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Abstract — Background: Traditional approaches to the analysis of dmfs/DMFS
count data pose analytical challenges, considering the increasing proportion of
zeroes in the distribution. The aim of this paper was to predict the probability of
‘caries-free’ subjects and the dependence of dmfs index on the influence of
childhood sociodemographic factors, through the application of regression
models. Methods: Data were gathered as part of the National Pathfinder
Survey of 4-year-old Italian children. Clinical data on caries disease (dmfs) and
childhood sociodemographic factors were collected. The predicted probability
for Poisson, negative binomial and zero-inflated models (Poisson and negative
binomial) were estimated using STATA commands for count outcomes. The
outcome variable in the regression models was the severity of the disease (dmfs
index), while statistically significant variables on bivariate analysis were
considered as covariates. Results: Out of 5538 children, 4344 (78.44%) had a
dmfs = 0. The mean dmfs index was 1.36 (range: 0-104). The statistical
significance of the dispersion parameter (O = 141.6, P < 0.0001) showed the
inappropriateness of the Poisson model when compared with the negative
binomial model. Vuong’s test indicated that the zero-inflated models

(ZIP and ZINB) fitted the data significantly better than the others (P < 0.001).
A significative likelihood ratio statistic indicates that the ZINB regression model
fitted better than ZIP model (P < 0.0001). The father’s educational level was
significant in both parts of the ZINB regression model (P < 0.05), implying that
the degree of caries experience increases in children whose fathers have a low
level of education, while the excess of caries-free children decreases. Moreover,
the increase of coefficients in the zero-inflated part of ZINB regression model
implies that the excess of caries-free subjects increases with the later age of tooth
eruption. The observed underestimation of the frequencies of zero dmfs counts
by the Poisson model is a common result when a dual-group process is not
taken into account. Conclusions: These regression models provide a useful
approach to handling count outcomes as dmfs/DMFS index in caries
epidemiology.
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The dmfs/DMFS index is commonly used in
epidemiological studies on dental caries prevalence
and experience; it is a simple addition of the
number of decayed, missing or filled teeth (or
surfaces) and represents the cumulative severity of
dental caries experience in an individual or a
population. It received remarkably little challenge
over the first 50 years of its use (1).

However, dmfs/DMFS has weak points and,
recently, proposals for a replacement of this index
have been made (2). The World Health Organiza-
tion (WHO) proposed a new index called the
‘Significant Caries Index’ (SiC) in order to bring
attention to those individuals with the highest
caries scores in each population (3). From the 1970s,
the prevalence of dental caries showed a decrease
in industrialized countries (4-8) and reached a
plateau after 1980 (9).

Consequently, these changes have had the effect
of increasing the proportion of zeroes in the
distribution of dmfs/DMFS. Zeroes are outcome
values and it is important to explicitly account for
them in analysis. Since counting outcomes do not
meet the normality assumption that is required by
many standard statistical tests, analysts have relied
on a transformation to induce normality, which
often does not work, or on categorization of the
outcome which may result in loss of information.
A Poisson distribution might be considered as a
useful alternative to counting processes under the
condition that the expected value is equal to the
variance. However, many counting outcomes
exhibit more variability than that described by the
nominal variance under the Poisson model, a
condition called overdispersion. The consequences
can be severe if overdispersion is not considered.
There are also other ways to deal with overdisper-
sion, e.g. using a sandwich estimator for the
variance. This method takes into account the
clustering of the counts (10).

However, analysing dmfs/DMFS datasets is
necessary to deal both with zero-inflation and
overdispersion.

Modifications to the Poisson distribution have
also been proposed in other applications, for
example, estimating confidence intervals for inci-
dence rates where the case count may be inflated
due to false positives (11).

Statistical models for counting data with an
excess of observed zeroes have received some
attention in recent years, especially in the econo-
metric literature (12-14). In the context of dental
epidemiology, one solution is to assume that there
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are two latent or unobserved groups which could
contribute to the excess zeroes: a subpopulation of
children who comes from the zero state (they have
no decayed teeth due to their personal character-
istics) and another subpopulation of children, who
are susceptible to caries development, or zero for
chance or misclassification (15). Models that rec-
ognize the existence of these two groups, and also
allow for covariate adjustment in each group,
have been developed and are commonly referred
to as zero-inflated Poisson (ZIP) and zero-inflated
negative binomial (ZINB) models (16-18). The
ZINB model takes care of both overdispersion and
zero-inflated issues. The Zero part takes care of
the zero-inflation and the negative binomial (NB)
part takes care of the correlated aspect of the
dmfs.

