thiseetihere are two types of moral hazard. When the
individual changes his/her behaviour towards riskduse it has extra insurance it is called ex-ante
moral hazard. The other possibility is that peagiange their behaviour simply because they have
an extra insurance; they seek medical advice oucistances where if they did not have that extra
insurance they would not. To study the influencepobate insurance in the number of medical

visits we will use matching techniques using theesponding score propensity.



The structure of this paper is as follows. Thetrsection provides a brief review of the
literature on empirical applications of evaluatiproblems. In section 3, there is a theoretical
framework. In section 4, the data that we have digethe public policies evaluation is described.

In section 5, we present the empirical results. Anally in section 6, we have the conclusions.

2. Review of the literature.
Research on public policies evaluation is quiteai@ctWe have summarized the literature
review in two tables. In table 1 we have the masuits on evaluating public policies applied to

different applications. In table two we can seertigst important results applied to health.

Table 1: Literature Review

Author Objectives Methodology Results
Manski, Sandefur, | To study the effect gfParametric  modelsTo live in an intact family
McLanahan and family structurg and  non-parametridncreases the probability that
Powers (1992). during adolescenganodels. a child will graduate from
on high  schoo| high school
graduation.
Angrist and Imbens| To  estimate  theTwo-least squargDbservational data can only
(1995). effect of years ofestimation andbe informative about the
schooling or] instrumental causal effect of treatment.
earnings. variables.
Evans and Schwab| To estimate if Bivariate probit To study in Catholic high
(1995). studying in Catholi¢ models. school raises the probability
schools has an effect of finishing high school of
on finishing high entering a college.
school and starting
college.
Angrist (1998). To study the impadilatching estimates | When veterans re-entered the
of voluntary military| with instrumental civilian labour market,
service on the labouwariables. veterans were actually
market. earning less than nonveterans.
Angristand Lavy |[To estimate thelnstrumental To reduce class size induges
(1999). effect of class size anvariables. an increase in test scores for
scholastic fourth and fifth graders,
achievement. although not for third graders.
Casado-Marin, To study the effectsMatching estimates | Women who were working
Garcia-Gémez and | of care giving onwith propensity before becoming a caregiver
Lépez-Nicolas labour outcomes. | score. do not have changes in their
(2008). chances of being employed.

Source: Own elaboration



Table 2: Literature Review

bladder cancer in USA.

Author Obijectives Methodology Results
Mitra and Indurkhya (2005). To study the cost-effemess of A linear model with For bladder cancer treatment, propensity s
cystectomy versus no cystectomy | propensity score. helps make the treatment groups comparable
elderly patients with muscle invasive respect to baseline characteristics.

core
with

Dawson, Gravelle, Jacobs, Martin an
Smith (2007).

dro estimate the impact of the Lond
choice project (LPCP) on ophthalmolo
waiting times in UK.

dbifferences in
ouifferences models.

PLPC produced a small decrease in waiting ti

Basu, Heckman, Navarro-Lozano an
Urzua (2007).

dTo estimate the average treatment efféstrumental variable

and the effect on those treated on 5-y
direct costs of breast- conserving surg
and radiation therapy (BCSRT) compal
with mastectomy in breast cancer patig
in USA.

@aethods.
ery
red
nts

The treatment effect on 5-year medical cost

for

patients whose unobserved characteristics make

them most likely to receive BCSRT

significantly positive.

is

Barros, Machado and
Sanz-de-Galdeano (2008).

To study moral hazard and demand for
health services in Portugal.

Matching techniques.

They conclude that the impzEctnsurance i$

large and positive.

Goodman, Kachur, Abdulla, Bloland
and Mills (2009)

To study the influence of market structu
on the care of malaria in Tanzania

¢.0g-linear regressions

The retail sector is an artgnt source 0

treatment, but antimalarial coverage is low.

Stillman, McKenzie, and Gibson
(20009).

