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Summary. For frequency counts, the situation of extra zeros often arises in biomedical applications.
This is demonstrated with count data from a dental epidemiological study in Belo Horizonte (the Belo
Horizonte caries prevention study) which evaluated various programmes for reducing caries. Extra
zeros, however, violate the variance—-mean relationship of the Poisson error structure. This extra-
Poisson variation can easily be explained by a special mixture model, the zero-inflated Poisson
(ZIP) model. On the basis of the ZIP model, a graphical device is presented which not only sum-
marizes the mixing distribution but also provides visual information about the overall mean. This
device can be exploited to evaluate and compare various groups. Ways are discussed to include
covariates and to develop an extension of the conventional Poisson regression. Finally, a method to
evaluate intervention effects on the basis of the ZIP regression model is described and applied to
the data of the Belo Horizonte caries prevention study.

Keywords: Caries prevention study; Decayed, missing and filled teeth index; Mixture model;
Poisson model with zero inflation; Zero-inflated Poisson model graphics

1. Introduction

Data that consist of counts often occur in areas such as public health, epidemiology, sociology,
psychology, engineering and agriculture. Typically, a Poisson model Pr(Y = y) = Po(y, p) is
assumed for modelling the distribution of the count observations Y or, at least, to approx-
imate their distribution. However, the Poisson model often underestimates the observed
dispersion. This phenomenon, also called overdispersion or extra-Poisson variation, occurs
because a single Poisson parameter p is often insufficient to describe the population (see for
example McCullagh and Nelder (1989), Aitkin ez al. (1989), Breslow (1984) and Campbell et
al. (1991)). In fact, in many cases it can be suspected that population heterogeneity which
has not been accounted for is causing this overdispersion. This population heterogeneity is
unobserved, i.e. the population consists of several subpopulations, in this case of Poisson
type, but the subpopulation membership is not observed in the sample. One approach to the
problem is to assume that the heterogeneity involved in the data can be adequately described
by some density g(u) defined on the population of possible Poisson parameters . Since this
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heterogeneity cannot be observed directly, it is also called /atent. We can only observe counts
coming from the marginal or mixture density

JO Po(y, 1) g(u) dp.

Two approaches can be distinguished. The traditional approach is to follow a fully parametric
model for the mixing density g. An example of this nature is the gamma distribution for g, for
which the marginal density becomes the negative binomial distribution (Hogg and Tanis
(1983), p. 380). The second approach, the nonparametric approach, does not specify any
parametric density for g(u). Here, the nonparametric maximum likelihood estimator of
the mixing density g is always finite, giving weights p; to the latent classes or subpopulations
K j=1, ..., k (Simar, 1976; Bohning, 1982, 1995; Lindsay, 1983; Laird, 1978). This non-
parametric approach is attractive, since it is not only easy to interpret but also requires no
specification of the number of latent classes k.

In this paper we study the simplest mixing distribution, namely a two-mass distribution
giving mass 1 — p to 0 and mass p to the second class with mean w. This model is also called
the zero-inflated Poisson (ZIP) model (Lambert, 1992; Johnson et al., 1992; Yip, 1991; Fong
and Yip, 1993). For medical applications of the ZIP model, see for example Demétrio and
Ridout (1994) and Campbell et al. (1991). This model has been found to be useful in the study
of the prevention of dental caries, described in the next section.

2. The decayed, missing and filled teeth index in dental epidemiology

In dental epidemiology, the decayed, missing and filled teeth (DMFT) index is an important
and well-known indicator and overall measure of the dental status of a person. As an
application, we consider here data from a prospective study of school-children from an urban
area of Belo Horizonte (Brazil), the Belo Horizonte caries prevention (BELCAP) study. The
data can be obtained from

http://www.blackwellpublishers.co.uk/rss/

The children were all 7 years of age at the beginning of the study, and schools with similar
socioeconomic backgrounds were selected. See Mendonga and Bohning (1994) and Mendonga
(1995). Fig. 1 shows the DMFT distribution at the beginning of the study. Only the eight
deciduous molars were considered, which implies that the smallest possible value of the
DMFT index is 0 and the largest is 8. There is a clear spike of extra zeros representing the
caries-free children. This pattern is typical of DMFT data. Nevertheless, the line of argument
followed in dental epidemiology is that the DMFT index is a count variable, and that Poisson
distributions with log-linear modelling to include covariates would be an appropriate method
of analysis. However, as can be seen in Fig. 1, the homogeneous Poisson distribution does not
provide an adequate fit to these data.

