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Retrospective Questions and Group Differences
Dirk Sikkel'

Abstract: Responses about actions under-
taken in the past usually contain recall
errors. Sikkel (1985) develops models that
correct for memory effects that allow greater
accuracy in the estimation of parameters
that describe a series of actions. Here, these
models are extended to estimate group dif-
ferences in the frequency of certain actions.
To do this a family of models is developed
that contain (i) parameters for an underlying
distribution of actions, (i) parameters that

1. Introduction

We study data from retrospective questions
on the number of events (e.g., visits to a
doctor) that took place during a given inter-
val. This interval always precedes the inter-
view and the respondent is also asked to date
the occurrence of these events. Responses to
retrospective questions have the advantage
of being inexpensive to collect, but have the
disadvantage of containing memory mis-
takes. We use a model-based approach to
analyze such data. The aim here is to analyze
differences between subgroups of the popu-
lation. Sikkel (1985) introduced a class of
models that aim at removing memory mis-
takes from retrospective responses. These
models consist of two parts. First, the
number of events is described by a Poisson
process, with a stochastic intensity par-
ameter. Second, an event is forgotten with a
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quantify the memory effects and (iii) one
parameter that characterizes the differences
between subpopulations for the average fre-
quency of certain events. Examples are
taken from a health survey where respon-
dents were asked to recall the number of
contacts with the general practitioner and
hospitalizations for a given period.

Key words: Stochastic process; negative
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certain probability, depending on the time
elapsed and the number of events already
reported. Here we use one model for each
group, but with the assumption that all par-
ameters but one are equal for all groups.
That parameter characterizes the groups
and their differences. By keeping the number
of parameters small, the estimator of the
essential parameter has a relatively low
standard deviation. This technique works
well, provided that the simplified model is
a fairly good description of the data gener-
ating process. The simplification with equal
parameters is testable, as shown in Section 4.

Our approach can be compared with syn-
thetic estimators used for small groups
and areas (see, e.g., Fay and Herriot 1979;
Purcell and Kish 1980; or Fuller and Harter
1987). Such a model-based estimator has a
relatively small standard deviation, but
there is also a bias unless the model is per-
fect. The mean square error of a synthetic
estimator may still be small in comparison
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with that of an unbiased sample-based esti-
mator for each group or area separately, due
to small sample sizes.

The two parts of the basic model, i.e., the
process of events and the forgetting, are
described in Sections 2 and 3, respectively.
The modeling of subpopulations is dis-
cussed in Section 4. In Section 5 the variables
used to define subpopulations in the 1981
Health Survey conducted by the Netherlands
Central Bureau of Statistics are discussed.
In Sections 6 and 7 empirical results are
presented with respect to the reported
number of contacts with the general prac-
titioner (GP) and with the number of hos-
pitalizations, respectively. Section 8 contains
our conclusions.

2. The Model for Actions

We will concentrate on the following type of
questions: “How many times did you under-
take action a during t time units immediately
preceding the interview and when did these
actions take place?” This type of question
was asked in the 1981 Dutch Health Survey
to determine, e.g., the number of contacts
with the general practitioner (i.e., phone
calls, visits to the GP, and visits by the GP)
or the number of hospitalizations. In the
case of the GP, the respondents were asked
to report the number of contacts during the
last three months and for every contact (up
to a maximum of six) respondents were
asked how many weeks before the interview
the contact took place. We assume that the
actions of an individual can be described by
a Poisson process; every individual, how-
ever, has his or her own frequency parameter.
Let M, be the number of actions of individ-
ual i in reference period T with length 1, then
i LY (1)
m!
where f; is the number of actions for indi-
vidual i per time unit. This model implies

PM, = m} =e¢
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that the intervals between two consecutive
actions of individual i are i.i.d. random
variables, exponentially distributed with
parameters 1/f;. Of course, this model does
not apply to every event or action. For
example, the interval between two “teeth
brushings” is certainly not exponentially
distributed. On the other hand, the distri-
bution assumption holds when the action or
event is “random” enough and thus (1) can
be a good approximation of reality.

