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Abstract

Background: Since 1973, health care cost have been covered through atax financed
National Health Security. For certain types of health care, such as dental care, use of
pharmaceuti cal s, medical aids, physiotherapy and chiropractor treatment, a co-payment
has to be paid by the patient. A private health insurance association, ‘danmark’,
emerged at the same time, and its role has primarily been to cover co-payments. To be
insured it isrequired that the personiswell, under 60 years of age, and isnot using any

pharmaceutical regularly.

Purpose of the study: It isthe purpose of the present study to examine the determinants
of membership of ‘danmark’ , and to examine whether membership has any influence
on demand for healthcare whichis covered by the insurance. Moreover, it is a purpose
to examine, whether membership varies systematically with income, education and

health status which would be considered inequitable.

Data: The study is based on a nation-wide Health Interview Survey, “Sundhed og
sygelighed i Danmark, 1994" (Health and Morbidity inDenmark,1994) by DIKE (T he
Danish Institute of Clinical Epidemiology). The survey is based on a sample of 6,001

adults, and interviews were obtained with 4,668 respondents.

Methods: Data were analysed by multivariate techniques. Membership was analysed
using multiple choice - and sequential choice logistic regression. As to demand for
health care, a two part decision was assumed: First, whether to see a health care
provider or not, and secondly, conditioned on decidingto do so, deciding the number
of visits or the amount of health care. This two part decision was analysed using a
Tobit model. Alternative formulations, including hurdle- and count data models

(Poisson, zero-inflated Poisson, negative binomial, zero-inflated negative binomial)
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were also used. Though some differences were found using these models, their results

correspond fairly well to the Tobit results.

Results: The probability of being insured increases with income, length of school
educationand length of vocational education. The probabilityishigher for femalesthan
for males and increases with age until the age limit of 60 years for enrolling in
‘danmark’. Poor health reduces the probability of being insured. It is concluded that
distribution of membership by socio-economic characteristics is unequal and that

health related distribution of membership is aso unequal.

The analysis of consumptionisresricted to types of care with co-payment: dental care,
chiropractor treatment, physiotherapy and pharmaceuticals. U se of these typesof health
care was slightly higher for those who were insured; the differences was significant at
a5% level for dental care and chiropractor treatment, although the insured had a better

health status.
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|. Introduction

The National Health Security and private health insurance.

Since 1973, health care cost have been covered through a National Health Security
(Sygesikring) with universal and comprehensive coverage, financed through general
taxation. The Danish health care system is based on the principle of agate-k eeper - the
general practitioner - allowing early and continuous contact for all basic needs of
treatment, supported by the speciali zed hospital ansspecialist system. A referral sysem
IS rationing access from the primary level to the secondary level (Johansen, 1995).
Citizens have an option of choosing between two groups of the scheme, Group 1 and
Group 2. Members of Group 1 are assigned a GP within 10 kilometres from their
home, and they can not change to another GP before 6 months after having been listed
with a specific GP. For Group 1 members, medical care provided through ageneral
practitioner, a specialist or a public hospital is free. It is required from Group 1
members, however, that they obtain areferral from a GP before seeking care from a
specialist. In contrast, Group 2 members can choose a new GP whenever they w ant,
and they do not need a referral to visit a specialist. In return, they must pay acertain
share of the expensesfor a consultation as co-payment. Other types of heal th care such
as home nursing, a visit from a health visitor or dental care for children and young
persons is also free. About 98 per cent have chosen Group 1 membership (Ministry of
Health 1999), so the alternative group is almost insignificant, and it serves mostly as
a safety valve for those who do not want to be assigned a specific GP or to request a
referral before seeing a specialist. For other types of health care such as adult dental
care, use of pharmaceuticals, whether prescribed or not, physiotherapy, medical aids
or chiropractor treatment, a co-payment has to be paid. The co-payment varies with
type and amount of payment. Medicine which has been approved for a public subsidy,
has been subsidised with either 75% or 50%. (T his rule was changed as of March 1%
2000).



It has been estimated that in 1994 the private payment by the citizens (mostly co-
payment) amounted to about 17,4 % of the total running cost of health care, while the
rest was financed through taxes (MEFA, 1996). The share increased to 18,8% in 1999
(Sundhedsministeriet 2001).

The non-profit insurance association ‘ danmark’ was created in 1973, and until recently
it has been nearly the only insurance company providing private health insurance in
Denmark. It emerged from a number of sick funds which existed prior to 1973 when
the sick funds were closed, and the public health insurance scheme was established.
Therole of ‘danmark’ isprimarily to cover co-payments, and in some cases it also pays
for health carewith no public reimbursement. Actually, theinsurance offers 4 different
types of coverage (Sygeforsikringen ‘danmark’ 2001).

Group 1 is designed for Group 1 members of the National Health Security and
provides coverage for services for which a co-payment is demanded (dental care or
treatment by dental technicians, physiotherapy, chiropractor treatment, chiropody,
spectacles, contact lenses, pharmaceuticals, medical aids and visit to health resorts).

Group 2 isdesigned for Group 2 members of the National health security, and it
offers the same kind of coverage as Group 1 plus the co-payment demanded from
Group 2 members.

Since 1990, “danmark” has also provided coverage for treatment at public hospitals
outside the patient’s own county, or at private hospitals. The are a number of
restrictions in the coverage, however.

Group 5 is mainly aimed at young people who typically have a smaller need for
insurance coverage. Thus, the coverage and the premium is lower compared to the two
former groups. Group 5 was introduced in 1980.

Members of Group 8 are passive members and are not entitled to any benefit; the
groupsserves rather as agroup which entitles members to be transferred later to one
of the groups mentioned above, once they have become members. This group was

introduced in 1992.



To beinsured it is required that the person is well when entering, under 60 years of
age, and is not using any pharmaceutical constantly. When insured, it is possible to
change from one insurance group to another with a different premium and coverage.
There are few other insurance companies in Denmark which offer health insurance,
mostly an insurance that releases a lump-sum in cash in case of a very serious or
untreatable illness, or pays for treatment at private hospitals. From 1999, Group 5
members of ‘danmark’ have also been offered an insurance for treatment at a private
hospital. There are no official figuresfrom the companies, but it is shown by Pedersen
(2000) that the number of insurance policies was insignificant before 1998.
‘danmark’ reimbursed 1,208 million DKK in 1997 which should be compared to the
total health care cost of 72.3 billion DKK (Sundhedsministeriet, 1999). The reimburse-

ment was composed as shown in Table 1.

Table 1. Reimbursement by theinsurancecompany ‘danmark’, 1997. Million DKK. (1 EUR
= 7.56 DK K).

GP, specialist, hospitalization, etc. 91.3
Dental treat ment 480.7
Physiotherapy 42.9
Glasses, lenses 109.8
Chiropractor 35.2
Medicine 417.7
Chiropody 21.2
Funerd aid 8.9
Total 1,207.6

Source: Sygesikringen ‘ danmark’ (1999).

Private payment has increased from about 15.5 % since 1985 (Christiansen et al.,
1999), and there is a general expectation in the population that it might increase even

further. This might be one of the reasons why the number of insured in“danmark” has



increased steadily since it was established.

The distribution of insured in the population.

Earlier studies have shown that the distribution of health insurance premiums is
progressive, that is, increases by income. Thus, Christiansen and Lauridsen (1997)
calculated a Kakwani index of progressivity! (Kakwani 1977) for various types of
health care financing, based on a household expenditure survey from 1987 by
Danmarks Statistik and found theresultsshownintable 2. Income per equivalent adult
in ahousehold was calculated using aformulaby Aronson et al. (1994), letting the two

parameters be equal to 0.52.

Table 2. Kakwani index of progressivity in health care financein Denmark, 1987. Various

components of financing.

Direct Indirect Insurance Own Macro weighted
taxaion taxaion premiums payment total®
0.0624 -0.1126 0.0313 -0.2654 -0.0063

! In short, a Kakwani index measures the extent to which a tax system departs from
proportionaity. Let a Lorenz diagram measure the cumulative proportion of income along the
horozontal axis and the cumulative amount of income or payment on thevertical axis. Now,
the index can be calculated from the area between two concentration curvesin the diagram,
one being the concentration curve relaed to post tax income and the other to the after tax
income. Theindes varies from-2 to +1 A positive vaue of the index is associated with
progressvity, zero with proportiondity, and a negative with regressvity.

? Equivalised income was calculated as .,/ (Adults + 0.5* Children).

® The macro weights were the following in 1987: Direct taxes: 72.5%, indirect taxes:
12.2%, irsurance premiums 1.5%, and own payment: 13.8%.
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Whilethe overall payment is slightly regressive, mostly due to the revenue stemming
fromindirect taxation, the insurance premiums are slightly progressive, that is, the
upper income classes pay a higher share of the total amount of premiums, compared
to their share of the total income. It should be noticed, however, that the premiums
weighted only 1.5% of the total health care costs in 1987.

Inthepresent study it will beconsideredinequitable if membership of ‘ danmark’ varies
systematically withincome or education. It woul d also be considered inequitable, if the

probability of membership varies positively with good health.



II. Purpose and data

Purpose

It is the purpose of the present study

- to examine the determinants of membership of the private insurance ‘ danmark’,

- toexaminew hether theprobability of anindividual being member variessy stematical-
ly with income, education and/or health status, and

- to examine whether membership hasany influence on demand for health care which

is covered by the insurance.

Data

The study is based on a on the nation-wide survey “ Sundhed og sygelighed i Danmark,
1994" (Healthand Morbidity in Denmark, 1994) by DIKE (T heformer Danish Institute
of Clinical Epidemiology), (Kjgller etal., 1995). The survey is based on a sample of
6001 adults, and interview was obtained with 4,668 respondents. Respondents were
selected by a random procedure among the adults who were 16 years or older, from a
register of the Danish population by Statistics Denmark. The sampleisrepresentative
forthe adult population. Dataincluded information onage, gender, length of education,
income, household composition, health status, use of health care and insurance in
‘danmark’. The information on education include information about length of school
education (including high school) and length of vocational education (including both

theoretical and/or practical education).

Char acteristics of the sample

Some personal characteristicsalong by membership of ‘danmark’ is shownin Table 3.
There are more femal es than males among the members.

In total, 27% of the sample was insured in 1994. According to ‘danmark’, 1.5 million

of the total population was insured in 1998. Children below 16 years of age were
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insured with one of the parents without extra payment. The largest percentage of
members was found in the age group between 35 and 64 years. The mean age was
between 44 and 45 years.

Self-assessed health (SAH) was a question about the respondent’ s health in general
with 5 response categories, 1 being the best category. 84.4% among the insured as
compared to 77.1 % among the uninsured rated their health in one of the upper
categories (“excellent” or “very good”), while only 3.9% among the insured as
compared to 6.4% among the uninsured rated their health in the two lower categories
as “poor” or “bad”. As shown in table 3, the percentage having insurance varies
systematically with SAH: 30% of those with very good health are members as
contrasted to 18% among those with bad health.

The mean equivalised income was higher among insured (226.067 DKK versus
184.264 DKK among the uninsured), (p=0.00, t-test). Mean age was about equal
(44.19 years among insured, compared to 44.69 years among uninsured), (p=0.41, t-
test).

37.6% of the sample reported that they had alongstanding illness - 34.7% among the
insured versus 39.0% amongthe uninsured. 25% of those with along-standing illness

were insured as compared to 28% among those without.
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Table 3. Member ship of ‘danmark’ and personal characteristics, 1994.