Nevertheless, in literature, some authors still
continue to encourage and initiate the application
of the GLM Poisson model in the analysis of
covariates of dental caries (19).

The aim of this paper was to determine the most
appropriate regression model to use in children
when assessing caries risk factors in overdispersion
conditions and in predicting the probability of
‘caries-free’” subjects. The NB regression model and
both the ZIP and ZINB models were compared
with the Poisson regression model.

Methods
The sample

The data presented in this paper were gathered as
part of the First National Pathfinder Survey
amongst children’s oral health in Italy. The data
of 5538 children (aged 47.2 + 3.5 months; 51.4%
females) were considered for this study. The study
sample represented 1.04% of the total population
aged 4 years old attending preschool in Italy. The
study design included a dental examination and an
ad hoc questionnaire; 1194 (21.56%) children were
affected by caries disease.

Clinical data on caries disease (dmfs) were
collected following standardized methods (20,
21). The questionnaire requested information on
the child’s social, behavioural, ethnic and demo-
graphic status through a series of 33 closed
questions which focused on sociodemographic
background, oral hygiene behaviour and other
information related to caries risk. However, only
a few variables from the questionnaire were
significantly associated to dmfs. The variables



selected from the questionnaire were: ethnicity
(Italian versus not Italian), a high level of
parental education (upper-school or higher) ver-
sus a low level (lower than upper-school),
preterm birth (<36 weeks), breast feeding, age of
tooth eruption (6 months reference versus higher
6-monthly intervals). These were identified as
predictors of caries index in the regression
models.

Statistical analysis and procedures

In this study, the distribution of dmfs was nonnor-
mal, highly skewed (Skewness =7.1) and con-
tained excessive zeroes, compared with standard
count distributions. The mean of dmfs index was
1.4 (SD = 5).

Although Poisson distribution is typically used
for counting outcomes, it cannot be used when an
overdispersion, which occurs when the variance of
the distribution is greater than the mean value, is
present. This distribution can be closely described
by the NB model (22). The overdispersion was
tested by the statistical test proposed by Bohning
(23):
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Moreover, the appropriateness of the NB regres-
sion model was tested by a likelihood-ratio test
which examines the value of the parameter alpha.
If alpha = 0, the process is Poisson.

The Poisson regression model is defined as
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where ; =eXP, with x; a vector of predictor
variables and f a vector of unknown coefficients
to be estimated.

To account for an excess of zeroes, the ZIP model
is defined as a mixture of two distributions to
incorporate extra zeroes:
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where 7, is the probability of being an extra zero
and g; can be modelled as e%? and 7; as g(z;%)
where x; and z; are vector of predictors which can
be different and g(.) is a logit function. The ZINB is
formulated as [1], replacing the Poisson distribu-
tion e " /y;! with the negative binomial distribu-
tion in Equation [2],
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where @ is the overdispersion parameter, the ZINB
equation [3] is obtained
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which takes into account that the nonzero counts
might be correlated (24).

All these regression models were fitted to our
data using the POISSON, NBREG, ZIP and ZINB
modules of the sTATA 9 statistical software (Stata
Corp., College Station, TX, USA). The likelihood-
ratio test (LR) was considered to compare ZIP to
ZINB model, since the ZINB model nests within
the ZIP model, when alpha = 0. Based on zero-
inflated model, a Vuong nonnested test (V) is then
considered to discern the zero-inflated count data
model (e.g. either ZIP or ZINB) against its parent
distribution (Poisson or NB, respectively), because
neither ZIP nor ZINB are nested within its parent
distribution, Poisson or Negative Binomial (NB),
respectively. The Vuong statistic follows a standard
normal distribution; so it can be compared with
z-values: when V is greater than 1.96 favours the ZI
count model, while V inferior than —1.96 distinctly
favours the standard count model; otherwise,
neither model is preferred (25). In addition, it was
compared the goodness-of-fit of models calibrated
using the Akaike information criterion (AIC) (26,
27). The model with the lowest AIC was preferred.