The frequencies of actions f; can be
regarded as scores of individuals on some
latent variable F. In our model we assume
that the distribution of F over the popu-
lation can be approximated by a gamma-
distribution with parameters b and k. Its
density function is

e—ﬂhfkfl

g(f) = TooF ()
Here b is a scale parameter; when time
is measured in weeks instead of days, b
increases by a factor of 7. The parameter k
is the inverse of the squared coefficient of
variation of F. The larger k is, the smaller
the variation between individuals. The par-
ameters b and k determine the mean and
variance of the gamma-distribution. This
makes the gamma-distribution very flexible.
By assuming that the f; are gamma distri-
buted, we do not impose serious restrictions
on the model. Apart from flexibility, com-
putational convenience is a strong argument
for choosing the gamma-distribution for F.
The number of actions of a randomly drawn
individual denoted by M, has a negative
binomial distribution (see e.g., Johnson and
Kotz 1969), i.e.,

P{M = m}

kk+1D)...k+m—1)
m!
(br)"
(1 + bry"+k
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As we have a sample with randomly distri-
buted scores f;, (3) is a general equation to
derive the likelihood function from. A slight
complication to this likelihood function is
that questionnaires sometimes leave room
for only a limited number of actions, due to
lack of space. We define m* to be the maxi-
mum number of actions that can be regis-
tered in the questionnaire. Then {M = m*}
denotes {a randomly drawn individual
has undertaken m™* actions or more} and
P{M = m*} is calculated by summing
P{M = mj} in (3) from m* to infinity.

3. The Models for Memory Effects

It is well known that answers to retrospective
questions are almost always affected by
memory errors. For this reason, many
statisticians consider such questions to
be unreliable. Nevertheless retrospective
questions can be used with relatively inexpen-
sive modes of data collection. Usually, the
effect of unreliable memory of the respon-
dent is related to time (how long ago did
an event take place?), see e.g., Som (1973),
Sudman and Bradburn (1974) and Moss
and Goldstein (1979). Conceptually, there
are two different types of effects that play a
role in data that are based on retrospective
questions:

1. Bias of an estimator, due to under-
reporting of events because the respon-
dent incorrectly remembers the number
of events that took place in a given
interval. This is usually caused by
forgetting, but can also be the result of
systematic misplacement of events on
the time axis by the respondent. This
is called telescoping; it may lead to
underreporting as well as overreport-
ing of events as described in Schneider
(1981).

2. Increase of variance of an estimator,
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because the respondent does remember
the events, but places them incorrectly
on the time axis, without affecting
the bias of the estimator. Part of
the research project described here
was devoted to quantification of
this increase of variance. This effect,
however, appeared too small to be
quantified.
Memory effects may also be related to the
response burden of the respondent, i.e., the
number of events to be reported. When
there are many detailed events to be reported,
respondents may be more inclined to forget
(or leave out) events, than is the case when
there is only little to report. With a large
response burden even the interviewer may
press the respondent to hurry up and leave
out events as the total interview time grows
unacceptably large. In our examples, the
events were recorded backward in time.
During the interview the most recent event
was recorded first. Thus the response burden
became gradually heavier as the events
occurred in more distant time periods. With
the use of a stochastic process, the depend-
ence of the memory effects on the number of
previously reported actions can be taken
into account. We can calculate the expected
number of actions, say three to six weeks
ago given the reported number of actions in
the first two weeks of a randomly drawn
individual. And also, this number of expected
actions can be compared with the number
of actually reported actions. Of course,
it would be more desirable to relate the
memory effects to the number of actual
actions, but this is impossible. The number
of previously reported actions is our only
tool for estimating the response burden.
Without a stochastic model for the actions,
the memory effects can only be studied as a
function of time (which lead to conclusions
like “the longer ago, the more -actions
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are forgotten,” as in the above mentioned
literature).