% with  Tota p**
Member-  in
Ship  sample
Gender Femde 31 2426
Mde 23 2237 <0.01
Age 16-24 18 738
25-34 24 905
35-44 36 876
45-54 35 770
55-64 31 548
65-74 21 490
75+ 14 336 <0.01
SAH* 1 30 1840
2 28 1847
3 21 709
4 19 187
5 18 79 <0.01
Longstanding illness
yes 25 1753
no 28 2910 <0.01
Total 27 4663

* Category 1 of SAH isvery good (the best category). ** Chi square tests.
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[11. Demand for insurance in ‘danmark’

Early studies of insurance choicein the U S were made by Phelps (1976), M arquisand
Phelps (1987), Keeler, Morrow and Newhouse (1977). van de Ven (1987) studied
demand for health insurance while Propper (1989) studied the demand for private
insurancein England and Wales, and Cameron etal. (1988, 1991) studied determinants
of health insurance in Australia. As described by Mossialos et al. (2000), private

insurance may either complement or supplement public coverage.

Hypotheses and variables.

The present study builds on earlier studies, and the analyses are organised with due
consideration to the specific features of insurance in‘danmark’ and the availability of
relevant data. Demand for insurance should be understood as a prediction of enrollment
inthe private insurance asa member, depending on anumber of explanatory variables.
The variables which are expected to influence demand are shownin Table 4 along with
the expected signs. As described above, to be insured requires that the individual is
well and under the age of 60 when entering. But once the insurance has been tak en out
the person can continue being insured for the rest of his or her life.

The probability of aperson being insured is expected to increase with age because of
greater “need” for health care. However, the share of insured above 60is expected to
decrease with increasing age because of the age limitation of enrollingin ‘danmark’,
and therefore the age-squared variable is expected to have a negative sign. Moreover,
enrollment increased historically since the creation of ‘danmark’ in 1973. Women are
known to use health care more than men. Children under the age of 16 could be insured
with their parentsw ithout any extra premium, which gave anincentivefor familieswith
children to enroll. Length of schooling and further education are used as proxies for
general knowledge which is assumed to affect the attitude towards insurance. Two

health variables are used: self-assessed health with five categories, and a dummy for
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longstanding illness. Due to enroliment criteria, members are expected to be in better
health compared to non-members, so bad health and longstanding health problemsare
expected to be negatively associated with membership of ‘danmark’. High income is
an enabling factor and it is assumed to be positively associated with membership.
Income is measured as income per equivalent adult using method by Aronson et al.

(op.cit.) with both parameters set equal to 0.5.

Methodol ogy.

Demand was analysed using logistic regression models due to the categorical nature
of theresponse variable. We empl oy two model types: The multinomial response logit
model (Nerlove and Press 1973; Long 1997) and the ordered response logit model

(Zavoina and M cElvey 1975, Long 1997).

The multinomial response logit model specifies
py=m | ;) = exp(Bm) / Zir s exp(xPy) , m=1..J,
where x; isthe vector of covariates for respondenti, 3, the coefficientvector for choice
m, and J the number of choices, with the standardization 3, = 0. Thus, a positive 3
indicatesthat the probability of choosing the alternative in question before thereference
choice Jincreaseswhen the covariateincreases. The magnitude of [3 does not have any
straight interpretation, however.

The goodness-of-fit of the model is analysed using the conventional LR test for all
covariates. Significance of variable k implies the hypothesis 3,, = B = .. = B4 =0,
which is easily tested using a Wald type test (see Long 1997). Further, we test for
equality of outcomes. Two choices, say m and n, are indistinguishable if p(y,=m|x; ) =
p(y;=n | x, ) for all x;, which implies the hypothesis 3, = [3,. This hypothesisis tested
for all pairs of choices using a Wald type test. Finally, in order to measure the
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Table 4. List of variablesand their expected sign. N = 4044.

Variable Coding, units Expected sign Mean SD
Age Years + (?if Age*2 dgnificant) 4517 17.79
Age Years2 -
FEMALE Male=0, fenale=1 + 0.50 0.50
Number of

children Number + 052 088
Years of

schooling Y ears + 945 174
Vocational

education Years + 202 159
SAH?

excellent Yes=1, no=0 (Omitted category) 040 049

good Yes=1, no=0 - 040 049

fair Yes=1, no=0 - 015 0.36

poor Yes=1, no=0 - 004 020

bad Yes=1, no=0 - 0.01 0.13
Longstanding

illness Yes=1, no=0 - 0.62 048
Income per equivaent

Adult 1000 DKK + 193.21 83.86
Membership

group 1 (Response variable) 0.09 0.28

group 2 0.03 0.17

group 5 0.002 0.05

group 8 014 035
Not member 9 0.74 045
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effect of changing covariates on the probabilities for the choices, we report the
discretionary change effects. These are calculated as the change in probability for

choice m when the covariate x, changes its value from xq to xg ,

A ply=m [x) 1 A x =[p(y=m |x, =Xg) - ply=m | X , X =Xs)] / (X~ X).

For a continuous variable, we let xg = X, and x¢ = X, +1, while for adummy variable xg
= 0 and xg = 1, in both cases holding all other variables at their sample means.

A major shortcoming of the multinomial response logit model is the ignorance of an
eventual ordering of choices. Such an ordering defined as “degree of insurance” may

be relevant for the present case, as, in terms of insurance degree,

Group 2 > Group 1 > Group 5> Group 8 > not member.

The ordered response logit model is able to handle this problem. It is specified by

p(y; <) =AW, -xP) . j=1.. 31

or, equivalently,

p(y; = 1) = A(p, - xP)
ply; =) = A(Hj -xB) - A(}.LJ-_1 - x;P3), 1<j<J, and
ply; =) = 1- A(Kys - xP)
where A is the cumulated logistic distribution function, defined by

A(z) = exp(2) / (1+exp(2)),
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while the |4, s are parameters determining the threshol ds between succeeding choices
in an underlying unobserved utility-of-insurance function. Thus, a high W, determines

a high utility of choice j, so that

0= IJ'(Z) > IJ’(l) > IJ’(S) > IJ'(B) > IJ'(not member)*

Due to a standardization requirement, one of the ; s must be restricted to a fixed
value. We follow the SAS PROC LOGISTIC convention b, = 0, where J indexes
Group 2 membership. Therefore, all the |1, swill be negative. The magnitude and signs
of these do not have any interpretation, while the distance between [, and W;, may
be interpreted asthe unconditional increase in latent utility by shifting from choicej to
choice j+1.

An important restriction in this model as compared to the multinomial model is the
assumption of parallel probabilities, expressed as equality of the regression parameter
vector [3 for each choice, while only the thresholds vary. The assumption of parallel
probabilitiesis tested using a Lagrange M ultiplier test (see Long, 1997). Goodness-of-
fit of the model is analysed using the conventional LR test for all covariates. Opposed
to the multinomial model, significance of variable k is easily assessed using
conventional asymptotic t values. Finally, in order to measure the effect of changing
covariates on the probabilities of the choices, we report the discretionary change

effects, calculated as for the multinomial model.

For the case of the multinomial model, we found it natural to define the base choice J
to be “not member”. Thus, significance of estimated parameters indicate differences
withrespectto probabilities of membershipinstead of non-membership. Unfortunately,
while estimating the model, we encountered a complication. Due to the very low

number of respondents in Group 5 (13 only) of which none reported their SAH to be
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poor (SAH=4) or very poor (SAH=5), the variables SAH4 and SAH5 could not be
applied. Therefore, we combined these with the fair (SAH=3) variable. Thus, we
defined the variable

SAH345 =1, if SAH=3, 4 or 5 and O otherwise.

Results
The results are shown in Table 5. From the single-variable W ad testsit isinferred that
number of children and presence of longstanding illness do not influence the
probabilities of membership in either group. Further the choice was affected to some
degree (but significantly weak) by self-assessed health; those reporting good health
(SAH=2) and very good health (SAH=1) are indistinguishable, while those with
neutral, poor and very poor health (SAH=3, 4, 5) differ significantly. Further, sex,
income, number of school years, vocational education and age influence the
probabilities of membership. A closer inspection of the coefficients for each choice
reveals several interesting features. Asfemaleshavehigher probabilitiesof membership
of Group 1 and 8 (as indicated by the highly significant positive coefficient to the
gender variable), they do not differ significantly from males with respect to
probabilities of Group 2 or 5 membership. Number of school years affects all
membership probabilities except Group 5, while vocational education impacts Group
8 membership only. Age has the expected curvature effect on probabilities for Group
1 membership (with atop at 67 years), for Group 2 (with atop however at 97 (!) years,
whichmerely indicates that the probability for this group increases monotonically over
the sample range) and for Group 8 (with atop at 40 years), while no age effect is
present for Group 5. Finally, neutral to very poor health reduces the probability of
Group 8 and (weakly) Group 2 membership, while no effects were found for Groups
1 and 5.

The Wald tests for indistinguishability of choices reveal that Groups 5 and 8 are

indistinguishable. W e therefore combined these two Groups to one - in the following
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denoted as Group 5+8 - in order to increase the efficiency of the estimation. One

further benefit was that we were able to apply all SAH categories separately.

Table 5. Multinomial response logit model with 4 insurance groups.

Vari abl e Esti mat e Wal d for

Goup 1 G oup 2 Goup 5 Group 8 vari abl es
(df =4)

| NTERCEPT -8.741*** -13.719***-5,513 -6.087*** 261. 36***
(0.79) (1.49) (3.48) (0.62)

Femal e 0.573*** 0. 240 0. 881 0. 647*** 59. 43***
(0.12) (0. 20) (0.67) (0.10)

EQ I NC 0. 006*** 0. 011*** 0. 009** 0. 002*** 113. 69***
(0.0009) (0.001) (0.004) (0.0007)

SCHOOLYR 0. 130*** 0.287*** 0.149 0. 082** 24, 65***
(0.04) (0.07) (0. 26) (0.04)

VOCEDU 0. 059 -0.116 0. 248 0. 096*** 12. 50**
(0.05) (0.07) (0.23) (0. 04)

AGE 0. 130*** 0.163***-0. 178* 0. 162*** 86. 26***
(0.02) (0.05) (0.11) (0.02)

AGE2 -0.001*** -0.001** 0.002 -0.002*** 74. 46***
(0.0002) (0.0004) (0.001) (0.0003)

NUMCHI LD -0. 005 0.229 -1.339 -0. 020 4.85
(0.08) (0.15) (0.91) (0.05

LSILL -0.026 -0.351 -0.595 -0.131 4,24
(0. 14) (0.22 (0.70) (0.11)

SAH2 -0.022 -0.275 0.404 -0.179* 4.57
(0.13) (0.22 (0.70) (0.10)

SAH345 -0.251 -0.513* -0.378 -0.529*** 12. 91**
(0.19) (0. 30) (1.23) (0.17)

AGE EFF. TOP 67 95 55 40

Basel i ne choice : Not nenber

LR test for covariates = 5952. 42***( df =40)

Wal d for indistinguishability(df=10):
Wal d(1 vs 2)=35.37*** Wal d(1 vs 5)=21.86**
Wal d(2 vs 5)=32.93*** Wal d(2 vs 8)=162. 14***

Wal d(1 vs 8)=126.35***
Wal d(5 vs 8)=14.68
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Notes. Standard errorsin par entheses. Significanceat 1 (***), 5 (**) and 10 (*) per cent levels.

Table 6. Mutinomia response logit model with 3 insurance groups.