To study the effect of migration on men
health applied to Tongans who migrate
New Zealand.

tddatching techniques.
to

Migration from Tonga to Neval&ad produces

improvements in mental health.

Source: Own elaboration.



Table 2 (Continue):Literature Review

Author Obijectives Methodology Results
Wagstaff, Lindelow, Jun andlro study the impact of a subsidized voluntabDjfferences in differences andiealth insurance has increased the volume of
Juncheng (2009). health insurance program for rural residentsnmatching techniques. care provided.
China.

Sosa, Galarraga, and HarrisTo estimate the impact of “Seguro popular} Multinomial choice model withSeguro populaprogram has had a significantly

(2009). finance health care for the poor in Mexico. |a discrete endogenous variablepositive effect on the access of poor women to

obstetrical care.

Lindeboom, Llena-Nozal, | To study the effect of parental education|tmstrumental variable methods| There is a strongjtive associaition between

and Klaauw (2009). child health outcomes in UK. parental socioeconomic status and child health.

Fabbri, and Monfardini To study the effectiveness of using charges|adltivariate count data model.| The demand for publiealthcare does npt

(2009). waiting lists to rationing public health care|in depend on household income. The demand for
Italy. private healthcare increases with income.

Bago d’Uva and Jones To analyze health care utilisation in Europatent class and latent clasehere are differences between the different types

(2009). using ECHP. hurdle models. of users according to their income.

Wang, Yip, Zhang and To study whether the increase in insurardéference in deferencdt is possible to improve the health of the

Hsiao (2009). involves improving people's health. combined propensity scofpopulation through the expansion of health

matching. insurance.

Wagstaff (2009). To study the impact of Viethnam&ahh care Mixture of high-levell About 60% of those eligible for coverage were
fund for the poor. This is a governmenifferencing and regressiowcovered in 2006, and nearly 80% of those
program to finance health care for poanalysis. covered were eligible.
households.

Bockerman, and llmakunnago study the relationship  betweghifference in deference modelgnemployment does not matter as such for| the

(2009). unemployment and self-assessed health (SAHY propensity score matching.level of SAH.
using ECHP for Finland.

Source: Own elaboration.



3. Theoretical framework.
3.1 Basic definitions.

We are going to define the causal effect in teohgotential outcomes or counterfactuals
(Angrist and Imbens, 1991). We consider an indiglduHe or she can receive the tratment and his/her

outcome isy,. If he/she do not receive the treatment, therhaisbutcomes isy,. Obviously, an

individual can not be in the two states, therefeeecan not observe both.

Let the variablew be a binary treatment indicator, where=1 denotes treatment and= 0

otherwise. We have a random vecl(%,yl,w) from an individual of the population of interest.

Rosenbaum and Rubin (1983) gave the next defirgtion

Definition I We call average treatment effe@&TE) to:

ATE=E(Y, - Y,) - 1)

Definition 2 The average treatment effect on treated (ATE

ATE = E(y, - Y, [w=1). (2)

ATE is the average effect on participants in the mogrin general, ATE and ATE are
different.

Let x be a set of covariates of individual charactersstior example income, education. Then
we can define both previous treatments conditionorg x. The ATE conditional on x is

E(y, - ¥, | X) and theATE conditional onx is E(y, =y, | Xx,w = 1).

Our problem is that we want to estimate the previeffiectsATE and ATE and we can only

observe:

y= (1_W)yo +WY, = Yo + WY, — o) (3)



To solve our problem we need to suppose thas statistically independent ofy,,y, . Jhis
implies thatATE and ATE, are equal and using equation (3):

E(y|w=1)=E(y, [w=1)=E(y,) and E(y|w=0) = E(y, [w=0) = E(y,).
Then, we have:

ATE= ATE =E(y|w=1)-E(y|w=0). @)

If we assume thawv is independent of/,, we can estimatéTE, consistently:

E(y|w=1)-E(y|w=0)=E(y, |w=1)-E(y, |w=0)+
+E(y, -y, Iw=1)=[E(y, Iw=1)-E(y, [W=0)]+ATE" (5

If it holds that

E(y, |w) = E(y,). (6)

substituting in equation (5) we have an unbiaséchasor of ATE, .
We are going to work now with a vectorof observed covariates. Now we have a vector

(yo, Vi, W, x) that describe the population.