The aim of the caries prevention study was to compare four methods to prevent dental
caries. Interventions were carried out according to the following scheme: school 1, oral health
education; school 2, all four methods together; school 3, the control group; school 4, enrich-
ment of the school diet with rice bran; school 5, mouthwash with 0.2% sodium fluoride
(NaF) solution; school 6, oral hygiene. The six treatments were randomized to the six
schools, so that all children of a given school received the same treatment. 797 school-
children were examined both before and after the trial, their dental status evaluated and the
DMFT index computed.
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Fig. 1. DMFT distribution for 797 children at the beginning of the study: I, 0bServed; e homogeneous
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Fig. 2. DMFT distribution for 797 children at the end of the study: W, observed;
distribution; 7, ZIP model

, homogeneous Poisson

The distribution of the DMFT index at the end of the study is presented in Fig. 2. Let
DMFT]1 denote the dental status at the beginning of the study and DMFT2 the dental status
2 years later. It is evident from a comparison of Fig. 1 with Fig. 2 that the dental status has
improved for many children. However, for 486 children the DMFT index after 2 years
(DMFT?2) is lower than the DMFT index at the beginning of the study (DMFT1). How can
the DMFT value decrease with time? In the examinations the decay value in the DMFT index
was measured on the conventional scale expressing not only decay but also lesions of the
tooth graded above 0, where the grading is as follows: grade 0, healthy; grade 1, light, chalky
spot; grade 2, thin brown-black line; grade 3, damage, not larger than 2 mm wide; grade 4,
damage, wider than 2 mm. A DMFT index which also accounts for the grade of lesions is
sometimes also denoted the D, 4,MFT index (Pilz, 1985). It is possible—as in the BELCAP
study — that a tooth with a low grade of lesion can recover in time. This might be completely
different in studies on older populations where only negative development can be expected.
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For every child in the BELCAP study, every tooth missing, or having a filling or decayed (or
even a lesion graded 1-4) was counted as contributing 1 unit to the DMFT index. For
example, a child with a DMFT index of 3 had three teeth which were either missing, filled or
decayed.

3. The zero-inflated Poisson model

A simple and frequently applied statistical model for a count distribution is the Poisson
model. In this model Y is assumed to follow a Poisson density

Pr(Y = y) = exp(—p)p’ /y! = Po(y, p). (3.1

As we have seen in Section 2, model (3.1) does not fit the DMFT data, because of the large
frequency of extra zeros in the distribution. A simple way to model this zero inflation is to
include a proportion 1 —p of extra zeros and a proportion p exp(—u) from the Poisson
distribution (Johnson et al. (1992), p. 314, and Lambert (1992)). We can write this ZIP
density f as

, [T =p+pexp(—p), if y=0,
S p, ) = {pPO(y’ D, £y >0, (3.2)
or
S p, ) = (1 = p)Po(y, 0) + pPo(y, ). (3.3)

Representation (3.3) indicates that the ZIP model is a special mixture model having two
classes, where the first class has a fixed value at 0. In the case of the DMFT index, this class
could include those children with no caries risk at all.

For the ZIP model with zero inflation we find that

var(Y) = E(Y) + E(Y){u — E(Y)},
E(Y) = pp.

For the DMFT2 data, we find overdispersion s> —y = 1.05. The maximum likelihood
estimators for the ZIP model (for details see Appendix B) are p = 0.78 and 4 = 2.37 in this
case, leading to a fitted overdispersion (under equations (3.4)) of E(Y){/i — E(Y)} = 0.95,
corresponding to an explained overdispersion of

(3.4)

E(Y){j— E(Y)}/(s* — 7) = 0.90.

Thus 90% of the overdispersion would be explained by the ZIP model. Indeed, we could
consider a formal way of testing the hypothesis Hy: E(S*) = E(Y){1 4+ p — E(Y)}, i.e. whether
the ZIP model satisfactorily explains the overdispersion. One way to test this hypothesis
formally would be to compare the likelihood under this null hypothesis with the likelihood of
the nonparametric maximum likelihood estimator. In Appendix A moment and maximum
likelihood estimators are discussed for the ZIP model. In what follows, let & and p denote the
maximum likelihood estimates of 1 and p respectively.