We can formulate our models in math-
ematical terms as follows. The respondent
reports his or her actions in a reference
period T of length 7. This total reference
period T is partitioned into ¢ intervals T},
T,, ..., T, with lengths 1, 7,, ..., T,
respectively. The intervals usually are num-
bered by the index u, from most recent to
most distant in time. Thus 7, is the most
recent interval on which the respondent
reports; T, precedes T, in time if u > u’. It
is assumed that in T, no actions are for-
gotten. This assumption is crucial, since we
need a ‘“‘true” reference point. In general,
T, should be chosen so that it is as large
as possible under the condition that the
memory effects in T, are negligible. In
T,, ..., T, we allow for memory effects.
Such effects may be caused by underreport-
ing or overreporting of events, although in
practice the memory effects concerned only
the forgetting of events. Thus we will only
use the word “forgetting” to describe the
memory effects. We now assume that in an
interval T, the rate of forgetting is constant,
but depends on u and j, the total number of
actions that are reported in the intervals T,
T,,...,T,,. To be more precise, we
denote the probability that a respondent
reports an action that he/she undertook in
T, by v,;. If he/she has undertaken more
than one action in T, he/she reports each of
them with probability v,;, independent of
each other. The index u denotes the effect of
time on forgetting; the index j is a proxy for
response burden.

Our model for memory effects can be
understood as a model for changing time-
scale parameters. A respondent with a large
memory effect in T, reports as if time goes
slower in T,. His/her number of reported
actions is Poisson-distributed with the par-
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ameter 7,(I — v,,)f;, given that he/she has
reported j actions up to T,. Thus he/she’
answers as if the T, does not contain t, but

’

uj Tu(l - vu.j) (4)

time units. In Sikkel (1985) models of this
type were investigated for medical con-
sumption. The models were not tested on
the individual level, i.e., assumptions like
the independence of actions (going to the
doctor) or forgetting were not examined for
every respondent separately. Instead, the
complicated multivariate analogue of (3),
taking into account (4), was calculated and
the models were tested by maximum likeli-
hood. The expression of the likelihood func-
tion, although derived with elementary
means, is very complicated and not presented
here. There appears to be a good fit for three
variables, namely “‘contacts with the general
practitioner (GP),” ‘“contacts with the
specialist,” and ‘‘hospitalizations.” This is
confirmed in Sikkel and Jelierse (1987),
where model predictions for correlation
coefficients are studied. Another validation
can be found in Sikkel (1986) where model
predictions of the number of individuals
that have no contacts with the GP (or
specialists) during a year is compared with
empirical data, resulting in a satisfactory
correspondence. The model was also tested
for contacts with the dentist which usually
take place every six months. This appeared
far too regular for obtaining a reasonable
fit.

Equation (4) implies that we have
(t — D*m* + 2model parameters (includ-
ing b and k). When ¢ and m* are moderately
large, the total number of parameters can be
very large. For this reason it is desirable to
reduce, if possible, the number of parameters
by making more restrictive models. A more
restrictive model also makes it easier to esti-
mate b and k efficiently. Sikkel (1985) inves-

T
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tigates a range of such models. Here we give
two examples that we will use later.

The first example is the “0-1 linear time-
number model.” This model states that the
memory effects depend on the time elapsed
and on the number of previously reported
actions. The model has the following func-
tional form

Uyj = Bty + -+ 4+ 1 + 3T

+ v - sign (j). &)
Thus, the memory effect depends linearly on
time with regression coefficient B. The
dependence on the number of previously
reported actions is a threshold relationship:
only the distinction between “0 reported
actions” (sign (j) = 0) and “more than 0
reported actions” (sign (j) = 1) is made.
When there is at least one previously reported
action, an effect y is added to the linear time
effect.

A second example is the “0-1 number
model.” Here the only relevant distinction
is whether or not the respondent has pre-
viously reported any actions. Its functional
form is

v, = Y °sign(Jj). (6)

Thus, in every interval T, before the interval
in which the last action is reported, there is
a memory effect y.