When w and (yo,yl) are allowed to be correlated we need the assumfiiet Rosenbaum y

Rubin proposed in 1983 and which was called ignbrabf treatment:

Assumption 1Conditional onx, w and (yo,yl) are independent.

Often it is enough to assume:
Assumption 2a) E(y, | x,w) = E(y, | x) and b)E(y, | x,w) = E(y, | x).
Under Assumption 2he average treatment effect conditionalor{ ATE(x)) and the average

treatment effect of the treated conditional»rf ATE (X)), are identical (Wooldridge, 2002).



3.2 Matching techniques

Matching methods are based on comparing two groOpsone hand, in the first group are
individuals who have received treatment and in gbkeond group, called the control group, are the
individuals who have not received treatment buy th@ve similar characteristics to those who reakive
treatment. In particular, each individual of thestfigroup is paired with one or more individualghe
control group. With this method different outconaes due to treatment. To use these methods we need
to accept Asumption lwhich is a particular case of a balancing score.

Definition 2 A balancing score is a functiob(x) of the observed covariates such that
(Yo, Y, Ow) |b(x) (Rosenbaum and Rubin, 1983).

As we said, the simplest case of balancing scorb(x$=x. To ensure compliance of the

Assumption J1the vector of covariates should contain all information affecting the paigiation in
the program and the variable that is being stud@de of the balancing score most used is the
propensity score (Rosenbaum and Rubin, 1983).

Definition 4 Let x be a set of covariates. The propensity scoreeictimditional probability of

assignment to treatment one, given the covarisifesdenote it:

p(x) = P(w=1]x). (7)

We can use the propensity score to calculate tleeage treatment effect and the averge treatment

effect on the treated. The propensity score isuldsfcause reduces the size of the problem.

Proposition 2(Wooldridge, 2002): Under Assumption 2 and suppbage
0<p(x)<1, allx. (8)
Then

ATE = E(w~- p(x)ly A p(x)JiL- p(x)]} 9)



and

ATE, = E{fw- p(X)ly [t~ p(x)]}/ P(w=1). (10)

The initial bias inx is

B=E(x|w=1)-E(x|w=0). (11)

If we use matching methods and suppose that eaatett individual is matched with a control
individual, then the expected bias in matched samigl:

B, = E(x|w=1)-E,(x|w=0), (12)

m

wherem indicates the distribution in matched samples.eRbaum and Rubin (1983) showed tiat

is the zero vector if we have done exact matchea balancing score. Therefore, if we do matches
using propensity score, the expected bias willdre.z

Once we have calculated the propensity score we Baveral methods to make matching. In
particular, we are going to use nearest-neighbaicining:

* Nearest-neighbour matching: This will match theividhals whose propensity score with the

smaller difference. Nearest-neighbour matching @=sker and Ichino, 2002):

cfi)=min|p; - ;[ (21)
where C(i) is the set of control individuals matched to theated individuali with an
estimated value of the propensity pf and p, is the propensity score of each individual of the

control group.

4. Data description: the European Community Househd Panel.
The data used in this paper are obtained from tldean Community Household Panel
Survey (ECHP). This survey contains data on indigld and households for the European Union

countries with eight waves available (1994 to 200m)e main advantage is that information is
10



homogeneous among countries since the questionisagienilar across them. This source of data is
coordinated by the Statistical Office of the Eurmpe&Communities (EUROSTAT). Also, this survey
includes rich new information about income, edwrgtemployment, health, etc.