4. A graphical representation of the zero-inflated Poisson model

In this section we provide a graphical display which presents summary information on the



ZIP Model and DMFT Index 199

various parts of the ZIP model. The display contains a rectangle with a base-line of length 1,
so that the two end points of this base-line represent the two component means of the mixture
model. The height of the rectangle is p, thus showing the distribution of the mixing distri-
bution. Now, the area of the rectangle is pu = E(Y). For sample replacement this equation
becomes ¥ = jip, because of the estimating equations given in Appendix A. The graphical
display is helpful in comparing the various parameters between groups. For example, we
could define group A to be strongly better than group B if and only if p* < p® and p* < p®
(with at least one inequality being strict). Graphically this means that the rectangle of group
B contains the rectangle of group A. Group A could be defined to be weakly better than
group B if E(Y*) < E(Y®), the latter being the more traditional criterion of comparison.
Again, graphically this means that the area of the rectangle associated with group B is lar-
ger than the rectangle associated with group A. Note that ‘strongly better’ implies ‘weakly
better’.

Fig. 3 presents the DMFT?2 index for the six schools in terms of this graphical device,
where the estimates are adjusted for potential confounders as will be described later in
Sections 6 and 7. As can be seen from Fig. 3, school 2 (all four intervention methods together)
is strongly (in both 1 and p) better than all the other schools whereas school 4 (diet) is only
weakly better than school 3 (control).

Another favourable property of this graphical device is that we can see to what extent the
variation in the DMFT2 index between schools is due to the second component mean p or
due to the second component weight p or both. It is quite striking, as seen in Fig. 3, that the
variation between schools is due more to the mean /i than to the component weight p.

5. Inference for the population mean

Although interest lies in the components of the ZIP model, in practice the overall mean E(Y)
is still required as a summary. In this section we investigate the question of constructing a
confidence interval for the population mean E(Y). The large sample approximate method of
constructing a 100(1 — )% confidence interval would be ¥ + z,/var(Y)//n, with z = z,_,
being the (1 — «/2)-quantile of the standard normal distribution. Replacing the unknown

1
0-8 I 5chool 2/ School 17/
_ o8 School 5 >
0.4 | School 6||j=—>
SHhool 4 b
0.2
Sctr ol 3—
0 1 1 1
0 0.5 1 1.5 2

Fig. 3. Six schools in the BELCAP study in a graphical comparison of DMFT2 values: the area of a rectangle
corresponds to the mean of DMFT2
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var(Y) by its unbiased estimator S gives Y =+ zS/./n. Call this method 1. In contrast,
equation (3.4) gives var(Y) = E(Y)+ E(Y){u — E(Y)}. We consider the statement

L{E(Y)} < Y < U{E(Y)} (R
with
L{E(Y)} = E(Y) — z/[E(Y){1 4+ p— E(Y)}]/y/n
and
U{E(Y)} = E(Y) +zJ/[E(Y){1 + p— E(Y)}]/y/n.

It is easily seen by the monotonicity of the functions L and U that inequality (5.1) is equiv-
alent to

UNY)< E(Y)<LY(Y). (5.2)
U~'(Y) and L™'(¥) can be found as the rwo solutions of the quadratic equation in x
(A +22/n)x* — QY + Zp/n+ 22 /n)x + Y2 = 0. (5.3)

Call this method 2. If p = 1, i.e. if E(Y) = pu, then var(Y) = E(Y) and inequality (5.2) leads
to the classical approximating confidence interval for the expected value of a Poisson count

(Breslow and Day, 1985)
— i
Pt \/ (7 4,1)

The expressions L{E(Y)} and U{E(Y)} still contain the unknown parameter y. It can be
replaced by its maximum likelihood or moment estimator. In our case we used the maximum
likelihood estimator of . Methods 1 and 2 were compared in terms of coverage probability
and expected length in a small simulation experiment. Two combinations were studied, one
with a sample size of 100, p =0.5and x =0.1,0.2, . . ., 2.9, 3.0, which corresponds closely to
the situation found in the BELCAP study. The other combination is n = 10, p = 0.1 and
©=0.05, 0.10, 0.15, . . ., 0.95, 1.0, which models a situation of a small sample size with a
large (90%) zero inflation.