Vari abl e Esti mate Wwal d for

Goup 1 Group 2 Group 5+8 vari abl es
(df =3)

I NTERCEPT  -8.737*** -13.714*** 5, 888*** 256, 78***
(0.79) (1.49) (0.61)

FEMALE 0. 572*** 0. 239 0. 650*** 59. 07***
(0.12) (0. 20) (0. 10)

EQ I NC 0. 006*** 0.011*** 0.003*** 110. 65***
(0.001) (0.001) (0.001)

SCHOOLYR 0. 130*** 0.287*** 0.082** 24. 40***
(0.04) (0.07) (0.04)

VOCEDU 0. 058 -0.117 0. 098*** 11, 98***
(0.05) (0.07) (0.04)

AGE 0. 130*** 0.163*** 0. 153*** 79.22%**
(0.02) (0. 05) (0.02)

AGE2 -0.001*** -0.001** -0.002*** 68. 43***
(0.0002) (0.0004) (0.0003)

NUMCHI LD -0.005 0.228 -0.029 2.86
(0.08) (0. 15) (0.05)

LSI LL -0.029 -0.359 -0.153 4.18
(0.14) (0.22) (0.11)

SAH2 -0.023 -0.278 -0.173* 4.04
(0.13) (0.22) (0.10)

SAH3 -0.232 -0. 463 -0.431** 8.18*%*
(0. 20) (0.32) (0.17)

SAHA -0.373 -0. 656 -0.693** 5.90
(0. 35) (0.54) (0. 34)

SAH5 -0.175 -0.666 -2.135*%* 5. 00
(0.47) (0.78) (1.02)

AGE EFF. TOP 68 96 41

Basel i ne choice : Not nenber

LR test for covariates = 5866. 17***(df =36)

Wal d for

i ndi stinguishability (df=12):
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Wal d(1 vs 2)=35.47***  Wald(1 vs 5+8)=127.59%**
VAl d(2 vs 5+8)=161. 62%**

Notes. Standard errars in parentheses. Significance at 1 (***), 5 (**) and 10 (*) per cent levels.

Table 6 shows the re-estimated model. The results are largely the same as for the 5-
choice case, with some further details on the impact from SA H: While SAH seemsto
have an almost ignorable overall effect (as seen from the Wald tests for SAH2 -
SAHDS), it is seen from the coefficients of the specific choices that neutral, poor and
very poor health reduces the probability of Group 5+8 membership, and that this effect
Is strengthened with ill-health.

Table 7 presents the discretionary change effects on the probabilities. An average
female hasa12.4 per cent units higher probability for any membership than an average
male, mainly distributed with 8.8 per cent on Group 5+8 and 3.5 per cent on Group 1.
Increasing incomewith D KK 20.000increasesthe probability for Group 1 membership
with (20*0.05) or 1 per cent unit. An additional year of schooling (added to the mean
of 9.4) leads to a 2.36 per cent unit higher probability of any membership, while an
additional year of further educationincreases theprobability of Group 5+8 membership
with 1.6 per cent units. Presence of very poor health reduces the probability of Group
5+8 membership with 18.6 per cent units. Finally, prob(xmean) shows that an average
person has a conditional probability of 29.5 per cent units of any membership,
distributed with 9.0 per cent to Group 1 1.9 per cent to Group 2, and 18.6 per cent to
Group 5+8.

Next, we estimated the ordered response logit model. As suggested from the results
for the multinomial model, Group 5 and Group 8 are indistinguishable. W e therefore
employed the modified choice sequence

Group 2 > Group 1 > Group 5+8 > not member.

The results are summarized in Table 8 and correspond well with those for the
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multinomial model. Number of children and presence of longstanding illness do not

affect the probabilities of membership significantly. People with good SAH are not

Table 7. Multinomial response logit model. Discretionary changes effects.

Vari abl e A prob

Goup 1 Goup 2 Goup 5+8 Sum

FEMALE 0.035 0.001 0.088 0.124
EQ I NC 0. 0005 0.0002 0.0002 0. 001
SCHOOLYR 0.009 0.005 0.009 0. 024
VOCEDU 0.003 -0.002 0.015 0. 016
AGE 0.004 0.002 -0.004 0. 001
NUMCHI LD -0.0003 0.005 -0.005 -0.001
LSI LL 0.001 -0.006 -0.022 -0. 027
SAH2 0.001 -0.004 -0.025 -0.028
SAH3 -0.011 -0.006 -0.055 -0.073
SAH4 -0.019 -0.008 -0.081 -0. 107
SAH5 0.004 -0.007 -0.164 -0. 167
pr ob( xmean) 0. 090 0. 019 0. 186 0. 295

different from those with very good SAH, while those with fair, poor or very poor
SAH are. Again, ill-health has a downward shifting effect on the probability of
membership in any group. Femal es have an upward shift in probabilities of membership
as compared to males. Income, number of school years and further education have
upward shifting effects, while age has the expected curve-shaped effect with atop at
the age of 60. The model LR indicates a strong significance of the covariates, whilethe
LM test indicates the major weakness of the model, namely a strong implausibility of
the parallel regression assumption. By construction, 11,y is0, while the other |, sare

negative. The distance between 11(not nemvery @Nd 11(s.g) IS close to the distance
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between 115,y and 114y, While there is a large distance from 114y to u(,). This
indicatesan especially largejump in latent utility when moving from Group 1 to Group

2 membership.

Table 8. Or dered response logit model.

Vari abl e Esti mate St andard Error
M(not member) - 8. 642*** 0. 47
W(5+8) -7.161%** 0. 46
M1 -6.089*** 0. 46
FEMALE 0. 514*** 0.08
EQ I NC 0. 005*** 0. 0005
SCHOOLYR 0. 151*** 0.03
VOCEDU 0. 058** 0.03
AGE 0. 091*** 0.01
AGE2 -0. 0008*** 0. 0001
NUMCHI LD 0. 003 0. 05
LSI LL -0.124 0. 09
SAH2 -0.103 0. 08
SAH3 -0. 306** 0.13
SAH4 - 0. 454** 0.23
SAH5 -0. 688* 0. 36

Age eff. top = 60 years

LR test for covariates = 394***(df =12)
LMtest for parallel probabilities

= 448. 87*** (df =24)

Notes. Significansea 1 (***), 5 (**) and 10 (*) per
cent leves. |, isrestricted to 0.

Before leaving the ordered response model, we notice that the discretionary change
effectsreportedin Table 9 largely corresponds withthose reported for the multinomial

model. A remarkable exception is the SAH variables, where the ordered response
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model provides a smaller estimate of the effect of ill-health on membership. Such a
deviation was to be expected, as the coefficients for SAH4 and SAH5 in the
multinomial model varied strongly across insurance groups.

Asboth income and number of years of schooling increases the probability of aperson
being member in either of the insurance groups, there exists an inequality in
membership distribution. The general tendency is for ill-health to decrease the
probability of being ainsured as seen from the coefficient of the variablelong-standing
IIness and self-assessed health less than good, and this is further a sign of inequality

in membership distribution.

Table 9. Ordered response logit model. Discretionary changes effects.

Vari abl e Aprob

Goup 2 Goup 1 Group 5+8 Not nenber

SEX 0.015 0.041 0.050 -0. 106
EQ I NC 0. 0002 0.0003 0.0005 -0. 001
SCHOOLYR 0.005 0.012 0.015 -0.032
VOCEDU 0. 002 0.004 0.006 -0.012
AGE 0. 001 0.002 0.002 -0. 005
NUMCHI LD 0. 0001 0.0001 0.0003 -0. 0005
LSI LL -0.004 -0.010 -0.012 0. 026
SAH2 -0.003 -0.008 -0.010 0. 021
SAH3 -0.008 -0.022 -0.030 0. 060
SAH4 -0.011 -0.031 -0.043 0. 085
SAH5 -0.015 -0.042 -0.063 0.120
pr ob( mean) 0. 031 0. 092 0. 167 0.710

Concluding, we suggest to discard the ordered response model (while retainingit asa
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benchmark model and for comparison with the multinomial model). The shortcoming
of the ordered response model, eventually, might be remedied using some model
formulation in-between this model and the multinomial one, such as the adjacent
category model, the continuation ratio model or the stereotype model (see Long
(1997) for anoverview and further references). Unfortunately, none of thesearereadily

implemented in any available software package yet.

What happens inside ‘danmark’ ?

The multinomial model necessarily assumes that one of the parameter vectors is
restrictedto 0 due to identification. We chose [3,= 0, Jbeing the choice * not member’ .
Then a significant parameter for a specific covariate on the probability of any choice
indicatesthat the covariate has asignificantly higher (or lower) effect on this choiceas
compar ed to the choice of non-member ship. Asan example, we found that femal es had
asignificantly higher probability than malesfor choosing Group 1 membership instead
of non-membership. Likewise, we found tha females have a higher probability than
malesfor choosing Group 5+8 membership instead of non-membership. But we could
not clarify wether females have a different probability than males for choosing group
1 membership instead of Group 5+ 8 membership. Actually it is a Smple matter to
examine this problem. The multinomial model may be re-estimated using Group 5+8
as the baseline choice. Then significant parameters indicate different probabilities for
choosing Group 1 or Group 2 comparedto Group 5+8. Next, we could usegroup 1 as
the baseline group in order to clarify significant differences between Group 1 and

Group 2 probabilities.

Using Group 5+8 membership as baseline choice provided the results in Table 10.

Significant effectson choosinggroup 1 comparedto Group 5+8 werefound for income,

age and very poor SAH. An interpretation of these effects may be obtained from the
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discretionary change effects reported in Table 8. |:ncreasing income with DKK 1,000
increases the probability of Group 1 membership with 0.046 per cent units and the
probability og Group 5+8 membership with 0.024 per cent units, leaving Table 10.

Multinomial response logit model. Baseline choice: Group 5+8.

Vari abl e Esti mate
Goup 1 G oup 2 Not menber

| NTERCEPT ~ -2.848%** -7 826%** 5 888***
(0. 94) (1.58)  (0.61)
FEMALE -0.078  -0.411* -0.650***
(0. 14) (0.22)  (0.10)
EQ I NC 0.004*** 0. 009***-0. 003***
(0.0010) (0.0015) (0.0007)
SCHOOLYR 0.048 0. 205***- 0. 082*
(0. 05) (0.08)  (0.04)
FURTHEDU -0.040  -0.215***-0.098***
(0. 05) (0.08)  (0.04)
AGE -0.023 0.010  -0.153***
(0. 03) (0.05)  (0.02)
AGE2 0.0009*** 0.0010** 0.0019***
(0.0003) (0.0005) (0.0003)
NUMCHI LD 0. 024 0.257*  0.029
(0. 09) (0.15)  (0.05)
LSI LL 0.123  -0.206  0.153
(0. 16) (0.24)  (0.11)
SAH2 0.154  -0.105  0.173*
(0. 16) (0.24)  (0.10)
SAH3 0.199  -0.032  0.431**
(0. 25) (0.35)  (0.17)
SAH4 0.319 0.037  0.693**
(0. 47) (0.62)  (0.34)
SAH5 1. 960* 1.469 2. 135**
(1.10) (1.27)  (1.02)
AGE EFF. PEAK 13 -5 41

26



Notes. Standard errorsin parentheses. Significanceat 1 (***), 5 (**) and 10 (*)

per cent levels.  See Table 7 for goodness-of-fit and tests for variable's

significance.

a significant difference of (0.046-0.024) or 0.022 per cent units, which implies that
rising income with DKK 40,000 increases the probability of choosing Group 1
compared to Group 2 with (40*0.022) or closeto 1 percent. Similar cdculations lead
to the result that the probability of choosing group 1 compared to Group 5+8is(0.4-(-
16.4)) or 16.8 per cent units for aperson with very poor SAH. That is, conditioned on
member ship, peoplewith very poor health have asignificant probability for transfer to
the insurance group with full coverage. Finally, the probability of choosing Group 1
compared to Group 5+8 increases monotonically and accel erating with age.

Table 10 further shows that sex, income, school years, further education, age and
number of children have a significant impact on the probability of choosing Group 2
comparedto Group 5+8. Using Table 8, femd es have a negative tendency to insurein
Group 2, astheir probability of choosing Group 5+8 compared to Group 2 is (8.8-0.1)
or 8.7 per cent units. Income has a negative effect, as an additional DKK 1,000 leads
to a(0.024-0.019) or 0.005 per cent units higher probability of choosng Group 5+8
comparedto Group 2. Similar negative effects arefound for the number of school years
(0.4 per cent units per year) and further education (1.7 per cent units per year). In
contrast, age has a podstive effect which is accelerated throughout the sample range of
age. Finally, number of children has a positive effect, as an additional child increases
the probability of Group 2 membership in advance of Group 5+8 membership with
(0.5-(-0.5)) or 1.0 per cent units.