This representative survey of households of diffeEeuropean Union countries was carried out
for the first time in 1994 and 60500 householdsenaterviewed (approximately 170000 individuals).
The income measure is disposable (after tax) iddali income. However the reference period of
income is the year prior to interview. The intewsecorresponding to the first eight waves of the
ECHP were performed from 1994 to 2001, meaningtti@torresponding incomes refer, respectively,
from 1993 to 2000 (eight years). All monetary antsun the data are expressed in national currency
units. However, comparisons among countries cambde in equivalent units taking into account

differences in the national currency purchasing grow

5. Empirical results.

The rapid growth of expenditure in European Uniounirdries has been largely the result of
structural factors in the health care system. Nayadthe increase in health expenditure is in ghaet
to a manifestation of a richer society whom loatsrhore health care. Part of this increase is sxau
of population aging and technological improvemenisgeneral, access to some level of health care
services in European countries is universal foirallviduals however individuals may opt to private
health are systems by contracting a supplementawgrage. Obviously, health care systems in
European countries differ in the source of finagciocoverage and means of delivering benefits. This

fact justifies the differences between public andate health expenditure.

Health care systems in the European Union are mnaiimanced through taxation or
contributions from employers and employees. Howeubere exists an important increase in
supplementary voluntary health insurance (doublerage) because individuals look for faster access

to treatment (avoiding long waiting lists) or supeaccommaodation.

11



In recent years, developed countries have mairdaimencreased public spending on health.
Particularly in Spain, public health expenditure Ivacreased from 2000 to 2005 by 0.7% of the gross
domestic product. But also in those countries, eéhfesis been an increased of private spending on
health. In the case of Spain, private spendingeaith has increased between 2000 and 2005 by 0.4%
of the gross domestic product.

In Table 3 we have the number of visits by the &bamn the population to the general
practitioner.

Table 3: Adults by age and number of times they have gomensult a general practitioner

Both sexes Nléirr??ﬁéf;apnedosr))le No time 1-2 Times| 3-5Times 6-9 Timas Mort?nt]gz;n 10
De 16 a 29 afos 8316.6 40.1 34.5 17.5 3.8 3.1
De 30 a 44 afos 9163.9 37.1 33.7 16.3 6.8 6
De 45 a 64 afos 8714.2 28.8 28.3 20 7.7 15.1
65 aflos o mas 6672.4 14.7 20.9 20.3 12.4 31.6

Source ECHP (INE)

In Table 4 we can see the number of people whahad/ate health insurance in Spain in 2001.

Table 4: People who had a private health insurance in Spain

Frequency Percentage
Not known 61 0.51
Have private health insurance 1377 11.51
Heve not private health insurance 10526 87.98
Overall 11964 100.00

Source ECHP (2001)

In order to establish the main socio-demographaratteristics of people who have a private
health insurance, we have classified them into fiveups of variables: personal and household
characteristics: education level, marital statagpme, occupational status, and variables reladed t
individuals’ health. Table 7 shows explanatory &bkes used in estimations and their corresponding
definitions. Firstly, as personal characteristios ave included two variables: individual's age (in
years) and gender (building a dummy variable whaltes value of 1 if individual is female and 0
otherwise). To allow for a flexible relationshiptiveen the probability of having a private health
insurance and AGE, a quadratic polynomial funcwbrihis variable is included (AGE2=Age2). The
second group of variables is referred to the marimevel of education completed. In the ECHP,
education is classified into three categories basedSCED classification: less than secondary level