The difference between the observed and pre-
dicted probabilities from each model was plotted to
obtain graphical illustrations of fit. The predicted
probabilities were constructed according to Long
and Freese’s (28) approach and were adjusted for
all covariates. Outcome variable in the regression
models was the severity of the disease (dmfs
index), while the statistically significant variables
on bivariate analysis (Table 1) were considered.
The independence between categorical variables
was tested with y*test. The inclusion criterion for
variables was set up at 10%.

P(yilxi) =

Results

The results of associations between dmfs (catego-
rized as caries experience) and predictor variables
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Table 1. Association between dmfs and predictor
variables

dmfs =0 dmfs > 0
Variable n (%) n (%) P-value®
Mother’s nationality
Ttalian 3827 (80.7) 917 (19.3) <0.001
Not Italian 376 (63.8) 213 (36.2)
Father’s nationality
Ttalian 3877 (80.9) 918 (19.1) <0.001
Not Italian 281 (58.9) 196 (41.1)
Mother’s education
High 2945 (81.8) 657 (18.2) <0.001
Low 1240 (72.1) 480 (27.9)
Father’s education
High 2642 (82.4) 565 (17.6) <0.001
Low 1516 (73.2) 554 (26.8)
Preterm birth
Yes 397 (74.5) 136 (25.5) 0.011
No 3757 (79.2) 985 (20.8)
Breast feeding
Yes 3415 (79.3) 891 (20.7) 0.038
No 768 (76.3) 238 (23.7)
Age of tooth eruption
<6 months 1226 (75.6) 395 (24.4) 0.004
6-9 months 2013 (79.5) 518 (20.5)
9-12 months 697 (80.7) 167 (19.3)
>12 months 163 (81.9) 36 (18.1)

The total number of children in each characteristic may
differ because of missing data.
352 test.

are shown in Table 1. Two groups of children with
dmfs = 0 and dmfs > 0 were considered according
to the significant variables, as resulted by the chi
square test (P < 0.05). Significant association
between caries experience and potential risk factors
were only observed for parents’ nationality
(P < 0.001), parental educational level (P < 0.001),
preterm birth (P = 0.011), prolonged breast feeding
(P = 0.038) and early tooth eruption (P = 0.004).

Model results and comparisons

The Poisson model showed a poor fit. As regard
goodness-of-fit testing, the overdispersion statisti-
cal test was statistically significant (O = 141.06,
P < 0.0001). When comparing the NB to the Pois-
son, the likelihood-ratio test gave a highly signif-
icant chi square value (;* = 18397.92, P < 0.0001)
implying that NB is favoured for this dataset.
Moreover, the Vuong statistics of 16.25 indicated
that the ZIP model fits better than the Poisson
model. Consequently, the expected probability
based on the ZIP and NB models showed consid-
erable improvement in the model fitting. Moreover,
the ZINB model fits better than NB model
(V =4.01, P<0.0001). Furthermore, considering
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Fig. 1. Distribution of dmfs index according to observed
and predicted proportions from four regression models.
(a) with zero score, (b) without zero score.

the AIC values for the regression models (Poisson:
5.84; ZIP: 3.18; NB: 2.09 and ZINB: 2.08), it could be
observed that the ZINB model fits the data slightly
better than the other models.

Figure 1a shows the observed proportions of
dmfs index from the four regression models com-
pared with those observed in the sample. The
major failure of the Poisson regression model is in
predicting the number of zeroes with an under-
prediction of about 0.5, while at count dmfs =1,
there is an over prediction of about 0.3. The NB and
related ZI model are virtually indistinguishable on
the plot 1a due to of the excess of zeroes which flats
the distributions for dmfs count >1, and both fit the
number of zeroes quite well. The ZIP model
underpredicts individuals with dmfs from one to
two (Fig. 1b); conversely, the NB model slightly
overpredicts count of dmfs = 1. Overall, the ZINB
model makes better predictions than the other
models. The high Ilikelihood ratio statistics
(5375.43) used to compare ZIP and ZINB model
indicates that the ZINB model provides a signifi-
cant improvement in the fit of the ZIP model
(P < 0.0001).