Table 11 shows the estimated multinomial choicelogit model with Group 1 as baseline
choice. Here we found that income, school years and further education affects the
probability of choosing Group 2 compared to Group 1. Using table 8 again, the
probability of choosing Group 2 comparedto Group 1 fallswith (0.046-0.019) or 0.025

per cent units when income rises with DKK 1,000 . An additional year of school

27



reducesthe probability with (0.9-0.5) or 0.4 per cent units, while anadditional year of
further education reduces the probability with (0.3-(-0.2)) or 0.5 per cent units.

Table 11. Multinomial response logit model. Baseline choice: Group 1.

Vari abl e Estimate
G oup 2 G oup 5+8 Not nenber
| NTERCEPT -4, 978*** 2. 848*** 8. 737***
(1.63) (0.94) (0.79)
SEX -0.334 0.078 -0.572***
(0.22) (0.14) (0.12)
EQ I NC 0. 005*** -0.004*** -0. 006* **
(0.002) (0.001) (0.001)
SCHOOLYR 0. 157** -0.048 -0.130***
(0.08) (0.05) (0.05)
VOCEDU -0.175** 0. 040 -0. 058
(0.09) (0.05) (0.05)
AGE 0. 033 0. 023 -0.130***
(0.05) (0.03) (0.02)
AGE2 0. 0001 -0. 0009*** 0. 0010***
(0. 0005) (0.0003) (0.0002)
NUMCHI LD 0. 233 -0.024 0. 005
(0.16) (0.09) (0.08)
LSILL -0. 330 -0.123 0. 029
(0. 25) (0.16) (0.14)
SAH2 -0. 255 -0. 150 0. 023
(0. 25) (0.16) (0.13)
SAH3 -0.231 -0.199 0. 232
(0. 36) (0.25) (0. 20)
SAH4 -0. 283 -0. 320 0.373
(0.61) (0.47) (0.35)
SAHS -0.491 - 1. 960%* 0.175
(0.87) (1.10) (0.47)
AGE EFF. EXT: -150( PEAK) 13(TOP) 68( PEAK)

Notes. Standard errors in parentheses. Significanceat 1 (***), 5 (**) and 10 (*) per cent
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levels. See Table 7 for goodness-of-fit and tests for variable’ ssignificance.
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Conclusion

The probability of membership increaseswithincome, years of schooling and age until
the age of 60 years. There seems a tendency towards an inverse relationship between
ill-health and the probability of being insured. When looking at the choice of
membership groups, a more detailed picture emerge. Especially, conditioned on
membership, the probability of choosing one of the groups with relatively high

coverage seems to increase with poor health and age.
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V. Demand for health care among insured and non-insured

The effect of insurance on demand for health care has been studied to a large extent.
Most well-known are the results from the Rand Experiment, reported by Manning et
al. (1987) showingthat utilisation increases with degree of coverage. Unlike most other
studies, the Rand Experiment was based on a randomization of participants to health
plans with different degrees of coverage. Propper (2000) studied the use of private

health care as a function of its costs and benefits relative to state care.

Hypotheses, models and methodol ogy
With reference to general demand theory use of health care is assumedto be negatively
influenced by co-payments, while insurance against co-payments is assumed to offset
this effect. A distinction must be made, however, between the influence on demand for
afirst contact to a provider for a given health problem, and the amount of health care
used during the ensuing treatment. T hus, it can be expected that insured persons have
a higher propensity to make contact to a provider. As to the medical decision by the
provider - eventually in ajoint decision by the provider and the patient - concerning the
amount of care consumed once a contact has been made, the co-payment may or may
not be taken into account. We assume as aworking hypothesisthat the co-payment is
taken into account to a certain extent, and that this effect isproportional (up to a scale
factor) to the effect of the co-payment on the probability.

Three hypotheses emerge from these considerations:

1) Insurance against co-payment is expected to affect the probability of using the types
of health care for which co-payments are demanded.

2) Insurance against co-payment is expected to affect the amount of

consumption of health care for which a co-payment is asked, once a contact has been
made.

3) Insurance is expected to impact the probability and the amount proportionally (up
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to s scale factor).

As described above, co-payment for health care is especially related to use of dental
care, chiropractor treatment, physiotherapy and medicine. Following the hypotheses
statedabove, it is expected that the use of these servicesis higher for insured compared
to non-insured due to a lower price. Therefore, use of these services have been
anal ysed separately with two explanatory variables: membership of ‘danmark’ (inany

group) as well as membership of Group 1 or 2 as explanatory variables.

Methodology

Due to the naure of the problem, a two-part decision was assumed. Frst, to see a
health care provider or not and, secondly, the eventual number of visits provided a
contact has been made.

One model of such atwo part decision is the Tobit model, which combines aprobit
model (for the probability of seeing the provider) with a censored regression (for the
number of visits, provided acontact is made). A central assumption of the Tobit model
is the absence of a hurdle between the two parts of the decision. This corresponds to
an assumption about absence of a supply-side or health care provider effect: The
probability of an additional visit is affected by the same variablesasthosethat explain
afirst contact to the provider, and the effects on the probability and number of visits
are proportional.

The assumption is tested using a split-sample chi-square test- denoted PROBIT - for
equality of the scaled Tobit estimates and the corresponding unrestricted probit
estimates: Equality then implies absence of a hurdle; see Appendix.

A further number of specification tests were performed, including a LR test for co-
variates, a RESET test for functional form, and tests for heteroscedasticity and

normality; see Appendix for details on these as well as the T obit model.
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Especially, strong evidence of violation of the normality- and homoscedaticity
assumptions led usto consideration of dternative, robust estimation. We considered
two such procedures: The Powell (1986) STL S estimator and the Powell (1984) CLAD
estimator (Seealso Buchinsky, 1994 and Johnston and DiNardo, 1997). Unfortunately,
none of these methods applied to the present cases due to the high percentages of
censored observations. Actually, both methods require that well below 50 per cent of
the observations are censored.

Asa further solution - and in order to provide ‘bench-mark models’ - we consider a
number of count data models. These models may to some degree circumvent the
heteroscedasticity - and non-normality problems attached to the Tobit model. An
additional advantage of such models is that they address the event-count - as well as
the seldom-occurrence nature of the observed number of visits to a health care
provider. We consider several such models. Asabeginning, thesimplelogit probability
model as well as the Poisson regression model are reported. Due to the commonly
found dispersion of the Poisson model, the negative binomial regression (NEGBIN)
model isconsidered. Finally, due to the high degree of censoring in the number of visits
itisnaturally to consider zero-inflated versions of the Poisson aswell asthe NEGBIN
model. The zero-inflated Poisson model (ZIP) consists of a Poisson regression model
combined with alogit split function modelling the probability of zero visits. Replacing
the Poisson part of the ZIP with aNEGBIN leads to the zero-inflated NEGBIN model
(ZNEGBIN). SeeLong (1997), Cameron and Trivedi (1998), Agresti (1990,1996) for
details. In order to facilitate eval uation of these models against each other, we provide
LR testsfor inflation (i.e. Poisson vs. ZIPand NEGBIN vs. ZNEGBIN), for dispersion
(i.e. Poisson and ZIP vs. NEGBIN and ZNEGBIN) and for Poisson vs. the most
general ZNEGBIN. Finally, to facilitate sensitivity analyses across models we report
the sample means and quantiles of slopes. See the A ppendix for details on count data

models.
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Analyses

The analysis of consumption is restricted to dental care, chiropractor treatment,
physiotherapy, and prescribed drug. The variables which are expected to influence
demand for health care are shown in Table 12. The core variables are membership of
‘danmark’ , measured by two variables to allow for adistinction between low and high
coverage: DANMARK iscoded 1 when the respondent is amember of any group, and
otherwise 0. Likewise, DANMARK(1+2) is coded as 1 for Group 1 or Group 2
membership with the highest coverage, and otherwise 0. For short, the last group is
denoted “full members”. The other variables are control variables and includeincome
defined as household income per equivalent adult, length of formal school education
and subsequent vocational education, and gender. A non-linear effect of age was
expected, so three age variables were used. Health was measured by presence of a
longstanding illness and self-evaluated health (SAH) in five categories (category “1"
being the best).

Analysis of demand for dental care
The dependent variable is NUMDEN = number of visits to a dentist during the last 3
months.

Table 13 summarizes the results from a Tobit estimation of the demand for dental
care. The first two columns present the estimated coefficients and the sample slopes
for the number of visits, whereas the third and fourth columns present the scaled
estimates, i.e. the coefficients for the probit part, specifying the probability of seeing
adentist, and the sample slopesfor these probabilities. From the Estimate columnitis
seen that membership aswell asfull membership of ‘danmark’, further education, age,
sex and sel f-assessed health significantly impact thetendency to see adentist. Members
of ‘danmark’ has an average of 0.24 more visits per 3 months, or (4*0.24),
corresponding to approximately 1 additional visit per year. Full members further have

an additional 0.14 visit every 3 months, or close to (2¥*4*0.14), corresponding to
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approximately 1 additional visit every second year. Likewise, the probability of seeing
adentist duringthe3 monthsis 3.89 per cent units higher for members and (3.89+2.28)
or 6.17 per cent units higher for full members. For age, the tendency to see adentist has
apeak at the age of 20 and atop at the age of close to 70. T he slope for ageis positive
inside this range and highest around the age of 45, while it is negative outside this
range. The magnitude of the age effect, however, is quite small. Thus at the 0.75
quantile, the slope of 0.005 - roughly - indicates that an additional 10 yearsof age only
lead to (10* 4*0.005) or 0.2 additional visits per year, or two additional visitsduring a
10-years period. The effect of further educationispositive. On the average, 5 additional
years of education thus leads to (5*4*0.0429) or close to 1 additional visit per year,
while the probability of seeing adentist within 3 monthsincreases with (5*0.68) or 3.4
per cent units. Further, females have a higher (but weakly significant) propensity to see
adentist: The additional number of visits is(3*4*0.0747) or closeto 1 additional visit
during a period of 3 years whereas the probability of seeing a dentist during the 3
months period is 1.19 per cent units higher than for men. The effect of SAH is quite
strong. Those with very poor SAH has on average (4*0.52) or 2 fewer visits per year
than those with very good SAH. As it is a standard in Denmark to see a dentist
regularly twice a year, this implies that people with very poor health do not see a
dentist at all. The probability that these people visited a dentist during the 3 month
periodis8.33 per cent unitslower than for those withvery good SAH. Opposed to this,
those with poor SAH has (4*0.34) or more than 1 additional visit per year as
compared to those with very good health, combined with a5.34 per cent units higher
probability of seeing a dentist within 3 months. A possible explanation of this feature
could be that the SAH4 works as a proxy for tooth problems, thus leading to a higher
tendency to see a dentist, whereasthose with very poor SAH may betoo ill to goto a
dentist - or anywhere - at all.

The LR test for covariates suggeststhat the model is highly significant. The RESET

test suggests adequacy of the chosen linear specification. Especially, this precludes
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Table 13. Visitsto a dentist. Tobit estimation.