12



(ISCED 0-2), second stage of secondary level (ISCE@and third level (ISCED 5-7). Thus, two
dummies variables have been included: less thamndacy level (EDUC1) and third level education
(EDUC2). Thirdly, representing marital status, wavé considered four variables (SINGLE,
SEPARATED, DIVORCED and WIDOWED) with married astheference category. On the other
hand, we are concerned with the influence of incoméaving a private health insurance. Our income
variable is natural logarithm of the individual’'sage (Logwage). Other variables included in the
analysis related to occupational status are statesiployment. We have considered a dummy variable
that takes value one if the individual is unemptbysd zero otherwise (UNEMPLOYMENT). Also,
we have considered other variables related toInsgdtus. For example, we have taken into accdunt i
an individual has any chronic condition (CHRONI@)dummy variable (HOSPITAL) that indicate if
the individual has been in the hospital the previowear, the number of visits to the doctor
(NUMBER_VISITS) and finally we have considered tbelf assessed health (SAH) and we have
defined two dummies variable: FAIR_HEALTH (1 if inelual’'s SAH is fair, 0 otherwise) and
BAD_HEALTH (1 if individual's SAH is bad or very o O otherwise). As well, we have incorporated
another dummy variable which takes value 1 if ifdlial smokes daily or occasionally (SMOKER).
Moreover we have defined another dummy variableititcates if the individual has a private health
insurance (PRIVATE_INSURANCE). The definition ofokavariable used in the estimates is given in
Table 5.

The results obtained are based on the ECHP. Wgoang to comment the results for 2001.

Table 6 shows the descriptive statistics (meanstaradard deviation) of our variables.

13



Table 5: Variable definitions
Name Definition
Income
LOGWAGE Natural logarithm of the individual's eamngis

Personal Characteristics

FEMALE 1 if female, O otherwise
AGE Individual's age
AGE? Square of the individual’s age

Marital Status

SINGLE 1 if single, O otherwise
SEPARATED 1 if separated, 0 otherwise
DIVORCED 1 if divorced, 0 otherwise
WIDOW 1 if widowed, O otherwise
MARRIED 1 if married, O otherwise
Employment

UNEMPLOYMENT 1 if unemployed, O otherwise

Health Status

SMOKE

NUMBER_VISITS1

1 if individual is a smoker, O otherwise

Number of visits to general practiter

NUMBER_VISITS2 Number of visits to specialist doctdn the previous year

HOSPITAL 1 if individual has been hospitalized retprevious year, 0 otherwise
FAIR_HEALTH 1 if individual's self assessed healtfair, O otherwise
BAD_HEALTH 1 if individual’s self assessed healthbad or very bad, O otherwise
CHRONIC 1 if individual is an chronic sick, 0 othése

PRIVATE_INSURANCE

1 if individual has private insance, 0 otherwise

Source: Own elaboration from ECHP

Table 6: Descriptive statistics

Variable Mean Std. Dev.
number_visits1 4.0828 6.9875
number_visits2 1.7091 4.0508

age 46.2874 19.6670

widowed 0.0893 0.2851

separated 0.0144 0.1190

divorced 0.0097 0.0980

single 0.3001 0.4583
married 0.5866 0.4925
smoke 0.3208 0.4668
hospital 0.0868 0.2815
chronic 0.2293 0.4204
bad_health 0.1052 0.3069
fair_health 0.2170 0.4122
educ?2 0.1317 0.3382
educl 0.4269 0.4946

logwage 8.5737 1.5832
unemployment 0.0605 0.2384

female 0.5202 0.4996
private_insurance 0.1151 0.3192

Source: Own elaboration from ECHP (2001)



We define a dummy variable representing whether{) or not (y = 0) an individual has a
private health insurance. A set of factors, suclages gender, etc...gathered in a vegtexplain this
fact so the probability model is a regression:

E(y[x) =F(xp).
The set of parametel8 reflects the impact of changesxon the probability. In order to estimate this
equation, a nonlinear specification &f (Can avoid logical inconsistency and the possybiti
predicted probabilities outside the range [01] e Thost common nonlinear parametric specifications

are logit and probit models which have been andly§&o, we are going to use a latent variable

interpretation (Jones, 2000; Greene, 2003). Let
y=1 if y >0
y=0, if y <0
Wherey =x'[+¢.