The results of fitting the ZINB regression model
to the dmfs index with the disease’s predictors are
reported in Table 2. The adjusted dmfs, obtained
from the coefficients of the negative binomial
process of the ZINB model, was statistically
significant for father’s nationality and educational



Table 2. Comparison between GLM Poisson and ZINB models
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ZINB

Probability of
being an extra

GLM Poisson Negative binomial part Zero-inflated part Zero
Adjusted
b SE P-value b SE  P-value dmfs b SE  P-value P 95% CI
Intercept 227 0.04  <0.001 229 022 <0.001 9.9 -2.05 052 <0.001 0.13 0.05-0.36
Nationality
Italian mother -0.63 0.03  <0.001 -0.14 035 0.70 8.6 055 045 0225 0.22 0.09-0.54
Italian father =~ -0.56 0.03  <0.001 -0.81 0.36  0.02 44 095 049 0.054 0.33 0.13-0.86
Education
High, mother -0.33 0.04 <0.001 -0.61 0.14 <0.001 5.4 013 0.16 0.39 0.15 0.11-0.20
High, father -1.07 0.04 <0001 -033 0.14 0.02 7.1 052 0.16 0.001 0.22 0.16-0.30
Preterm birth 018 0.04  <0.001 0.07 018 0.69 10.6 -0.11 022 0613 0.12 0.07-0.18
Breast feeding -0.11 0.03  <0.001 -0.01 0.13 0.92 9.8 022 016 0.19 0.16 0.12-0.22
Age of tooth eruption (months)
6-9 versus 6 -0.15 0.03 <0001 -0.02 0.12 0.85 9.6 026 0.15 0.09 0.17 0.12-0.22
9-12 versus 6 -0.15 0.04  <0.001 0.05 017 078 10.4 057 019 0.004 023 0.15-0.33
>12 versus 6 0.04 0.06 0.529 036 031 0.24 14.2 077 031 0.015 0.28 0.15-0.51
level and for mother’s educational level. The (zero counts) according to dmfs index, while a
lower values, compared to the intercept one, small number of children typically account for an

indicate the ‘protective’ effect of these variables.
In particular, the educational level of the father
was significant in both parts of the ZINB regres-
sion model, implying that the degree of caries
experience increases for the group of children
whose father’s educational level is low, while the
excess of the caries-free children decreases. The
probability of being an extra zero, or ‘caries-free’,
reported in the twelfth column in Table 2, could
be interpreted as the estimate for an individual
who is in the group of children whose fathers
have a high educational level, and whose P-value
is 0.22. Moreover, the coefficients for six-monthly
age intervals of tooth eruption higher than
6 months versus 6 months imply that the higher
the age of first tooth eruption, the lower the
probability of being affected by caries. Therefore,
the probability of being an extra zero increases
with the age of tooth eruption, ranging from 0.17
in children with tooth eruption at 6-9 months to
0.28 in children with tooth eruption at over
12 months.

Discussion and conclusion

The process of choosing the best model to examine
risk factors which are associated with a disease is a
trade-off between simplicity and accuracy. This is
particularly true for caries disease in childhood
since a large proportion of children are caries-free

extreme amount of caries. Although the Poisson
regression model is still recommended for analy-
sing count data, it almost always does not fit very
well because of overdispersion. Moreover, it is
important to mention that the Poisson model must
be used for modelling independent counts but
dmfs/DMEFS is a count based on dependent counts.
In fact, most count data are detected in the same
mouth. Consequently, when the estimated model is
used to predict the probability of an event, i.e. in
this study the dependence of dmfs index on the
influence of childhood sociodemographic factors
and on the common risk factors linked to some
prenatal and postnatal conditions (preterm of birth,
age of tooth eruption, and breast feeding) (29-31),
there is the risk of biased prediction. In particular,
in this study, the Poisson regression model resulted
a poorly fitted model, underpredicted the observed
number with zero dmfs values and overpredicted
the number of subjects with one, two or three
events. This, in turn, may lead to spurious conclu-
sions, such as concluding that a factor is important
in predicting caries disease when in fact this may
not be the case.