-Nunmber of visits--  —------ Probability of visits-------
Vari abl e Estimate Slope Scaled estinate Sl ope of scal ed

| NTERCEPT  -1.6117 -0.5179

(1.105) (0. 355)
EQ I NC 0. 00010 0. 0003 0. 0003 0.00005

(0.001) [0.0002;0.0003] (0.0002) [0.00002; 0. 00008]
SCHOOLYR 0.0102 0. 0033 0. 0033 0.0005

(0.047) [0.0028; 0. 0038] (0.015)  [0.0002; 0. 0008]
VOCEDU 0. 1334*** 0. 0429 0.0429*** 0.0068

(0.044) [0.0370; 0. 0492] (0.014)  [0.0031; 0. 0099]
FEMALE 0.2322* 0.0747 0. 0746* 0.0119

(0.122) [0.0644; 0. 0857] (0.004)  [0.0055;0.0173]
AGE -0. 0826 -0.0011 -0. 0265 0.0001

(0.072) [-0.0042;0.0052] (0.002)  [-0.0003;0.0008]
AGE2 0.0027* 0. 0009*

(0.002) (0. 0004)
AGE3 -0. 00002** -0. 000008* *

(0. 00001) (0. 000003)
DANMARK 0. 7603*** 0. 2446 0.2443*** 0.0389

(0.165) [0.2109; 0. 2805] (0.053)  [0.0180; 0. 0567]
DANMVARK( 1+2) 0. 4478** 0. 1441 0.1439*** 0.0228

(0.188) [0.1242;0. 1652] (0.061)  [0.0106; 0. 0334]
LSI LL -0. 0962 - 0. 0309 -0.0309  -0.0049

(0.140) [-0.0355;-0.0267] (0.045)  [-0.0072;-0.0010]
SAH2 - 0. 2458* -0.0791 -0.0790* -0.0126

(0.135) [-0.0906;-0.0682] (0.043) [-0.0183;-0.0058]
SAH3 -0. 2066 - 0. 0665 -0.0664  -0.0106

(0.204) [-0.0762;-0.0573]  (0.065) [-0.0154;-0.0049]
SAH4 1. 0439*** 0. 3359 0.3355*** 0.0534

(0.323) [0.2896; 0. 3851] (0.103)  [0.0247;0.0778]
SAH5 -1.6298***  -0.5244 -0.5238*** -0.0833

(0.603) [-0.6012;;-0.4522] (0.194) [-0.1214; - 0. 0386]

0=3.11 (se=0.06) Logl=-5103.71 LR test for covariates=1529.63 (df=14,
pr ob<0. 001)

RESET=6. 35 (df =2, prob=0. 04) HETSC=673. 33 (df =14, prob<0. 001)
NORMAL=14088. 18 (df =2, prob<0.001) PROBI T=10.29 (df=14,prob=0.74)

% noncensored=37.2 . Age turnpoints approx. 20 (peak) and 70 (top)

Notes. Asymptotic t values for estimates in parentheses. Sample Q25 and Q75 for slopes in square brackets.

36



the necessity of adjusting for interaction effects (Examples of such effects might be
that the effect of membership depends on income level, SAH or sex). Further, the
PROBIT test indicates absence of ahurdle effect. We may thus re ect the presence of
a health care provider effect on the expected number of visits.

Important weaknesses of themodel is indicated by the NORM AL and HETSC tests.

The normality assumption as well as the homoscedasticity assumption is strongly
rejected. Thus, we investigated different count datamodels, which are summarizedin
Table 14.
A comparison of the logit model to the scaled estimates in Table 13 reveals a few
differences with respect to variable significance and slopes. M ost remarkable is the
insignificance of SAH4 in the logit. Further, the effect of insurance is higher in the
simple logit specification. This is further the case for the gender effect, the effects of
school years and further education, and the very poor SAH effect. On the other hand,
a similar comparison of the Poisson model and the Tobit shows that the effect of
insurance on theexpected number of visitsis much lower for the Poisson specification.
This also holds true for the gender effect as well as the effects of education and bad
SAH, while the income effect is higher - and even significant - for the Poisson.
Employing the NEGBIN framework, however, the LR(disp) test indicates adispersion
problem in the Poisson model, thus questioning the reliability of the estimated effects
from this specification. Actually, the significance and the slopes from the NEGBIN
model has a fair correspondence with the those of the Tobit model. Still, though, the
insurance effects are smaller for the NEGBIN than for the Tobit.

The NEGBIN and the Poissonmodels suffer from the presence of a significant zero-
inflation as indicated by the strongly significant LR(infl) test for the ZIP and the
ZNEGBIN. Combining the indication of overdispersion in the Poisson model with this

indication of zero inflation, we consider ZNEGBIN to be the optimal choice among

Table 14. Visits to a dentist. Count data models.
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LOG T POl SSON NEGBI N ZI P ZNEGBI N
PO SSON LOG T-SPLIT NEGBIN LOGQ T-SPLIT
Vari abl e
| NTERCEPT ~-0.4368 -0.8428** -0.7130 -0.1025 4.0619* -0. 4991 19. 216
(0. 646) (0.423) (0.499) (0.509) (2.247) (0.697) (0)
EQ I NC 0. 0006 0. 0006* 0. 0006 0. 0001 -0.0018 0. 0003 0. 0016
(0.0005) (0.0003) (0.0004) (0.0004) (0.002) (0.0003) (0.004)
[0.0001] [0.0002] [0.0002] [0.0003] [-0.0002] [0.0001] [00005]
SCHOOLYR 0.0127 -0.0074 -0. 0086 -0.0625***-0.2717*** -0.0304 -0.5051***
(0.026) (0.017)  (0.021)  (0.020) (0.095) (0.022)  (0.183)
[ 0.0030] [-0.0024] [-0.0036] [-0.0065] [-0.0280] [-0.0029] [-0.0159]
VOCEDU 0.1032*** 0.0424** 0.0435** -0.0025 -0.2225*** 0. 0259 -0. 2526
(0.025) (0.017) (0.020) (0.020) (0.079) (0.021) (0. 156)
[0.0240] [0.0140] [0.0180] [0.0249] [-0.0229] [0.0256] [-0.0079]
SEX 0.1271* 0. 1557*** 0. 1503*** 0.1668*** 0.0296 0. 1577*** 0. 4333
(0.069) (0. 046) (0. 055) (0. 055) (0. 216) (0. 056) (0. 396)
[ 0.0296] [0.0513] [0.0621] [0.1000] [0.0030] [0.0891] [0.0136]
AGE -0. 0792* -0. 0190 -0. 0301 -0. 0080 - 0. 2250* -0. 0220 -1.5985***
(0.043) (0.027) (0.032) (0.032) (0.124) (0.053)  (0.264)
[0.0014] [0.0045] [0.0049] [0.0106] [0.0027] [0.0077] [0.0008]
AGE2 0. 0025*** 0. 0006 0. 0009 0. 0001 0. 0042* 0. 0006 0. 0332***
(0.001) (0.001) (0.0007) (0.001) (0.002) (0.001) (0.007)
AGE3 -0. 00002*** -0.00001 -0.00001* 0.000002 -0.00002 - 0. 000003 -0. 0002***
(0.00001) (0.000004)(0.000005)(0.000004) (0.00002) (0.00001) (0.00005)
DANMARK 0.5082*** (0,3629*** 0.3657*** (0.2835***-0. 5695 0.3313***-1, 2242
(0.094) (0.059)  (0.072) (0.070)  (0.480) (0.071)  (1.808)
[0.1182] [0.1197] [0.1512] [0.2436] [-0.0586] [0.2592] [-0.0385]
DANMARK( 1+2) 0. 2642** 0.2166*** (0.2303*** (0.0331 -0.8174** 0. 0857 -2.3982**
(0.107) (0.068)  (0.084) (0.082)  (0.391) (0.085)  (1.026)
[0.0615] [0.0714] [0.0952] [0.1177] [-0.0841] [0.1374] [-0.0754]
LSILL -0.0972 -0. 0039 -0. 0095 -0. 0509 -0. 0394 -0. 0581 -0.4211
(0.079) (0.053) (0.064) (0.066) (0.247) (0.067)  (0.451)
[-0.0226] [-0.0013] [-0.0039] [-0.0269] [-0.0041] [-0.0240] [-0.0132]
SAH2 -0.1700** -0.1113** -0.1087* -0.0414 0. 5922* -0.0844 0. 8733
(0.076) (0.052) (0.062) (0.062) (0. 316) (0.062) (0.554)
[-0.0395] [-0.0367] [-0.0450] [-0.0960] [0.0610] [-0.0850] [0.0274]
SAH3 -0.1969* 0. 0008 0. 0137 0.2788*** 1.2345*** 0. 1436 1.6953***
(0. 115) (0.076) (0.091) (0.097) (0.353) (0.099) (0.611)
[-0.0458] [0.0003] [0.0057] [0.0264] [0.1271] [0.0372] [0.0533]
SAH4 0. 0852 0.8717*** 0.9864*** 1,3643*** 1.8017*** 1.0566*** 2, 2347***
(0.188) (0.093) (0.128)  (0.116)  (0.403) (0.161)  (0.742)
[0.0198] [0.2874] [0.4079] [0.6326] [0.1855] [0.6195] [0.0702]
SAHS -1.0378*** -0.7981***-0.7661** 0.0486 2.1900*** -0.3328 3. 0790***
(0. 360) (0. 275) (0. 300) (0. 415) (0.728) (0. 359) (1.155)
[-0.2414] [-0.2632] [-0.3168] [-0.2300] [0.2254] [-0.3229] [0.0967]
Logl -2565. 57 -4196.81 -3856.22 -4000. 36 -3790. 61
LR(cov) 210. 82 216. 69 154. 46 338. 75 158. 39
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{df; prob} (14;<0.001)(14;<0.001)(14;<0.001) (14; <0.001) (14; <0.001)

LR(di sp) 681. 18 419.50
{df; prob} (1;<0.001) (1;<0.001)
LR(infl) 392.91 131. 22
{df; prob} (15; <0. 001) (15; <0. 001)
LR( poi s) 812. 40
{df; prob} (16; <0.001)

Notes. Standard errors in parentheses. Sample means for slopes in square brackets. Significanceat 1 (***), 5 (**) and 10

(*) per cent levels.

the count data specifications. Actualy, this model correspondswell with the Tobit results.
The effects of insurance are very similar for the two models, as welll as the effects of
income, gender and education, while the effects of age and SAH deviates slightly.
Finally, we notice that the significance patterns vary for the tw o models. Education, age
full membership of ‘danmark’ and very poor SAH seem to influence the probability of
seeing a dentist (i.e. the logit-split) rather than affecting the number of visits (i.e. the

NEGBIN part). Concluding, this may be a slight indication of some hurdle effect.

Analysis of demand for chiropractor visits

Table 15 summarizesthe Tobit results for chiropractor visits. The effects of insurance are
especially strong for full members, having (2*4*(0.057+0.088)) or approximately 1
additional visit every second year as compared to non-members. Regarding health, the
visitorsto a chiropractor seem to be characterized by fair or even good SAH rather than
poor SAH. The presence of longstanding diseases adds approximately 1 visit per 4 years
and a 1.49 per cent higher probability for any visits during athree-month period. Age has
the expected curvature effect with a top at the age of 50 years, though the magnitude of
the effect is quite limited. Femaes have aslightly higher tendency to see a chiropractor,
amounting to an additional visit per approximately 6 year and a 0.95 per cent units higher

probability. Income school years and further education do not have significant impact.