Fig. 4 shows the coverage probabilities of both methods for the two combinations. Clearly,
method 2 gives results that are closer to the nominal level for all values of u. In the small
sample case with high zero inflation, method 1 is a complete failure, whereas method 2 is still
behaving reasonably well. For all parameter combinations, the replication size was set to
10000. Fig. 5 presents the means with 95% confidence interval constructed by method 2
for the DMFT index for the six schools in the BELCAP study. Significant DMFT mean
differences between schools as well as significant differences of DMFT1 mean and DMFT2
mean within schools can be observed.

6. Including covariates

Frequently, a variety of further variables are considered in a study, either as explanatory
factors or as confounders such as sex, age and exposure covariates. The data could be
arranged to form strata so that stratum-specific us and ps could be estimated as described in
Section 4. However, the stratified approach has its limitations when the number of covariates
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is increasing. Alternatively, we might try to combine the specific error structure of the ZIP
model with the framework of generalized linear models, in particular with Poisson regression.

The conventional log-linear model

E(Y) = exp(a + B"x),

where x is the vector of covariates, o is an unknown intercept parameter and 3 is an
unknown vector of regression coefficients, can easily be generalized to the ZIP regression

giving
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Y|x ~ (1 = p)Po(y, 0) + pPo(y, ) = (1 — p) Po(y, 0) + pPo{y, exp(a+ B'x)}  (6.1)

conditional on the values of the covariates. A further generalization, which is taken into
consideration here, is also to allow the mixture weight p to depend on covariates. We gener-
alize equation (6.1) to

Y|x ~ (1 = p)Po(y, 0) + pPo(p, p) = {1 — p(e/ + B "x)} Po(y, 0)
+ p(e/ + B'"x')Po {y, exp(a+ B"x)} (6.2)

where x' is a (potentially different) vector of covariates influencing the zero inflation and o’
and B’ are additional unknown parameters of the model. Various choices of the function
p(-) are possible, e.g. p(-) = exp(-)/{1 +exp(-)} as suggested by Lambert (1992). However,
choosing a suitable function p(-) might be an additional problem. This can be avoided if a
few strata, J say, can be created by means of the covariate X’ such that homogeneous zero
inflation can be assumed within each stratum. Then equation (6.2) simplifies to

Y|x, j~ (1 = p) Po(y, 0) + p; Po{y, exp(a + B'x)} (6.3)

for each stratum j=1, ..., J.

We have a model which can be placed in a class of generalized linear models for hetero-
geneity as recently considered by Dietz (1992). In Dietz (1992) and Dietz and Béhning (1995),
methods for finding the maximum likelihood estimates via the EM algorithm were discussed.
A variation and adaptation to the case considered here is provided in Appendix B.

For the data of the BELCAP study introduced in Section 2, the five indicator variables for
the intervention schools were used as components of x, each representing a specific preven-
tion strategy. These are the covariates of main interest in this study. As additional potential
confounders, the following variables were considered: SEX (a binary covariate with girls as
the base-line) and COLOUR (ethnic group, a covariate with three categories: dark (base-
line), white (2) and black (3)).

Also the mixture weight is potentially allowed to depend on the school indicators. In this
case we must consider J = 6 strata when using the stratification approach.

7. Modelling the intervention effect

It is quite striking, as seen in Fig. 5, that a statistically significant improvement in each
school, even in the control school (school 3) exists. To decide whether or not an effect of inter-
vention in an intervention school actually exists, we can use model (6.1) by considering
DMFT?2 as the response variable and log(DMFT1 + 0.5) as an additional covariate in the
linear predictor. In the model, this variable fulfils two functions. One is to serve as an offset,
so that it becomes possible to analyse to which covariates the change in the DMFT index
(from the beginning to the end of the study) can be ascribed. It is easy to see that in this case
the linear predictor, obtained by deleting the offset, is a linear predictor of log{ E(DMFT2)}—
log{ E(DMFT1)}, which is a sensible measurement of the change in the DMFT index. Notice
that E{log(Y + 0.5)} ~ log{ E(Y)} for Y a Poisson variable with mean x and 1 < p < 10, so
the values of log(DMFT1 + 0.5) can be considered as estimates of log{ E(DMFT1)}.
However, it could be argued that the potential for improvement is larger in those schools
with a higher DMFT value at the beginning of the study. Since the children were not ran-
domly assigned to the schools (treatments), a considerable variation between schools is
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Table 1. Effect estimates with standard errors for Poisson and ZIP regression on the
DMFT2 index for the covariates SCHOOL, SEX, COLOUR and log(DMFT1)}