4. The Models for Group Differences

The goal of this paper is to use the under-
lying Poisson-gamma process and the model
for memory effects to estimate differences in
medical consumption between different sub-
populations. In principle there are two dif-
ferent ways to achieve this. The first is to use
the models of the previous section separately
for every subpopulation. Then we obtain for
every subpopulation s an estimate f, for the
average frequency of, e.g., contacts with
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the GP. With models that require only a
few parameters this method could be more
efficient than making no model assumptions
at all. In order to estimate differences
between subpopulations s, and s, we simply
subtract f;l from f There is, however, a
second method that goes further and entails
an extension of the model. Briefly, this
method assumes that the memory effects in
the different subpopulations are equal.
The idea behind this assumption is that
forgetting may be a general human flaw.
This leaves only the parameters b and k
to be different among subpopulations.
Since we want to use only one parameter to
express the differences between subgroups,
it seems natural to assume that the coeffi-
cient of variation of the medical consump-
tion is constant over the subpopulations
(associated with the parameter k of the
underlying gamma distribution). Then the
differences between the subpopulations are
expressed by b, only, the scale parameter of
the underlying gamma distribution for sub-
population s. In this way we are left with
few enough parameters to expect a further
increase in efficiency. Of course, if we allow
more parameters, either the v, ; or k, to be
different in the subpopulations, the models
will fit the data better, but then the standard
error will be larger than with a single dif-
ferent parameter.

We can formulate the extension of the
model more accurately in the following way.
At the individual level, M; still has a Poisson
distribution with parameter f;t. In group s,
however, the distribution of F over all
individuals is approximated by a gamma
distribution with parameters b, and k.
Because we focus on inference on differences
between subpopulations (do women go to
the GP more often than men?), we will always
consider differences with respect to sub-
population 1. To this end we define &, = b
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and b, = b(l + a,), with o, = 0. This
implies

P{M; = mliin group s}

kk+1)...k+m-—1)
m!

{b(1 + o,)t}”
{1 + b(1 + o)t}

(M

We also have f, = f(1 + o) with f = f,.

The behaviour of an individual in the
random sample is characterized by a vector
M, = (M, (1), M.Q),..., M(t), where
M. (u) is the number of reported actions of
individual i in T, U T, u...uU T,. The
vector of actions of a randomly selected
individual is in the same way given by M =
(M(1), M(2), ..., M(¥)). Such a vector,
which we will call a profile, consists of ¢
nondescending integers between 0 and m™,
inclusive. The probability distribution of
M,|i in group s can be derived from the
multivariate negative binomial distribution,
the multivariate version of (5) using T, ;
instead of 1, along the same lines as in Sikkel
(1985). From this probability distribution,
the likelihood function can be maximized by
standard methods.

Keeping k constant over the subpopu-
lations is something like the assumption
of homoscedasticity in linear regression.
When it is not completely satisfied, we hope
that it will not damage the estimators of the
location parameters a, or o, f too much. The
assumption that the memory effects are
identical in structure and have the same
parameter values for all subpopulations
is more risky. When, for the case of a
dichotomous variable, there are hardly
any memory effects in group 1 and large
memory effects in group 2, these effects will
be spread over the two groups in the esti-
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mation process. This leads to a considerable
bias in the estimator of a, f, the difference in
frequency between the groups.

Fortunately it is possible to do some test-
ing to find out whether the model assump-
tions are reasonable. To this end we write
the probability of m in group s as p{ .
Then without any extra assumptions p{
depends on b,, k,and o0}, u = 2, ..., 1,
j=0,...,m" — 1. Here we choose only
one model for o) (for example the 0-1 linear
time-number model). When we make the
differences between groups part of the
model, then we let k, = k and o)) = v, be
constant over the groups. Hence this is a
special case of the model where the groups
are considered separately. Since we can
estimate with the method of maximum
likelihood, we can also test the dissimilarity
between the two models by the likelihood
ratio test. The test statistic is G (see, e.g.,
Bishop, Fienberg, and Holland, 1975,
p. 125). Under the null hypothesis of a con-
stant k, and a constant o) (in s) G*> has a x’-
distribution with a known number of
degrees of freedom.