If we assume that has a standard normal distribution, we obtain thabip model, while
assuming a standard logistic distribution, we abtthe logit model. These models are usually
estimated by maximum likelihood (Pascual and Cantar2008).

Table 7 shows the results of the probit equatidme &im is to model the probability of an
individual to have a private health insurance daretion of socioeconomic characteristics, such as
age, gender, marital status, educational qualiinat work status, earnings, and self assessethheal
For example, the coefficient of unemployment isateg, then an unemployed is less likely to have a
private health insurance than a worker. On therdthad the coefficient of educ?2 is positive, anehnth
university graduates are more likely to have agig\health insurance.

To interpret the quantitave implications of theules we compute partial effects. Table 8 shows
the cuantitative effects of this probit equationoMén are 1.33% less likely to have a private health
insurance than a man. And university graduates5at@é% more likely to have a private health

insurance.

15



Table 7: Probit regression

Probit regression Number of obs = 11964
LR chi 2(12) = 755. 56

Prob > chi 2 = 0. 0000

Log likelihood = -2707.0081 Pseudo R2 = 0. 1225
private_in~e | Coef . Std. Err. z P>| z| [95% Conf. Interval]
_____________ e e e
age | . 0068184 . 001445 4.72 0.000 . 0039862 . 0096506

female | -.1218735 . 0397602 -3.07 0. 002 -. 199802 -. 043945

unenpl oyment | -.3456613 .1055718 -3.27 0.001 -.5525782  -.1387443
wage | . 0000224 1. 88e- 06 11. 94 0. 000 . 0000187 . 0000261

educl | -.543041 .0564289 -9.62 0.000 -. 6536396  -.4324424

educ? | . 3764303 . 0486453 7.74 0. 000 . 2810873 . 4717734
fair_health | -.0452678 .0540882 -0.84 0.403 -.1512788 . 0607432
bad_health | -.2907629 . 0958129 -3.03 0. 002 -. 4785527 -. 102973
chronic | -.0092829 .0585887 -0.16 0.874 -. 1241147 . 1055489
hospital | . 1499782 . 0678568 2.21 0. 027 . 0169812 . 2829751
snoke | -.0855927 .0409362 -2.09 0.037 -.1658262  -.0053592
married | . 0513936 . 0400972 1.28 0. 200 -.0271953 . 1299826
_cons | -1.805005 . 064746  -27.88 0.000 -1.931905 -1.678105

Now, we are going to estimate the average treatefédt and the average treatment effect on
treated. To calculate the average treatment effethe treated we have used two different matching

models: single match and four matches.

16



Table 8: Partial effects for probit model

Probit regression, reporting marginal effects Number of obs = 11964
LR chi 2(12) = 755.56
Prob > chi 2 = 0. 0000
Log likelihood = -2707.0081 Pseudo R2 = 0.1225
privat-~e | dF/ dx Std. Err. z P>| z| x-bar [ 95% C. | . ]
_________ e o e e e
age | . 0007421 . 0001564 4.72 0. 000 46. 2874 . 000436 .001049
femal e*| -.0133309 .0043542 -3.07 0.002 .520227 -.021865 -.004797
unenpl ~t*| -.0294186 . 0067336 -3.27 0. 001 . 060515 -.042616 -.016221
wage | 2.44e-06  2.13e-07 11.94 0.000 7625.52 2.0e-06 2.9e-06
educl*| -.0565584 . 0055794 -9.62 0. 000 . 426864 -.067494 -.045623
educ2*| . 0510876 . 0080468 7.74 0.000 .131729 .035316 .066859
fair_h~h*| -.0048267 . 0056472 -0.84 0. 403 .216984 -.015895 .006242
bad_he~h*| -.0263112 .0070387 -3.03 0.002 .105232 -.040107 -.012516
chronic*| -.0010063 . 0063255 -0.16 0.874 .229271 -.013404 .011391
hospi tal *| . 0180279 . 0089466 2.21 0.027 . 08676  .000493 .035563
snmoke*| -.0090921 . 0042471 -2.09 0. 037 . 320796 -.017416 -.000768
married*| . 0055548 . 004306 1.28 0.200 .586593 -.002885 .013994
_________ e o e e e
obs. P | . 0716316
pred. P | . 0535052 (at x-bar)