Estimate Standard error Z-value Parameter

Log-linear model: Po{y, exp(a+ 8x)}

—0.211 (0.759) .093  (0.072) —2.275 (10.568) Intercept

0.013  (0.131) 0,053 (0.053) 0.245 (2.484) SEX

0.046 (0.099) 0.058 (0.058) 0.800 (1.718) COLOUR(2)
—0.050 (—0.138) 0.087 (0.087) —0.571 (—1.591) COLOUR(3)
—0.279 (—0.233) 0.087 (0.087) —3.201 (—2.663) SCHOOLI
—0.401 (—0.588) 0.096 (0.096) —4.166 (—6.139) SCHOOL2
—0.018 (—0.089) 0.082 (0.082) —0.218 (—1.094) SCHOOLA4
—0.289 (—0.349) 0.085 (0.084) —3.425 (—4.140) SCHOOLS5
—0.116 (—0.299) 0.089 (0.089) —1.299 (—3.362) SCHOOL6

0.800 0.042 19.254 log(DMFT1)
ZIP model: (1 —p)Po(y, 0) +pPo{y exp(a+BTx)}; p=0.9502
—0.181 (0.943) 0.097 (0.075) —1. 862 (12.495) Intercept
—0.003 (0.098) 0.055  (0.055) —0.055 (1.765) SEX

0.058 (0.083) 0.060 (0.061) 0.971 (1.384) COLOUR(2)
—0.043 (—0.117) 0.092  (0.091) —0.466 (—1.287) COLOUR(3)
—0.238 (—0.222) 0.091 (0.092) —2.603 (—2.417) SCHOOL1
—0.350 (—0.470) 0.101  (0.101) —3.467 (—4.671) SCHOOL2
—0.001 (—0.064) 0.085  (0.086) —0.016 (—0.746) SCHOOL4
—0.262 (—0.223) 0.089  (0.089) —2.961 (—2.512) SCHOOLS
—0.105 (—0.226) 0.094  (0.093) —1.123 (—2.407) SCHOOLG6

0.799 0.044 18.261 log(DMFT1)

1The Z-value is the estimate divided by its standard error; numbers in parentheses refer to the
corresponding model without log(DMFTT1).

Table 2. Log-likelihood for the three distributional models and the various covariatest

Model Log-likelihoods for models with the following parameters:
SEX, COLOUR, SCHOOL With log(DMFTI)
Log-linear —1473.20 —1252.37
ZIP —1410.27 —1246.89
Mixture —1406.30 —1246.89
ZIP, p dependent on school —1402.27 —1242.68

1The response variable is DMFT2.

possible. Indeed, Fig. 5 shows that school 1 has not only the largest improvement but also the
largest DMFT mean at the start of the study. Thus, the second function of this covariate is to
control for this kind of effect modification. Because, in Poisson regression or, more generally,
in the regression part of the ZIP model, the logarithm of the expected value of the response
(here DMFT2) is modelled as a linear combination of the covariates, it is appropriate to
include DMFT1 on the log-scale as well. Note that the purpose of including the DMFT]I
index as a covariate can be seen in an attempt to explain the change in the DMFT index
through the various intervention measures (and other covariates).

In Table 1 the results are given not only for the conventional Poisson regression and its
zero-inflated generalization but also for the more general mixture model which allows mixing
on the intercept. It is clear from Table 2 that the major gain in the increase in likelihood
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is from the non-inflated to the ZIP model. Note that this model has only one additional
parameter, whereas the general mixture model and the ZIP model with school-dependent
weights need two and six parameters respectively.