We now have three different types of
assumption for the model. First, there is the
assumption of the underlying Poisson distri-
bution, of which the parameters are gamma
distributed over the individuals. Second,
memory effects are accounted for in the
model. These memory effects may have a
variety of structures as described in the
previous section. Third and finally, it is
assumed that the memory effects and the
parameter k are identical for the different
subpopulations and that the differences
between the groups can be expressed by one
scale parameter. Here this model is called
the “common” model in contrast to the
“separate”” model, where k and the memory
effects are estimated separately for the dif-
ferent groups. -
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5. Variables

The Health Survey conducted by the Nether-
lands Central Bureau of Statistics is a con-
tinuing survey in which many retrospective
questions are asked with different reference
periods. The sample is a cluster sample,
stratified with respect to region and degree
of urbanization. All individuals have equal
probability of being selected for the sample.
Here the data are treated as if they formed
a random sample. Seasonal effects cancel
out, as the data were collected during the
entire year of 1981. Such effects, may, how-
ever, affect the estimation of the parameter
k of the gamma distribution of the indiv-
idual frequencies of events since they are a
source of variation.

In Sikkel (1985) “contacts with the GP,”
“contacts with specialists,” and ‘‘contacts
with the dentist” were the subject of analy-
sis. Because it appeared that the Poisson-
gamma model did not apply to “contacts
with the dentist” this variable was left out.
“Contacts with specialists” is replaced here
by “hospitalizations.” This variable per-
forms well with respect to the Poisson-
gamma model (see Sikkel, 1986). In the case
of contacts with the GP, the reference
period was partitioned into six intervals,
witht, = l.5weeksandt, = ... =1, = 2
weeks. In the case of hospitalizations there
were also six intervals with 1, = 1.5 months
and 1, = ... = 1, = 2 months.

From the 1981 Health Survey six categori-
cal variables have been chosen for analysis.
These variables were not chosen because of
their subject matter content. It seemed more
important to choose variables that would
lead to deviations of the model assumptions
and provide empirical evidence on how this
effects the estimations. The following vari-
ables have been used in the analysis:

1. age: 0-14 years, 15-64 years, 65 +;
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2. sex: male, female;

3. marital status: married, divorced,
widow(er), never married;

4. urbanization: rural, smaller cities,
three big cities;

S. proxy: interview with
proxy interview;

6. kind of insurance: private, sickness-
fund (obligatory health insurance).

respondent,

With age, marital status, and proxy, differ-
ences in memory effects cannot be excluded
a priori on the ground that older people may
have a bad memory. Furthermore, marital
status is strongly related to age and proxy
reporting (proxy = “yes”) is more difficult
than reporting about oneself. With marital
status there is also the problem that the
groups ‘“divorced” and ‘‘widow(er)” are
relatively small. These groups have little
influence upon the estimation of parameters
over the groups. The power of the likelihood
ratio test is relatively low with respect to the
parameters of these small groups.