(*) dF/dx is for discrete change of dummy variable fromO to 1

z and P>|z| correspond to the test of the underlying coefficient being O
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Table 9 shows the results of the estimation ofaherage treatment effect of having private
health insurance on the number of consultation$ sftecialists using four matches. This output
implies that for the individuals of our sample, theerage effect of having a private health insugaec

an increase of the number of consultations witltisists by 0.77.

Table 9: ATE on the visits to specialists

Mat ching estimator: Average Treatnent Effect

Wei ghting matrix: inverse variance Nunmber of obs = 9558
Number of matches (nm) = 4
nunmber _vi s~2 | Coef . Std. Err. 4 P>| z| [95% Conf. Interval]
_____________ e e e e e e e e e e e e e e e e e e e e e e e e e e mm e mmm e mm e e e e mm e mmm o — =
SATE | . 7684034 . 1760355 4.37 0.000 . 4233801 1.113427

Mat chi ng vari abl es: | ogwage educ2 bad_heal th hospital chronic snoke married age

Table 10 shows the results of the estimation ofawerage treatment effect of having private
health insurance on the number of visits to theegdmractitioner using four matches. We can see in
this output that for the individuals of our samples average effect of having a private healthriznsce

is a decrease of the number of visits to the gépeaatitioner by 0.53.

Table 10: ATE on visits to the general practitioner

Mat ching estimator: Average Treatnent Effect

Wei ghting matrix: inverse variance Nunmber of obs = 9557
Number of matches (nm) = 4
nunmber _vi s~1 | Coef . Std. Err. z P>| z| [95% Conf. Interval]
_____________ e e e e e e e e e e e e e e e e e e e e e e e e e e e e mmm e e e e e e m e mmm—m—— -
SATE | -.5326462 . 2682606 -1.99 0.047 -1.058427 -.0068651

Mat chi ng vari abl es: | ogwage educ2 bad_heal th hospital chronic snoke married age
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Tables 11 and 12 show the results of the estimatiothe average treatment effect on the
treated on the number of consultations with spistsaland the number of visits to the general
practitioner using four matches. The effect of hgva private health insurance on the consultations
with specialists on those who have private heaftbuiance is an increase of the number of
consultations by 0.77. On the other hand, the etiEbaving a private health insurance on the numbe

of visits to the general practitioner is a decrdas8.31.

Table 11: ATE, on the visits to specialists using 4 matches
Mat ching estimator: Average Treatnment Effect for the Treated

Wei ghting matrix: inverse variance Nunmber of obs = 9558
Nunmber of matches (n) = 4
nunber _vi s~2 | Coef . Std. Err. z P>| z| [95% Conf. Interval]
_____________ Fo e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e mmm o mmmm o — -
SATT | . 7710293 . 1569122 4.91  0.000 . 4634869 1.078572

Mat chi ng vari ables: | ogwage educ2 bad_health chronic hospital snoke narried age

Table 12: ATE on visits to the general practitioner using 4 e

Mat ching estimator: Average Treatment Effect for the Treated

Wei ghting matrix: inverse variance Nunmber of obs = 9557
Number of matches (nm) = 4
nunmber _vi s~1 | Coef . Std. Err. z P>| z| [95% Conf. Interval]
_____________ e e e e e e e e e e e e e e e e e e e e e e e e e e mm e mmm e mm e e e e mm e mmm o — =
SATT | -.3132209 . 1668378 -1.88 0.060 -. 6402169 . 013775

Mat chi ng vari ables: | ogwage educ2 bad_health chronic hospital snoke narried age
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Table 13 shows the results of the average treateiéatt on the treated on the number of
consultations with specialists using single mafdie effect of having a private health insurancehan
consultations with specialists on those who hawaf® health insurance is an increase of the number

of consultations by 0.79. This conclusion is simitathe previous results.