Table 1 provides effect estimates with associated standard errors and Z-values (the estimate
of an effect divided by its standard error). As can be seen, neither SEX nor COLOUR plays a
relevant role in any of the models. Note that school 3 serves as the control (base-line category):
school 1 (oral health education), school 2 (all treatments) and school 5 (mouthwash) show
significant negative effects (changes to a lower DMFT?2 value), whereas schools 4 and 6 are
non-significant.

The school effects express the adjusted differences in the DMFT?2 value to the control
school at the end of the study. Clearly, with this kind of modelling it is very important to
include the DMFT1 value as the base-line. If base-line values were not considered, the
treatment associated with school 6 would be falsely assumed to be effective.

Table 2 gives a justification for the ZIP model. When the log(DMFT1)-value is included as
a base-line value, there is no difference between the ZIP model and the next higher mixture
model with two free components. This again underlines the importance of the ZIP distri-
bution as a more general error distribution for a count variable in a generalized linear model.
The last row in Table 2 considers the ZIP regression model (6.3) where for each school a
different proportion of zero inflation is allowed. Though there is an improvement in the log-
likelihood, it is not significant on a y’-scale with 6 degrees of freedom (see also Fig. 3 for
comparison).

8. Discussion

Using the example of the data of the BELCAP study, it has been demonstrated that the ZIP
model is useful in describing the DMFT index which is used to evaluate the effects of the
various prevention programmes of the BELCAP study.

8.1. Belo Horizonte caries prevention study

When the preventive effects of the five programmes were evaluated, from the univariate
analysis it was seen that the strongest results were achieved in school 1 (oral health education),
school 5 (mouthwash with 0.2% NaF solution) and school 2 (all four programmes together).
The programmes performed in school 4 (enrichment of the school diet with rice bran) and
school 6 (oral hygiene) did not show preventive effects.

So far no caries epidemiological study has been carried out in the Belo Horizonte metro-
politan area. This implies that no comparison of the results found in the BELCAP study with
other data from local surveys is possible. Comparing the values of the DMFT index from 7-
and 10-year-old children in the BELCAP study with international data, it becomes evident
that the values in Belo Horizonte are very high. Another important effect that was detected in
the BELCAP study was the reduction in initial dental caries on the enamel surface of teeth,
which was present even in the control group. There are two possible explanations for this.
One possibility is a trend in dental caries that has affected all the schools in the BELCAP
study in a similar way. However, it could be that during the study, especially while the
intervention phase was in progress, information from one school to another could have been
passed over (the spillover effect). Frequently meetings were held between the co-ordinators of
the BELCAP study and the heads of the schools, to discuss matters concerning the execu-
tion of the programmes. So, in this case a spillover effect cannot be completely excluded.
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However, this also raises the question why in this study only the schools were randomized
and not the individual children. Individual randomization would have created a large
potential for biases including bias due to non-blinding of treatments and the spillover effect
mentioned. However, in epidemiology non-randomized studies are not untypical and the only
option is to adjust for imbalance with statistical tools as has been done in the BELCAP study.
Also, in the BELCAP study the schools were randomized to the treatments. Thus, this kind
of study falls under the category of community randomized trials, in which a treatment is
applied to more than one person as part of the experimental unit (Piantadosi (1997), p.
68). These trials are gaining popularity, recently, for example, in the evaluation of health
education programmes (see also Piantadosi (1997) and Gail et al. (1996)). However, it must
be kept in mind that the conclusions drawn from this type of non-individual randomized
interventional study are dependent on the statistical model used. Consequently, the results
must be interpreted with caution.

It remains unclear why the various schools had such different initial values at the beginning
of the study. We might imagine different socioeconomic backgrounds in these schools. How-
ever, the study was performed with urban school-children belonging to six distinct local
government schools, all in the same socioeconomic unit region. The clinical assessment was
carried out in the yard of each school in daylight by a research team consisting of two
assistant professors from the dental school, two assistants (students from the dental school)
and two associated research fellows (dentists). The examination took on average 10 minutes
to be performed. The oral examination was carried out with the child lying on a school table.
For this procedure a plain dental mirror number 4 and an explorer number 5 were used.
Attention was paid to the accuracy of data entry and checking was carried out.