6. Contacts With the General Practitioner

From Sikkel (1985) it appeared that the
linear 0-1 time-number model, as described
by (5), gives the best description of the
reported contacts with a GP. Here we con-
sider only this model. In Table 1 different
estimation procedures are compared. This
has been carried out for three different
methods. First, the averages, differences,
and standard errors have been simply esti-
mated without a model on the basis of
a reference period of the first 1.5 weeks.
According to our assumptions there are no
memory effects in this period. In fact, it is
the obvious method of estimation when no
assumptions are made about the underlying
stochastic process and the structure of
memory effects. Second, estimates are given
that are based on the separate model. These
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estimates are based on a reference period of
11.5 weeks. Third, the averages, differences,
and standard errors that are based on the
common model are presented. For each
variable the average frequency is estimated
for the first category. For the other cat-
egories, the difference from the first category
is estimated. These figures are given in the
columns f. Thus, the average frequency of
the age group 0-14 years is estimated by
0.0452 without model, by 0.0470 with the
separate model and by 0.0383 with the
common model. The average frequency of
the age group 15-64 years is estimated
0.0168 higher than 0.0452 without model,
0.0161 higher than 0.0470 with the separate
model and 0.0266 higher than 0.0383 with
the common model. These differences
between the subpopulations are our main
concern here. Besides the estimates, the
standard errors of the estimates are also
given. These are given in the column 6. Note
that, except for the first categories of each
variable, these standard errors refer to
the differences between the categories. The
common model is tested by G? with the
appropriate number of degrees of freedom
against the alternative, the separate model.
Note that when we have g groups, the
common model has parameter b, k, B, and y
and (g — 1) parameters o, to indicate the
differences between the groups, which
makes a total of (g + 3) parameters. The
corresponding separate model has 4g par-
ameters. Hence there are (3g — 3) degrees
of freedom in the likelihood ratio test.
From Table 1 it appears that the goal,
lower standard errors by using fewer par-
ameters, is reached. From the values of G,
however, it appears that the common model
does not fit the data perfectly. The clearest
example of this is the variable age. Given the
very large sample size, this is not a good
reason to reject the estimation procedure.
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Any model is bound to fail the test when
there are enough observations; with 1000
respondents there would have been a reason-
able fit. It is remarkable that the differences
in estimates between the model free approach
and the separate model are relatively small.
The differences between the separate and the
common model are much larger, especially
with age and marital status. This does not
necessarily imply that the outcomes of the
model free approach and the separate model
are better (their standard errors are relatively
high). Nevertheless, given the lack of fit, we
have no definite evidence that the common
model is better than the separate model.
Now we come to the question of identify-
ing the exact differences between separate
and common estimation of the parameters
for the different groups. This question may
be answered using Table 2. In this table the
different model parameters are given. In the
rows with the variable names the estimated
parameters of the common model are given;
in the rows with the category names the
estimated parameters of the separate model
are presented. Under the null hypothesis
we would have: B =B, =B, =...,y =
Yi=Y=...and k =k =k, = ....
It may be expected that the categorical
background variable explains some vari-
ance. The total variance of F is equal to kb”.
Thus it seems reasonable to suppose that the
variances within groups (k,b7(1 + o)’ for
s = 1,2,...) are smaller than the overall
variance as estimated by the common
model (kb*). This appears clearly not to
be the case. The values of k, have large
fluctuations, especially with the age vari-
able. Also, there are fluctuations in the
memory effects, but large deviations are
found only in the smaller groups (divorced,
widow(er)). The bizarre estimates of B and y
for these groups decrease one’s faith in the
common model. The groups ““divorced:’ and
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Table 2. Estimates of model parameters and zero percentages on the basis of different
models to compare groups for contacts with the GP

b k B Y Percent no contact n
last year
separate ~ common

Age 0.061 0.633 2.4 23.5

0-14 years 0.161 0.292 2.3 45.6 52.0 40.5 2418

15-64 years 0.103 0.614 2.2 23.5 32.2 31.0 6801

65+ 0.057 1.161 2.7 9.9 11.1 24.7 999
Sex 0.084 0.604 2.4 24.1

man 0.131 0.431 2.0 33.2 43.0 36.0 5144

woman 0.088 0.795 2.5 19.1 25.4 30.0 5074
Marital status 0.113 0.649 2.4 23.2

married 0.098 0.706 2.0 22.5 27.9 28.7 5169

divorced 0.180  0.642 —1.1 56.6 22.3 22.1 172

widow(er) 0.039 2.7152 5.5 10.8 4.8 24.1 432

never married 0.114 0.413 2.5 32.8 45.0 38.0 4445
Urbanization 0.105 0.058 2.3 24.6

rural 0.135 0.445 3.0 9.9 39.5 339 1353

smaller cities 0.104  0.565 1.7 29.7 35.0 33.8 6911

3 big cities 0.091 0.797 3.7 17.0 24.8 32.8 1954
Proxy 0.121 0.647 24 234

self 0.097 0.772 2.4 194 24.8 27.7 5502

proxy 0.111 0.416 2.2 36.2 45.1 38.2 4716
Kind of insurance 0.112 0.589 2.3 24.6

sickness-fund 0.098 0.682 2.8 21.1 29.1 32.3 7028

private 0.121 0.417 1.0 32.1 43.8 35.7 3190

“widow(er)”” seem to be too small to esti-
mate such parameters.