Table 15. Visitsto a chir opractor . Tobit estimation.
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--Nunber of visits-- = —------ Probability of visits-------

Vari abl e Estimate Sl ope Scal ed estimate Sl ope of scal ed
| NTERCEPT -25.2168*** -2.8387***

(5.114) (0.533)
EQ I NC 0. 0061 0. 0002 0. 0007 0. 00005

(0.005) [0.0001;0.0003] (0. 0006) [ 0.00002; 0. 00006]
SCHOOLYR -0. 3300 -0. 0101 -0. 0372 -0. 0024

(0.288) [-0.0138;-0.0045]  (0.032) [-0.0033-0.0013]
VOCEDU - 0. 2803 -0. 0086 -0. 0316 -0. 0021

(0.272) [-0.0117;-0.0038]  (0.031) [-0.0028;-0.0011]
SEX 1.2847* 0. 0392 0. 1446* 0. 0095

(0.750) [0.0173;0.0535] (0.083) [0.0050; 0. 0129]
AGE 0.5067*** -0. 0007 0. 0570*** -0. 0002

(0.159) [-0.0037;0.0026] (0.017) [-0.0010; 0.0007]
AGE2 -0. 0059*** -0. 0007***

(0.002) (0.0002)
DANMARK 1.8728* 0. 0572 0.2108* 0.0138

(0.971) [0.0253;0.0781] (0.108) [0.00770. 0188]
DANMARK2 2.8661*** 0. 0876 0. 3226*** 0. 0073

(1.042) [0.0387;0.1195] (0. 115) [ 0.0039; 0. 0100]
LSl LL 2. 0240** 0. 0618 0.2279*** 0. 0149

(0.817) [0.0273;0.0844] (0.090) [0.0079; 0.0203]
SAH2 2.2138** 0. 0676 0. 2492*** 0.0163

(0.876) [0.0299;0.0923] (0.097) [ 0.0086; 0. 0222]
SAH3 2.5224** 0.0771 0. 2840** 0.0186

(1.185) [0.0341;0.1051] (0.132) [ 0.0098; 0. 0253]
SAH4 2.2987 0. 0702 0. 2588 0.0170

(1.861) [0.0310;0.0958] (0. 209) [ 0.0089; 0. 0231]
SAHS -1.4230 -0. 0435 -0.1602 -0. 0105

(3.844) [-0.0593;-0.0192] (0. 433) [-0.0143;-0. 0055]

0=8.88 (se=0.70) Logl =-802.38 LR test for covariates=371.30 (df=13, prob<0.001)
RESET=0. 64 (df=2, prob=0.72) HETSC=76.23 (df=13, prob<0.001)
NORMAL=416852. 97 (df =2, prob<0.001) PROBI T=10.92 (df=, 14 prob=0.69)

% noncensored=3.1 . Age turnpoint approxi mtely 50 year.

Notes. Standard errors for estimates in parentheses. Sample Q25 and Q75 for slopes in square brackets. Significance at 1
(***),5 (**) and 10 (*) per cent levels

The RESET test indicates absence of non-linearities and interaction effects, and the
PROBIT test points to absence of hurdle effects, while the HETSC and NORMAL tests
indicate violation of the homoscedacity and normality assumptions.

Count data models for chiropractor visits are summarized in Table 16. The logit
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estimates and the scaled Tobit estimates correspond quite good. The same variables are
significant for both models, and the slopes for these variables are fairly equal with the
exceptionof full membership of ‘danmark’ , where the logitreports a higher effect thanthe
scaled T obit. The Poisson model deviates especially by claiming significance of income
and further education. However, the NEGBIN results end up with a LR(disp) value
indicating strong dispersion in the Poisson. The NEGBIN, inturn, deviates from the T obit
with respect to significance of explanatory variables. Especially, the effectsof insurance
and gender are almost ignorable. On the other hand, the slopes for DANMARK,
DANM ARK(1+2) and FEM ALE are amost equal for the two model.

Due to the obvious zero inflation problems in the Poisson and the NEGBIN, combined
with the dispersion problem in the Poisson, we would prefer a ZNEGBIN model.
Unfortunately, the results for this specification seem strongly unreliable. Especially, the
logit-split seems implausible, as, for example, full membership should increase the
probability of seeing a chiropractor with 262.57 per cent units (!). We believe that the
Maximum Likelihood optimization routine converged to a sub-optimum, and suggest
discarding the ZNEGBIN results.

The ZIP results seems to be more stable. An interesting difference between this model
and the Tobit is that insurance has a strong effect in the logit-split, but not in the Poisson
part. This might indicate that insurance increases the probability of seeing a chiropractor,
but not the probability of further visits. However, the strong dispersion problem in the
Poisson part, together with the strange behaviour of theZNEGBIN, questionthe reliability

of the ZIP model as an alternative to the Tobit.

Table 16. Visitstoa chiropractor. Count data models.

LOGA T PO SSON  NEGBI N Z1P ZNEGBI N
PO SSON LOG T-SPLIT NEGBIN LOG T-SPLIT
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Vari abl e

| NTERCEPT -5.5801*** -5,9280***-6.5206***-1. 2101 5.0165***-8, 6861***-22, 119*
(1.263) (0.662)  (1.795)  (0.748) (1.285) (2.038) (13.45)
EQ I NC 0. 0013 0. 0033*** 0. 0030 0. 0020***-0. 0009 0. 0014 -0. 0096
(0.001) (0.001)  (0.002)  (0.001) (0.001)  (0.002) (0.010)
[0.00004] [0.0004] [0.0004] [0.0003] [-0.00003][0.0004] [-0.0006]
SCHOOLYR -0.1031 0.0123 -0. 0462 0.1892*** (. 1396* 0. 2224* 1. 8080*
(0.074) (0.038)  (0.115) (0.042) (0.076) (0.132)  (0.968)
[-0.0033] [0.0014] [-0.0064] [0.0071] [0.0050] [-0.0065] [0.1128]
VOCEDU -0. 0548 -0.1928***-0.2192* -0.1977*** 0.0174 -0.3998***-1. 1347
(0.071) (0.037) (0.107) (0.043) (0.072) (0.114)  (0.715)
[-0.0017] [-0.0225] [-0.0303] [-0.0258] [0.0006] [-0.0285] [-0.0708]
SEX 0. 3294* 0.3619*** 0. 3529 0. 0574 -0. 3163 0.9567*** 2.7139
(0.193) (0.102)  (0.294) (0.121) (0.195) (0.329) (1.693)
[0.0104] [0.0422] [0.0487] [0.0483] [-0.0112] [0.0681] [0.1692]
AGE 0.1339*** 0, 1277*** 0.1897***-0. 0070 -0.1338*** (0.1835*** 0.0269
(0.042) (0.021)  (0.057) (0.026) (0.042) (0.068) (0.189)
[-0.0003] [-0.0010] [-0.0021] [0.0020] [0.0003] [0.0012] [0.0061]
AGE2 -0.0016*** -0.0015***-0.0021*** 0.0002 0. 0016***-0. 0019*** 0. 0008
(0.0004) (0.0002) (0.001) (0.0003) (0.0004) (0.001) (0.002)
DANMARK 0. 4833** 0. 6539*** 0. 6479* 0.1072 -0.4661* 0. 0757 -3. 7440
(0. 243) (0.121)  (0.384) (0.142) (0.245) (0.404) (2.381)
[0.0153] [0.0762] [0.0895] [0.0652] [-0.0166] [0.0807] [-0.2335]
DANMARK( 1+2) 0. 7629*** 0.5787*** 0. 6451 -0.3124* -0.8387***-0.2952 -42.107
(0. 249) (0.134)  (0.445)  (0.166) (0.255)  (0.487) (9156.2)
[ 0.0241] [0.0674] [0.0891] [0.0564] [-0.0299] [0.7643] [-2.6257]
LSILL 0. 4558** 0.4293*** (. 8414***-0. 0067 -0.4644** 0.7465** -0.6092
(0.207) (0.109)  (0.295)  (0.118)  (0.210) (0.323) (0.913)
[ 0.0144] [0.0500] [0.1162] [0.0513] [-0.0165] [0.1051] [-0.0380]
SAH2 0. 5940*** 0. 7565*** 0. 8466*** 0.3507** -0.5133** 1.5874*** 4, 3591**
(0. 230) (0.131)  (0.317) (0.152) (0.234) (0.372) (1.857)
[0.0187] [0.0882] [0.1169] [0.0998] [-0.0183] [0.1159] [0.2718]
SAH3 0.6123** 1.1812*** 1.4383*** (0.7988***-0. 4693 1.9632*** 3.6220**
(0. 307) (0.158)  (0.431) (0.169) (0.312) (0.502) (1.545)
[0.0193] [0.1377] [0.1986] [0.1489] [-0.0167] [0.1770] [0.2259]
SAH4 0. 4662 1.3554*** (.8818 0. 9503***-0. 3132 0. 3767 -14.129
(0. 490) (0.215)  (0.676)  (0.230) (0.494) (0.615) (272.1)
[0.0147] [0.1580] [0.1218] [0.1497] [-0.0112] [0.3161] [-0.8811]
SAHS -0. 2725 -0.4389 -0.7823 -0. 1522 0. 2260 1.1000 23.474
(1.046) (0.722)  (1.269)  (0.927) (1.104) (2.336) (1667.4)
[-0.0086] [-0.0512] [-0.1080] [-0.0437] [0.0080] [-0.3089] [1.4638]
Conti nued. . .
Logl -521.81 -1704.04 -783.10 -830.71 -761. 87
LR(cov) 64.74 338. 32 55.42 68. 20 29.53
{df; prob} (13;<0.001)(13;<0.001)(13;<0.001) (13;<0.001) (13; 0. 006)
LR(di sp) 1841. 89 137. 69
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{df: prob} (1; <0. 001) (1: <0. 001)

LR(i nfl) 1746. 66 42. 47
{df; prob} (14; <0.001) (14; <0.001)
LR( poi s) 1884. 35
{df; prob} (15; <0.001)

Notes. Standard errors in parentheses. Samplemeans for slopesin square bradkets. Significanceat 1 (***), 5 (**) and 10

(*) per cent levels.

Analysis of demand for physiotherapist visits

The Tobit model for visits to a physiotherapist is summarized in Table 17. For this model
no insurance effect was found. A srong gender effect was found, as females have
(2*4*0.16) or approximately 1 additional visit per 2 year, together with a 1.68 per cent
units higher probability for any visit during three months. School years have asignificant -
but very modest - effect; one additional year inschool increases the probability with 0.59
per cent units. The effect of health is remarkable: Presence of longstanding illness leads
to (4*0.21) or close to 1 additional visit per year and a 2.2 per cent units higher
probability. The number of visitsincreaseswithfalling SAH; thus, aperson withvery poor
SAH is expected to have (4*0.74) or close to 3 extra visits per year than a person with
very good SAH. Likewise, his probability of seeing a physiotherapist during three months
is 7.64 per cent units higher.

The RESET test indicates adequacy of the linear functional form and, thus, precludes
interaction effects, whilethe PROBIT test supports the hypothesisof absence of threshold
effects. The HET SC test indicates aw eak violation of the homoscedasticity assumption,
while the NORM AL test strongly rejects the normality assumption.

A good correspondence was found betw een the T obit versusthelogit and the NEGBIN
specifications of Count models. There was, however, some evidence of athreshold effect

between the probability of seeing a physiotherapist but not the number of visits. These, in
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turn, are mainly determined by seriousness of the illness, as indicated by the significance

of the poor and very poor SAH.

Table 17. Visitsto a physiotherapist. Tobit estimation.

--Nunber of visits-- @ —------ Probability of visits--
Vari abl e Estimate Sl ope Scal ed estimate Sl ope of scal ed
| NTERCEPT  -59.6194*** -3.0661***
(9. 480) (0. 448)
EQ_I NC 0. 0059 0. 0002 0. 0003 0. 00003
(0.010) [0.0001; 0.0003] (0. 0005) [ 0. 00001; 0. 00003]
SCHOCOLYR 1.3765%* 0. 0573 0. 0708*** 0. 0059
(0.567) [0.0258; 0.0710] (0.029) [0.0032; 0. 0075]
VOCEDU 0. 0240 0. 0010 0. 0012 0. 00010
(0.528) [0.0005;0.0012] (0.026) [ 0. 00006; 0. 00013]
SEX 3.9227*** 0.1634 0.2017*** 0.0168
(1.491) [0.0736; 0.2024] (0.076) [0.0092; 0. 0213]
AGE 0.2994 -0. 0006 0. 0154 - 0. 00005
(0.248) [-0.0025;0.0024] (0.013) [-0.00030; 0. 00029]
AGE2 -0. 0033 - 0. 0002
(0.002) (0.0001)
DANMARK 1. 3689 0. 0570 0. 0704 0. 0059
(2.026) [0.0257;0.0706] (0.104) [0.0032; 0. 0074]
DANVARK( 1+2) 1.8825 0.0784 0. 0968 0. 0022
(2.205) [0.0353;0.0971] (0.113) [0.0012; 0. 0028]
LSILL 5.1293*** 0. 2136 0. 2638*** 0. 0220
(1.672) [0.0962; 0. 2646] (0.084) [0.0121; 0. 0229]
SAH2 5.8931*** 0. 2454 0. 3031*** 0. 0253
(1.876) [0.1105; 0.3040] (0.095) [0.0139; 0. 0320]
SAH3 11. 2140*** 0. 4671 0.5767*** 0. 0482
(2.413) [0.2103;0.5786] (0.119) [0.0264; 0. 0610]
SAH4 16. 6232*** 0. 6924 0. 8549* * * 0.0714
(3.290) [0.3117;0.8576] (0.163) [0.0392; 0. 0904]
SAH5 17. 7855*** 0. 7408 0.9147*** 0.0764
(4.446) [0.33350.9176] (0.223) [0.0419; 0. 0967]

Cont i nued. .