Table 13: ATE on the visits to specialists using single match
Mat ching estimator: Average Treatnment Effect for the Treated

Wei ghting matrix: inverse variance Number of obs = 9558
Nunmber of matches (n) = 1
nunber _vi s~2 | Coef . Std. Err. z P>| z| [95% Conf. Interval]
_____________ Fo e e e e e e e e e e e e e e e e e e e e e e e e e e e e e mmm o mmmm =
SATT | . 7932564 . 2070232 3.83 0.000 . 3874984 1.199014

Mat chi ng vari ables: | ogwage educ2 bad_heal th chronic hospital snoke narried age

Table 14 shows the results of the average treateféett on the treated on the number of visits
to the general practitioner. The effect of havingiaate health insurance on the number of visithe

general practitioner is a decrease by 0.28.

Table 14: ATE on visits to the general practitioner using singkech

Mat ching estimator: Average Treatment Effect for the Treated

Wei ghting matrix: inverse variance Number of obs = 9557
Number of matches (nm) = 1
nunber _vi s~1 | Coef . Std. Err. z P>| z| [95% Conf. Interval]
_____________ Fo e e e e e e e e e e e e e e e e e e e e e e e e e e e e e mmm o mmmm =
SATT | -.2778764  .2279139 -1.22 0.223 -. 7245795 . 1688267

Mat chi ng vari ables: | ogwage educ2 bad_heal th chronic hospital snoke narried age
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6. Conclusions.

The evaluation must be considered assarantial part of public policy analysis. It condes to
the clarification and critique of objectives andaty In Spain, there exists an important problem
referred to “long waiting lists” for non-urgent meal care, in diagnostic or therapeutic procedulres.
this sense, it is important to study if promotingvate medical insurance would reduce waiting lists
and increase self assessed health.

Evaluation of public policies is important becauserovides feedback on the efficiency,
effectiveness and performance of public policiesl @an be critical to policy improvement and
innovation. In essence, it contributes to accouatgbvernance.

Using the European Community Household Panel abtiqpevaluation policies techniques, we
have studies if there exist differences in the neidd visits to specialist doctors between indivldu
with public healthcare coverage only and the pdmrawith double healthcare coverage through
additional affiliation to mutual or private healthsurance companies. In this sense, there is no
empirical evidence of an overuse of health carethi®y population with double health insurance
coverage. We have used matching techniques to astithe average treatment effect and the average
treatment effect on the treated of having a prive@ith insurance on the number of medical visits.

In this paper, we have also analysed the charatitariof those individuals who have private
health insurance. The results of the probit motelsthat most of the coefficients are significant a
have the expected signs. For example, UNEMPLOYMHEES a negative coefficient. Also, those with
less education (and fewer years of education) ese likely to have a private health insurance. The
education coefficients maintain statistical sigrafice showing that more education leads to anasere
in the probability of having a private health irsuoce.

For the individuals of our sample, the averagectftéd having a private health insurance is an
increase of the number of consultations with spistsaby 0.77. On the other hand, the average teffec
of having a private health insurance is a decresiee number of visits to the general practitiobgr
0.53. To calculate the average treatment effecthentreated we have used two different matching
models: single match and four matches. The resfiltdl models are similar. The effect of having a
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private health insurance on the consultations vegplecialists on those who have private health
insurance is an increase of the number of consuitatby 0.77-0.79. On the other hand, the effect of
having a private health insurance on the numbeiisifs to the general practitioner is a decrease by

0.28-0.31.
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