The sample of the BELCAP study originated from a low socioeconomic class and shows
a high prevalence of dental caries. In Brazil refined sugar as well as products contain-
ing fermentable carbohydrates are very cheap and are used by low income families. This
would explain partially why such a high prevalence of caries is found in this population. The
results of the BELCAP study show also that the programme of oral health education proved
to be the best method to prevent initial dental caries in primary molars. In the literature
regarding different methods for the prevention of caries until now no study could be found
which has used and tested exclusively the pedagogical aspects of this programme. The
material published on this research area has been used for the implementation of oral health
programmes along with the pedagogical instruments and fluoride and tooth brushing.
Therefore a comparison is not possible. To understand in its complexity the mechanism of
action of the programme of oral health education further studies should be designed. This
would allow the validation of the results presented here. In this case the following points may
be considered in further studies:

(a) whether a reduction in sugar consumed outside the school has taken place;

(b) whether a change in the frequency of oral hygiene outside the school has taken place;

(c) whether the parents have increased their knowledge of and changed their opinion
about sugar consumption and oral hygiene.

The mouthwash programme with 0.2% NaF solution in comparison with the control group
also showed a significant reduction in initial dental caries lesions in primary molars. This
agrees closely with the hypotheses of Disney et al. (1990), who suggested that only the use of
popular fluoride products such as dentifrice, gel and varnish can lead to a significant
prevention of dental caries. The reduction achieved by following this programme as described
by Ripa et al. (1983) could be partly confirmed in the BELCAP study.
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8.2. Statistical modelling

It has been seen that ZIP models are very special mixture or latent class models which can be
used in a variety of applications in which an extra proportion of zeros occur. It has been
demonstrated that there are ways which provide maximum likelihood estimators reliably.
Since ZIP models are special (Poisson) mixtures, software for mixture modelling such as
C.A.MAN (Bohning et al., 1992; Bohning, 1995) might be used for fitting ZIP models. The
ZIP model might be tested by means of the likelihood ratio test. However, the classical
asymptotic result of a x*-distribution with 1 degree of freedom is not valid here since the
boundary condition is violated. Instead, the limiting distribution follows a two-point mixture
of x*-distributions with equal weights: % Xo + % %2 (Self and Liang, 1987; Feng and McCulloch,
1992). An alternative way to test for general overdispersion is a test based on comparing the
empirical variance with the empirical mean (Bohning, 1994). In addition, ways to include
covariates have been discussed. The approach followed in Section 6 assumes that the amount
of zero inflation does not depend on the values of the covariates. It appears appropriate to
validate this assumption. If there is a variation in p, a more complete modelling can be
adopted (Lambert, 1992) and possibilities have been outlined. Suggestions have been made
to the authors on various occasions (including during the reviewing process) to consider
nonparametric methods as an alternative analysis instrument. However, if the amount of zero
inflation is above 50%, then the median is necessarily 0. Thus a procedure based on ranks
will not detect any changes in the second component, in this case. As pointed out by one
reviewer, alternatively a zero-inflated binomial model, e.g. (1 — p) bin(y, 0, N) + p bin(y, pu,
N), could have been considered. For the DMFT index in the BELCAP study, N is the
number of teeth that could be become decayed, missing or filled, e.g. N = 8. This is a valid
alternative. In fact, we can consider the ZIP as a (good) approximation to the zero-inflated
binary model. Rather similar results with respect to the Z-values of the school effects have
been obtained.
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Appendix A: Estimating the model parameters

A.1. Moment estimation )
From equation (3.4) we have the moment equations E(Y) = ¥ and S§* = E(Y){l + x — E(Y)} which
are readily solved by

[LMOZSZ/Y_1+Y
and

f’Mo = Y//}MO‘
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A.2. Maximum likelihood estimation
Let n; be the number of is in the sample; in particular, #, is the number of zeros in the sample. Then the
log-likelihood function is