0=19. 44 (se=1.30) Logl =-1178.47 LR test for covariates=497.27 (df =13, prob<0.001)

RESET=8. 83 (df =2, prob=0. 15) HETSC=24.51 (df=13, prob=0. 027)
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NORMAL=518943. 19 (df =2, prob<0. 001) PROBI T=16. 32 (df =14, pr ob=0. 2942)
% noncensored=4.2 . Age turnpoint approx. 40 years.

Notes. Asymptotic t values for estimates in par entheses. Sample Q25 and Q75 for slopes i n squar e brackets. Significance
at 1 (***),
5 (**) and 10 (*) per cent levels

Turning next to the count data models reported in Table 18, we found a good
correspondence between the Tobit versus the logit and NEGBIN specifications, as the
significance levels of the variables are approximately equal across these models. Opposed
to this, the Poisson seems to be too optimistic with respect to significance. This may be
due to the strong dispersion, as indicated from the LR(disp) test for the NEGBIN.
Regarding magnitude of effects, the slopes for the NEGBIN and the logit are fairly close
to the Tobit and the scaled Tobit slopes.

The strong indication of zero inflation in the Poisson and NEGBIN models led to
estimation of the ZIP and ZNEGBIN models. For the ZIP case, the logit-split strongly
resembles the simple logit as well as the scaled Tobit with respect to significance and
slopes, while the Poisson part seems to share the over-optimism found for the ssimple
Poisson. Finally, the ZNEGBIN logit-split strongly resembles the simple logit aswell as
the scaled Tobit results, while the NEGBIN part deviates from the smple NEGBIN as
well as the Tobit by indicaing that the explanatory variables hardly impacts the number
of visits.

Concluding, there seemsto be some evidence of athreshold effect between the probability
of seeing a physiotherapist and the probability of further visits. The explanatory variables
affect the probability of seeing a physiotherapist, but not the number of visits. These, in
turn, are mainly determined by seriousness of theillness, asindicated by the significance

of poor and very poor SAH.

Table 18. Visitstoa physiotherapist. Count data models.
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LOG T

PO SSON

NEGBI N

ZI P
PO SSON LOG T-SPLI T

ZNEGBI N
NEGBIN LOG T- SPLI T—

Vari abl e
| NTERCEPT -5.7822***.5 8574***.5 2809*** (.1240 5. 7456*** 0. 0905 5.4368***
(0.986) (0.360) (1.710) (0.362) (0.988) (1.002) (1.007)
EQ I NC 0. 0005 -0. 0001 0. 0018 -0.000002 - 0. 0005 - 0. 0002 - 0. 0005
(0.001) (0.0004) (0.002) (0.0004) (0.001) (0.001) (0.001)
[0.00002] [-0.00003][0.0006] [0.0002] [-0.00002] [0O.00008] [-0.00002]
SCHOOLYR 0.1410** 0.1930*** 0.2228** 0.0552***-0.1400** 0.0497 -0.1355**
(0.063) (0.021) (0.112) (0.021) (0.063) (0.064) (0.064)
[0.0061] [0.0608] [0.0802] [0.0628] [-0.0059] [0.0543] [-0.0058]
VVOCEDU 0. 0222 -0.0788***-0. 1043 -0.0817***-0. 0233 -0.1086** -0.0362
(0.061) (0.021) (0.094) (0.020) (0.061) (0.055) (0.062)
[0.0010] [-0.0248] [-0.0375] [-0.0208] [-0.0010] [-0.0237] [-0.0015]
SEX 0.4235** 0.7476*** 0.5628** 0.2861***-0.4196** 0.2749 - 0. 3902**
(0.169) (0.062) (0.280) (0.065) (0.169) (0.168) (0.172)
[0.0182] [0.2354] [0.2025] [0.2297] [-0.0178] [0.1978] [-0.0166]
AGE 0. 0281 0. 0856*** 0.0345 0. 0434***-0.0273 0. 0452* -0.0219
(0.029) (0.011) (0.047) (0.010) (0.029) (0.027) (0.029)
[ 0. 000001] [ - 0. 00007][-0.0004] [0.0022] [0.00003] [0.0022] [0.0002]
AGE2 -0. 0003 -0. 0009***-0. 0003 -0.0004*** 0.0003 -0. 0004 0. 0003
(0.0003) (0.0001) (0.0005) (0.0001) (0.0003) (0.0003) (0.0003)
DANMARK 0. 1809 0.2037*** 0.1984 0. 0400 -0.1799 0. 1206 -0. 1643
(0.227) (0.078) (0.404) (0.080) (0.227) (0.225) (0.230)
[0.0078] [0.0641] [0.0714] [0.0701] [-0.0076] [0.0948] [-0.0070]
DANMARK( 1+2) 0. 2051 0. 0914 0. 2529 -0.0375 -0. 2058 0. 0130 -0. 2054
(0. 245) (0.084) (0.439) (0.087) (0. 245) (0.238) (0. 249)
[0.0088] [0.0288] [0.0910] [0.0515] [-0.0087] [0.0628] [-0.0087]
LSILL 0.5838*** 0.6008*** 0.7350*** 0.0508 -0.5834*** (.0447 -0.5823***
(0.188) (0.069) (0.319) (0.073) (0.188) (0.191) (0.191)
[0.0251] [0.1892] [0.2645] [0.2000] [-0.0248] [0.1806] [-0.0248]
SAH2 0.6601*** 0.8991*** 1.0415*** 0.2373***-0.6547*** 0.1829 -0.6364***
(0.223) (0.091) (0.328) (0.092) (0.223) (0.230) (0.227)
[0.0284] [0.2831] [0.3747] [0.2865] [-0.0278] [0.2394] [-0.0271]
SAH3 1.2642*** 1,5383*** 1.5663*** 0.2640** -1.2588*** 0.2859 -1.2322%**
(0.264) (0.101) (0.462) (0.104) (0.264) (0.266) (0.268)
[0.0543] [0.4843] [0.5636] [0.4847] [-0.0534] [0.4421] [-0.0525]
SAH4 1.7010*** 2.3397*** 2. 1446*** 0.7027***-1.6950*** 0.6549** -1.6405***
(0. 346) (0.113) (0.721) (0.116) (0. 346) (0.327) (0. 350)
[0.0731] [0.7366] [0.7717] [0.7721] [-0.0720] [0.6745] [-0.0698]
SAH5 1.8433*** 2.4835*** 2, 1451** 0.6767***-1.8375*** 0.7133* -1.7774***
(0. 456) (0.137) (1.044) (0.677) (0. 456) (0. 405) (0.461)
[0.0792] [0.7819] [0.7718] [0.8077] [-0.0780] [0.7320] [-0.0757]
Cont i nued. ..
Logl -655.68 -4466.84 -1209.64 -1407. 86 -1154. 25
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LR(cov) 92. 65 1491. 98 53. 37 189.70 27.71

{df; prob}(13;<0.001) (13;<0.001) (13;<0.001) (13;<0.001) (0.010)
LR(di sp) 6514. 40 507. 22
{df; prob} (1;<0.001) (1;<0.001)
LR(i nfl) 392.91 110. 78
{df; prob} (14; <0. 001) (14; <0. 001)
LR( poi s) 6625. 19
{df; prob} (15; <0.001)

Notes. Standard errars in parentheses. Sample means for slopes in square brackets. Significanceat 1 (***), 5(**)

and 10 (*) per cent levels.

Summary of the three analyses

For all three models, the RESET test indicates adequacy of the linear functional form and,
thus, precludes interaction effects, while the probit test supports the absence of threshold
effects. The HETSC test indicates a weak violation of the homoscedasticity assumption,
while the NORMAL test strongly rejects the normality assumption. Turning next to the
count data models, we found a good correspondence between the Tobit versus the logit
and NEGBIN specifications, as the significance levels of the variables are approximately
equal acrossthese models. Opposed to this, the Poisson seems to be too optimistic with
respect to significance. This may be due to the strong dispersion, as indicated from the
LR(disp) test for the NEGBIN. Regarding magnitude of effects, the slopes for the
NEGBIN and thelogit arefairly closeto the Tobit and the scaled Tobit slopes. The strong
indication of zero inflation in the Poisson and NEGBIN models led to estimation of the
ZIP and ZNEGBIN models. For the ZIP case, the logit- split strongly resemblesthesimple
logit aswell asthe scaled Tobitwith respectto significance and slopes, while the Poisson
part seems to share the over-optimism found for the simple Poisson. Finally, the
ZNEGBIN logit-split strongly resembles the simple logit as well as the scaled Tobit
results, while the NEGBIN part deviates from the smple NEGBIN as well as the T obit

by indicating that the insurance variables hardly impacts the number of visits.
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Analysis of demand for prescribed drug

Regarding demand for prescribed drugs, we do not have information on consumption
volume, but only the answer yes/no to usage of prescription drugs (PD) during a period
of 2 weeks. The results from a probit estimationis shown in Table 19.

The probability of using PD is significantly influenced by gender, school years, age and
health, while income, further education and membership of ‘danmark’ is without
significant importance. It was not surprising that the age effect showed to be
monotonically increasing throughout the sample range. We therefore chose a linear
specification in age.

From the discretionary changes effects it is seen that females have an 11 per cent units
higher probability of PD. An additional year of schooling increases the probability with
1.5 per cent units, while an additional year of age (added to the sample mean age of 45)
increases the probability with 0.77 per cent units. Poor and very poor SAH increases the
probability of using PD with close to 40 per cent units. Presence of longstanding illness
further adds 26.4 per cent units to the probability.

Finally, the conditional probability of using PD for an average person is 28.8 per cent

units, which is close to the sample proportion of prescribed drugs users.
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Table 19. Probit analysis of prescription drugs usage

Vari abl e Esti mat e Di scretionary Mean of
change Effect vari abl e

| NTERCEPT -1.915***
(0.222)

SEX 0. 326*** 0.111 0. 500
(0.047)

EQ_I NC - 0. 0002 -0. 0001 193.1
(0.0003)

SCHOOLYR 0. 043** 0. 015 9. 450
(0.018)

VOCEDU -0.011 -0.004 2. 026
(0.018)

AGE 0. 022*** 0. 008 45, 22
(0.002)

DANMARK 0. 110 0. 038 0. 263
(0.067)

DANMARK(1+2) - 0. 040 -0.013 0.117
(0.090)

LSILL 0. 751*** 0. 264 0. 376
(0.050)

SAH2 0. 304*** 0. 105 0. 396
(0. 054)

SAH3 0. 659*** 0. 245 0. 148
(0.074)

SAH4 1. 026*** 0. 391 0. 041
(0.126)

SAH5 0. 980*** 0. 375 0.016
(0. 196)

LOG L -1945. 07

LR 1202. 24***

Sanpl e proportion of users = 32.4% (N=4044)
Prob(user|x nmean) = 28.78%

Note. Standard errors in parentheses. Significance at 1 (***)
and 5 (**) per cent levels.
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V. Conclusions.
As a matter of methodology, we generally found that the Tobit specification worked
satisfactorily as compared to count data models. The presence of hurdle effects and
impacts of non-normality - which was the main argument for discarding the Tobit
specification compared to count data - and hurdle models - seemed to be very limited.
Regarding the determinants of health care demand, Table 20 summarizes some results
fromthe Tobitestimationsin Tables 13, 15and 18, and fromtheprobit estimationin T able
19.