In order to make the differences even
more clear, Table 2 also contains the esti-
mated percentages of respondents who have
no contacts with the GP during an entire
year. These percentages are calculated for
the common model as well as the separate
model. Taking a longer interval is one way
of magnifying the effects of different par-
ameter estimates. The percentage of respon-
dents without contacts with the GP can be
calculated simply by taking m = 0 and
T = 52 and substituting of the estimated
parameter values into (1). It appears that
generally the commonly estimated percen-

tages vary less between the groups than the
separately estimated percentages. This is
understandable, since such a percentage
depends strongly on the variance of the dis-
tribution. It is the left tail of the distribution,
and the larger the variance, the larger the
tails. By assuming that the coefficient of
variation of the distribution of F'is constant
over the groups, the distribution of contacts
over the groups (artificially) obtains some
common variance. This leads to more equal
tails within each group.

7. Hospitalizations

Sikkel (1986) showed that the yearly number
of hospitalizations is so small that it did not
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make sense to distinguish between separate
groups of 3,4, 5, and 6 hospitalizations. For
this reason only the categories 0, 1, and
“2 and more” have been used in the esti-
mation process. The number model fitted
best for the whole population. This implies
that the memory effect does not depend on
the time that has passed since the hospi-
talization but does depend on the number of
events that have occurred since.

From Table 3 it appears that in no case is
there a significant deviation (significance
level 0.05) of the common model from the
separate model. Compared to the model-
free estimations the common model’s stan-
dard errors are considerably smaller, and

Journal of Official Statistics

also compared to the separate model the
common model shows an increase in pre-
cision. Exceptions are the relatively small
groups 65+ and “widow(er).” For “654-"
the separate model has the smallest stan-
dard deviation. The group “widow(er)” also
has a small standard deviation; there the
standard error in the model free estimate is
smaller than in the common model.

The difference between the parameter
estimates of models are shown in Table 4.
There appears to be large fluctuations in the
memory effects. Since the number of hospi-
talizations is relatively small, this does not
lead to a rejection of the hypothesis of the
common model, as seen in Table 3. The

Table 4. Estimates of model parameters and zero percentages on the basis of different

models to compare groups for hospitalizations

b k v, Percentage no contact n
last 5 years
separate common

Age 0.025 0.183 38.5

0-14 years 0.019 0.243 —13.2 83.0 84.5 2418

15-64 years 0.044 0.158 46.3 81.5 80.5 6801

65+ 0.045 0.253 34.5 72.0 74.4 999
Sex 0.033 0.176 37.8

man 0.028 0.210 36.5 81.4 82.6 5144

woman 0.049 0.162 37.1 80.2 79.4 5074
Marital status 0.044 0.181 394

married 0.050 0.167 51.0 79.4 79.2 5169

widow(er) 0.023 0.451 —72.6 67.9 72.5 432

never married 0.030 0.157 324 85.1 84.3 4445
Urbanization 0.033 0.176 37.2

rural 0.016 0.359 —65.2 78.2 82.4 1353

smaller cities 0.041 0.160 38.6 81.9 81.2 6911

3 big cities 0.044 0.185 60.1 78.7 79.5 1954
Proxy 0.044 0.187 36.9

self 0.042 0.201 44.0 77.7 78.5 5502

proxy 0.032 0.153 21.3 84.8 83.5 4716
Kind of insurance 0.040 0.177 36.8

sickness-fund 0.038 0.187 33.2 80.1 80.4 7028

private 0.041 0.152 46.4 82.8 82.1 3190
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percentages of “no hospitalizations in the
past five years” are close together. The
largest deviation appears in the group
“widow(er).”

8. Conclusion

The most radical method to model and esti-
mate differences between subpopulations is
to parameterize the model in such a way
that one parameter indicates the differences,
while the other parameters are kept con-
stant over the subpopulations. In our study
this method led to a considerable decrease
in standard errors and the avoidance of
implausible parameter estimates. Since we
do not have the population values of the
parameters there is no way to be sure that
the estimates in the common model are
superior to other estimates. However, the
estimates are wrong only when the models
are misspecified and the estimates are not
robust against misspecification. If the within
group variation (k) is misspecified we have
the analogy with linear regression where
ordinary least squares is applied instead of
generalized least squares. The estimators
of averages are robust against moderate
misspecifications of this kind. More serious
are misspecifications in the memory effects
since they are approximately proportional
to the estimators of the true averages. When
the subpopulations are large, the possibility
of misspecification can easily be tested and
its consequences can be investigated.
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