L(p, 1) = ng log{l — p+pexp(—p)} + Z n, log{p Po(y, 1)} (A1)

y=1

and the score vector is

exp(—x) n—ny —p exp(—p) A\’
n , 1 —(m—ny)+nyp | ,
(01—p+pexp(—u) p " T—p+pexp(—p) ’
leading to the score equations
1 —ny/n
p = —0/ s
1 —exp(—p)
w=Jy/p,

which can be written in one equation as

_f 1=mny/n ! _G
=) o

Because

d y
d_M G(p) = 1_—”0/” exp(—p) > 0,

i1 = G(u;) converges for any initial value y, to the maximum likelihood estimate fiy g satisfying the
fixed point equation p = G(u). As the initial value for iteration, py = fiyo could be chosen. The con-
vergence of this algorithm is usually linear and acceleration procedures exist (Bohning, 1993). A
problem with this algorithm is that it does not take the parameter restriction 0 < p < 1 into con-
sideration, and this procedure can lead to an estimated p-value that is larger than 1. In that case, we
must set p = 1 and use the usual mean as an estimate of u. Alternatively, we can use a simplified version
of the EM algorithm described in Appendix B. This EM algorithm always leads to an estimate which
fulfils the parameter restriction on p.
The sample information matrix

2

I=1(p, )= ~ o L(p, 1)
can be found to be
(no{exp(—u) -1y’/C no exp(—p)/C ) a2
nexp(—p)/C  ny/u’ —nop(1 — p)exp(—p)/C

with C = C(p, 1) = {1 — p + pexp(—p)}*. From the inverse of matrix (A.2) asymptotic standard errors
can be constructed in the conventional way.

Appendix B: Maximum likelihood estimation for the zero-inflated Poisson model
with covariates

Let (y;, x;) be a random sample of size n with counts y; and a vector x; of covariates fori=1, . . ., n.
Then, the log-likelihood function for model (6.1) is

L(p, 0, B) = z log[(1 — p) Po(y;. 0) + p Po{y,. exp(a+ B7x)}].
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The ‘complete-data likelihood’ is given by

[T (1=p) 7 [pPofy, exp(e+ B x)}" ] [pPof{y. exp(a+ B X))}

ilyi=0 ilyi>0

where z; is an unobserved binary variable indicating whether sample unit (y;, X;) comes from latent class
zero (z; = 0) or non-zero (z; = 1). Note that Po(y, 0) = 0if y > 0 and z is known to be equal to 1 in this
case. The complete-data log-likelihood is given by

L(p, o, B) = _X;:Zi log(p) + (1 = z)) log(1 — p) + z; log[Po{y;, exp(a + B"x;)}].

The EM algorithm (proceeds in the usual way to calculate the maximum likelihood estimates of p, o and
B as follows. Let p™, o and B be the iterates achieved at the mth M-step. Then, in the (m + 1)th
E-step, E{L°(p"™, o/™, 3"")} must be computed. This leads to the computation of the expected values
of z;:
() Po {yh exp(a(’n) + ﬂ(’")Txi)} )

P Po{y;, exp(a + B"Tx)} + (1 — p) Po(y;, 0)

Note that w; = 1, if y; > 0. In the M-step we must find those values of p, « and 8 which maximize

E(Zilp(”l)’ 04('”)7 /@(m)a Vi X)) =w; =p

E(L%) = Z w; log(p) + (1 — w,) log(1 — p) + w; log[Po{y;, exp(a+ B"x)}]. (B.1)
i=1

Here, the nice feature is that the first term of equation (B.1) involves only p, whereas the second term
is independent of p. Maximizing the first term we find that p®*" = (w, 4+ ... +w,)/n=1w. The
maximizing of a and 3 cannot be given in closed form. However, we observe that they can easily be
found by a software package which contains Poisson regression and allows the specification of case
weights (the w; in this case).

If also p is allowed to depend on covariates (by a logistic link, for example), the respective additional
model parameters can also be computed by a GLIM fit where the w; are considered as response
variables. To be more specific, in the M-step for the parameters @’ and 8 in model (6.2) the following
term must be maximized:

> wi log{p(a/ + B"7x))} + (1 — w) log{1 — pa’ + B""x))). (B.2)
i=1
To solve the M-step in the simplified model (6.3) we must find those values for the p;s which maximize
_Z: {w; log(p)) + (1 — wy) log(1 — p))}é;,

where ¢; = 1 if the ith data point comes {“rom the jth stratum and 6; = 0 otherwise.

These values are easily derived as pj(-"hL ) = (wi6y;+ ... +w,0,)/n; where n; denotes the size of the
Jjth stratum. A GLIM macro to do these computations can easily be constructed or obtained from the
authors.
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