Table 20. Significant deter minants of health care demand.

Vari abl e Dent i st Chiropractor Physi ot her api st Prescri bed drug
EQ I NC

SCHOOLYR ++ ++
VOCEDU +++

FEMVALE + + +++ +++
AGE +++ +++
AGE2 + --- *
AGE3 -- * * *
DANMARK +++ +

DANMARK( 1+2) ++ +++

LSI LL ++ +++ +++
SAH2 - ++ +++ +++
SAH3 ++ +++ +++
SAH4 +++ +++ +++
SAHS --- +++ +++

Notes. +(++)(+++) indicates positive impact with 10(5)(1) per cent significance; -(--)(---) indicatesnegative impact with

10(5)(1) per cent dgnificance; * indicates that veriable wasomitted.
I nsurance has asignificant effect on the demand for dental care and chiropractor care. T he

insurance effect consists of two parts as all members have a higher demand than non-

members, while Group 1 and 2 members have an additional demand.
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Presence of longstanding diseases (i.e. objective ill-health) increases the demand for
chiropractor and physiotherapist visits and prescribed drugs. Low SAH increases the
demand for physiotherapist visits and prescribed drugs, while a higher demand for
chiropractor visits is found for those with fair to good health only. For dental care, an
excessive demand isfound for those with poor SAH, while those with very poor SAH has
alower demand.

Females have a higher demand than malesfor any heathcare. This is especially true for
physiotherapist care and prescribed drug.

The age effect varies among types of health care. For dental care, the demand falls until
the age of 20, then rises until the age of 40, where after it falls again. For chiropractor
care, the demand tops at the mid-forties. An similar - but insignificant - pattern were found
for physiotherapist treatment, while the demand for prescribed drug increases
monotonicaly with age.

Finally, the income effect was found to be insignificant, while school years and further
educationhad some positive impact on the demand; theformer on physiotherapist careand

prescribed drug, the latter on dental care.
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V1. Discussion

Demand for health insurance

Asthe study is based on survey data, theinformation on membership relatesto individuals
who have decided to enroll as a member at some earlier date. For some, the decision may
have been taken up to 25 years ago, while others in the sample have enrolled recently.
Those, who have enrolled, are continuously confronted with a decision either to continue
membership or to abandon it. Therefore, actual membership reflects an initial decision to
enroll and later decisions to continue or stop being a member. The survey data are
therefore the result of a sequence of former decisions.

Those who enrolled can be assumed to have been well initially, but some might have
acquired a longstanding illness by increasing age. Still, the health condition of the
members can a priori be expected to be better than the health of the non-members. In
general, this was confirmed in the analysis.

A survey from 1989 (Olivarius et al. 1990) showed that Group 2 members of the
National health Security had a higher income and a better social condition compared to
Group 1 members, and the average age wasolder. There were also signs that their health
was better, as the frequency of their contacts to general practitioners were lower,
comparedto Group 1 members. 67% of the members were also members of the insurance
association “danmark” (see below) which covers most of the co-payment, compared to
14% of Group 1 members. A similar picture could be expected for those who have
enrolled in *danmark’ and itis confirmed by our results.

Membership of ‘danmark’ correlates positively with income and length education, so
there seems to be a higher inclination to enroll among higher socio-economic groupsin
society. Likewise, the degree of insurance correl ates positively with income and |ength of
education. Given that health insurance creates a commodity which reduces of the risk of
larger income loss, this self-selection favours the higher socio-economic groups.

Moreover, these are the most healthy, who have a smaller risk of being excluded from
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membership because of their state of health, compared to those who belong to lower
socio-economic groups. Consequently it can be concluded that there exists a socio-

economic inequality in membership distributionin disfavour of the poorand |ess educated.

Moreover, as those who are the most healthy have the highest probabilities of being
insured, and have the highest probability of being member of Group 1 or 2 with the highest
coverage, it can be concluded that there also exist a health-related inequality in

insurance.

The choice of membership may be endogenousto a certainextent asitis possible - when
being a member - to shift to another group within a short notice and thus benefit from a
higher coverage when substantial health care costs are anticipated. The possible
endogenous nature of membership and choice of membership group does not affect this

conclusion.

That the probability of being insured is increasing with good health, income and
education is not surprising, as there exist empirical evidence for a positive correlation
betweenthesethree (“ health, wealth and wisdom”), (Zweifel, 2000). However, theamount
of use, once a contact was made to a caregiver, appeared to depend only marginally on

Insurance against co-payment.

Demand for health care

The study clearly demonstrated an effect of co-payment on utilization. Co-payment has
as one of its functions to reduce the effect of moral hazard - or rather to reduce “excess
demand” when priceislow or zero. The very existence of a voluntary insurance against
co-payment seemsillogical, and it isto be expected that utilization of healthcare increases
due to the insurance.

The analysis of demand for health care indicates that the probability of using either of
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four types of health care associated with co-payments is higher for those who are insured.
This is especially noteworthy as the insured were required to be well when they enrolled
as insured members. This finding must be interpreted cautiously, however, as it is
unknown to which extent enrollment and choice of insurance group is exogenous.
However, enrollment is not possible for persons who are suffering from a permanent
illness or uses medicine constantly, and this requirement limits the possibility of such an
effect. When being amember, there isa possibility for changing membership group. Inthe
present study, the two groups with highest coverage were aggregated in one variable,
DANMARK(1+2), so changesfrom Group 5 or 8 to the aggregated group may have taken
place when increased health care expenditure were anticipated.

Moreover, the amount of use, once a contact was made to a caregiver, appeared to
depend only marginally on insurance. There w ere some - but only weak and inconclusive
- evidence that the insurance effect is less profound for the amount of use than the

probability of a contact.
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VIII. Appendix.

Censored regression: The Tobit model.

The censored regression model or Tobit model is usually specified in terms of a latent

index variable;

(1) y =x'B+¢
(2a) vy, =0,ify <0
(2b) y,=y L ify;>0

where y." is the unobserved preference for health care service, y; the observed number of
visits, x; a K-vector of explanatory variables (including a constant term) with regression

coefficients 3, and €; a white-noise disturbance.

AnOrdinary Least Squares(OLS) estimation on (1) would providethe desired relationship
between the covariates x; and y; . However asonly y; isobserved according to (2a-b), this
regression cannot be performed. Simply regressing y; on x; by OLS will ignore the
censoring iny, = 0 and lead to non-censured estimation. Rather, for a censored regression

one specify

(3a) E(yi|x)= Xiﬁ

but interms of the observed y;

(3b)  E(y, %,y >0) =D Pro)(x'B + oA)

where @ (x,”[3/0) measuresthe probability of y; being positive, A, istheinverse Millsratio,
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and o the standard deviation of E(y,). The inverse Mills ratio is defined as

A= (I)(Xi’B/O) / Q(Xi’B/O)

which assumes a value of 0 when no observations are censored and increases
monotonically with the percentage of censored observations. Clearly, when no
observations are censored, (3b) will assumethe valuex; 3, leadingto OLS. Itisclearfrom

(3a) that the regression parametresB measures the slope of E(y,") as

d E(y;")/d x; = P.

However, for the censured observations this does not hold true, as

dE(y; [%,yi>0)/dx = B*(I)(Xi'B/O)

I.e.theslopeis [3 multiplied by the probability of the observation being non-censored. We
calculated the slopes for each person in the sample and report the sample means and

guantiles of these.

An important specification issue in the Tobit model is the presence or absence a hurdle
effect. That is, is the probability for y being positive generated by the same mechanisms
as the expected value of y? An evaluation of this may be performed by comparing the
parameters of P(y positive), thatis [3/0, to theunrestricted estimates from a logistic probit
regression. These parameters should not be different in the absence of threshold effects.
To addressthe adequacy of thisrestriction, we employed a split-sample  test as follows:
Split the sample randomly into two equally sized subsamples. For the first subsample,
estimate an unrestricted probit parameter vector ¢,. For the second subsample, estimate

a Tobit model and calculate the scaled parameter vector ;. For 0, the covariance matrix
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2. is readily obtained. For o, the covariance matrix 2; is calculated using the Delta

method (see Greene 2000). Finally, the test size

PROBIT = (0tr-0p)" (27 - Zip) ™ (0~ 0Lp)

follows a ¥ distribution with K degrees of freedom under the null of equal parameters.

Adequacy of the functional form of the regression model is a further central necessity for
proper estimation. Several violations may be hypothesized, including omitted squares,
interactions and other non-linearities. A convenient omnibus test for the functional form
Is the Ramsey (1969) RESET test, which we incorporated in a Likelihood Ratio form:
Estimate the Tobit, calculate x;’ [3 and repeat the estimation of the Tobit with the squares
and triples of these values as additional explanatory variables. The RESET test is simply
a LR test for the latter model against the former.

A further specification issue is the assumption of homoscedasticity and normality of the
disturbances. As violations of these assumptions lead to biased estimation (Greene 2000)
we test for normality using the Chesher and Irish (1987) LM test (which we here name
NORMAL) and for homoscedasticity using a Breusch-Pagan type LM test derived by
Greene (Greene 2000) which we here name HET SC. For detailed derivations of both tests

(which are straightforward but tedious and uninformative), see Greene (op.cit).

Count data models

The Poisson model is defined by assuming that the number of events follows the Poisson

distribution

P(y; | X)) = exp(-|;) VAT
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with a conditional mean depending on individual characteristics,

Mi = E(y; | x;) = exp( XiB)-

A major shortcoming of the Poisson model is the assumed equidispersion,

var(y; ) = E(y;) = M.

In practice, the variance is often greater than the mean, leading to overdispersion. A
popular attempt to resolve this problem is to employ the negative binomial (NEGBIN)

model where the mean W, is replaced by a random variable U, defined by

U, = exp( XiB +€)

where €;isarandom error assumed to be uncorrelated with x;. If E( €;) = 0 isassumed it
follows that the conditional mean is the same as for the Poisson model, whereas the

conditional variance will differ (see Long 1997 for a derivation).

A common restriction for the Poisson and the NEGBIN modelsisthe assumption that zero
outcomes are generated by the same data generating process as the positive ones. In many
occasions the zero outcomes may arise from one of two regimes. In one regime, the
outcome is always zero. In the other, the usual Poissonor NEGBIN is at work which can
produce zero as well as positive outcomes. As an example, consider the number of visits
to a dentist within 3 months. The first regime consists of respondents without tooth
problems and who may have visited the dentist before the 3 month period, while the
second regime is made up of those who should see a dentist but w ho actually refrain from

doing so due to for example low income. Thus, define
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P(y;=0) = P(regime 1) + P(regime 2)xP(y,=0 | regime 2)
=¥ + (1- ¥, )xP(regime 2)

where the split function ¥, = P(regime 1) is determined by amode:
¥ = A(zY) = exp(zY) | (1+exp(zY) )
while z, may be the same as x; (which we assume for the present investigation).
For the positive cases,
P(y;=j) = P(regime 2)xP(y,=j | regime 2) = (1-F, )xP(y.=j | regime 2) , j=1,2,....
Replacing P(y;=j | regime 2) with the Poisson or NEGBIN probabilities leads to the Zero

Inflated Poisson (ZIP) and NEGBIN (ZNEGBIN) specifications. For both models (see
Greene 2000)

E(y; [ x) = (1-F, M

whereas - naturally - the conditionally variances differ (see Long 1997).

For the Poisson and NEGBIN models, the slopes for the expected number of events are

calculated as

d i/ dx = expxP)B,

while for the logit model,



dP(y,=1]|x)/dx=dA /dx = A1-A)p

For the ZIP and the ZNEGBIN models, the slopes for the expected number of events are

d E(y; [x) /dx =[d (1-F) /dx; Ju + (1-F) [d i /d x ]
=-N(1-A)y + (1-A)exp(xP) P.

while the slopes for the split probabilities are

d¥P,7dx=dA /dx =AI-N)y.
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