The standard Poisson model is not suitable
when the variance exceeds the mean, nor when
the events are dependent. Extensions of the
Poisson model — incorporating an overdispersion
parameter, or using generalized estimating equa-
tions (GEE) methods when a fairly large number
of small clusters is present or a longitudinal study
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is considered, or, finally, the use of the negative
binomial distribution and/or zero-inflated models
— are now available in many software packages
and address many of the shortcomings of the
overly-simplistic Poisson model. Each of the above
extensions could be applied according to the
available kind of dataset. Therefore, to correctly
estimate the covariates of dental caries beside the
traditional regression models (32, 33) a large
variety of new models like the zero-inflated were
brought to the attention of a wider epidemiolog-
ical audience.

In the present study, which was a cross-sectional
survey, where greater differences in the dmfs
values have been found amongst large sections
than within them, and where the variance highly
exceeded the mean, with a very large number of
zero count (34) the detected frequency of zero was
larger than that predicted by the Poisson regression
model. Consequently, a zero-inflated model should
be more attractive.

In fact, all factors which have been considered
into the Poisson regression model resulted as
significant predictors for dmfs index (fourth col-
umn of Table 2), while NB, ZIP and ZINB models,
which predict better when compared with the
Poisson model, gave significant results only for
some factors. The results of the ZINB regression
model showed that the father’s educational level
was a significant covariate affecting the probability
of being caries-free, as well as the delay of tooth
eruption after 6 months which increased the prob-
ability of being caries-free.

The ZINB model best fitted these data and might
provide an appealing tool for explaining the pre-
ponderance of zeroes. More than three quarters of
the examined sample showed a dmfs = 0. These
data are consistent with previous data recorded in
European countries (35, 36).

In settings where there is excess of zeroes, zero-
inflation models are the best choice and the results
of the present study suggest that the Poisson model
will no longer be considered for use in cross-
sectional study and ZINB will be preferred if high
variance and number of an excess of zeroes are
present. Moreover, as reported elsewhere, the
ZINB approach was found to have the best fit not
only with cross-sectional deciduous caries data, but
also with permanent dentition data in longitudinal
study (16). One advantage of these models is that
they can estimate the probability of being a zero as
a function of covariates, rather than the degree of
caries experience.
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In this setting, the implementation of ad hoc
methods might be useful in order to estimate both
the amount of dmfs = 0 amongst all the subjects,
including zero and non zero values, and, in a
separate model, the proportion of subjects in a
zero state (i.e. caries-free). Each zero-inflated
model retains the underlying assumption that a
dual-group process may be operated. So, even if
they fit data better than the conventional models,
complexity and difficulty are introduced in inter-
preting the modelling results. For the dual-group
process, one group will not experience caries (zero
state), while the second group is a caries state, i.e.
those that most likely show caries, but by chance
are caries-free at the moment of observation, for
whom the frequencies of counts follow some
known distribution (either Poisson or negative
binomial). To deal with dual-group phenomenon,
statistical procedures able to recognize the two
groups were used in order to improve goodness-
of-fit; the use of ZIP and ZINB, which assume that
some initial process brings children into an at-risk
population, allows for this, as well as for the
possibility of detecting that these two groups may
be influenced by different factors in different
ways.

Using the Vuong’s test to determine if the ZIP
model achieved a better fit to the data than the
Poisson model, we argued that the presence of a
dual-group phenomenon was in operation.
Furthermore, the ZINB model was the best one
to use for this dataset, even though the goodness-
of-fit plot indicated no visual difference between
NB and ZINB prediction, because of the excess of
zeroes that made the distribution of dmfs >1
counts flat. The underprediction of the frequen-
cies of zero dmfs counts by the Poisson model, as
well as overprediction of the frequencies of
children who had dmfs from 1 to 3, are typical
problems encountered when a dual-group pro-
cess is not taken into account. The zero-inflated
models have been consistently judged to be very
useful because they efficiently fit the data and
can model the overall structure of the data.
Moreover, they provide a means for covariate
adjustment and risk factors assessment and are
not difficult to fit using common statistical
software.

Statisticians and epidemiologists must analyse
their data and utilize models which provide an
appropriate fit and meaningful interpretation. In
particular, for models of dental caries epidemiol-
ogy, attention should be paid to the functional form



of the outcome to ensure that underlying assump-
tions of the utilized methods are met.
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