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Abstract

Valid estimates of caries experience are needed to monitor
oral population health. Obtaining such estimates in practice
is often complicated by nonresponse and missing data. The
goal of this study was to estimate caries experiences in a
population of children aged 5 and 11 years, in the presence
of nonresponse and missing data. Four estimation methods
are compared. Each method makes implicit assumptions
about the processes that caused the nonresponse and the
missing data. Three of the four methods are based on unre-
alistic assumptions about the missing data and underesti-
mate caries experience. Under the missing at random as-
sumption, multiple imputation in combination with direct
standardization corrects for the deficiencies of current meth-
odology. In the presence of missing data and nonresponse,
we recommend a combination of multiple imputation and
direct standardization to obtain correct estimates of caries

experience. ©2013 S. Karger AG, Basel

A common task in dental epidemiology is to estimate
the prevalence of a disease or a health status in a popula-
tion. According to theory one may take a representative
sample of individuals from the population of interest, ex-
amine their health status, and calculate the percentage of
health problems found in the sample as an estimate of the
prevalence in the population. In reality, applying this pro-
cedure is less straightforward. For example, the preva-
lence of the health status may be very low, the sample may
not be representative for the population, or there could
be nonresponse among the members included in the
sample. This paper presents a method to deal with the lat-
ter two problems.

In a representative sample, each member of the pop-
ulation has an equal chance to be included into the sam-
ple. In reality, it is often useful to zoom in on certain
subgroups, leading to different inclusion probabilities.
For example, one could deliberately oversample ethnic
minorities so as to obtain a more precise estimate for
these subgroups. One may reweight the subgroup esti-
mates by design-based weights to obtain the population
estimate. The relevant statistical methodology is classic
[Cochran, 1977] and is known in epidemiology as direct
standardization.
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The problem becomes murkier when differences be-
tween the sample and the population are caused by fac-
tors that are not under the control of the investigator.
Some persons may deny participating in the study, they
may skip items in questionnaires, or they may not want
to take certain examinations. This problem is known as
the missing data problem and leads to incomplete data in
the sample. When confronted with incomplete data, the
analyst can choose a variety of strategies: ad hoc methods
(e.g. analysis of the complete cases only, available case
methods, substitution), likelihood-based approaches,
weighting or imputation-based models; see Little and Ru-
bin [2002] for an overview of the relative merits of these
approaches.

Persons with increased caries experience or oral
health risk often have a lower probability to be exam-
ined. For example, Armfield et al. [2009] found that ex-
treme dental fear and participation in an epidemiologi-
cal survey were related (OR = 0.66, 95% CI 0.56-0.77).
Armfield argued that in his application the group with
extreme fear was relatively small, so the impact of ignor-
ing this group on the total was small. This argument may
not apply, however, to other settings. In general, ignor-
ing selectivity of the sample is likely to underestimate
caries experience.

Relatively little is known about the effect of oral
health on participation, but we may expect that it exists
[Armfield et al., 2007; Armfield, 2013]. Oral health has
a social gradient: participants with higher socioeconom-
ic status (SES) have less caries experience than partici-
pants with a lower SES. This difference in caries experi-
ence already exists in the youngest age groups [Schuller
etal., 2013]. The response rates for epidemiological oral
health studies are often found to be higher in high SES
groups than in low SES groups. When combined, these
two factors can underestimate caries experience or oral
disease.

The purpose of this paper is to estimate caries experi-
ences in a population of children aged 5 and 11 years, in
the presence of nonresponse and missing data. The text
outlines the consequences of missing data on three com-
monly used methods, and presents a way to deal with
these by means of multiple imputation and direct stan-
dardization. The popularity of multiple imputation in
dental epidemiology is growing. Most of the work at-
tempts to estimate prevalence [Tellez et al., 2006; Ismail
et al., 2008; Liao et al., 2010; Mejia et al., 2011; Newton
et al., 2011], but there is also methodological work ad-
vocating a wider use of multiple imputation in dental
research [Plutzer et al., 2010; Pahel et al., 2011].
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Materials and Methods

Sample and Population

The data used in this paper originate from the study ‘Oral
Health in Children’ (aged 5 and 11 years) and adolescents (aged
17,21 and 23 years) in the Netherlands [Schuller et al., 2013]. The
participants were living in four medium-sized cities in the Nether-
lands. The sample has been shown to be representative regarding
demographic variables. Random samples were drawn from the
municipal population records of each city. The project was ap-
proved under the Personal Data Protection Act (No. m1383077).
In this paper, data from children aged 5 and 11 years were used.

Data Collection

Parents of children aged 5 and 11 years (n = 3,090) received a
letter about the purpose of the study. Informed consent for par-
ticipating in the clinical examination was signed and returned by
persons with parental authorization. Persons who did not respond
were contacted face-to-face by trained interviewers who empha-
sized the importance of the study. In case of noncontact, the inter-
viewer returned up to a maximum of three contact attempts. Indi-
viduals who refused participation were asked to fill out a nonre-
sponse questionnaire, with questions about inter alia gender and
SES. The power calculation indicated that 450 children per age
group had to be included in the clinical examination. Recruitment
of new participants stopped when this number was reached.

The data collection consisted of a questionnaire and a clinical
oral examination. The questionnaire was sent to all eligible par-
ents. It measured background variables (ethnicity and educational
level) and their children’s dental attendance, oral self-care and
dental anxiety. The clinical assessment comprised visual inspec-
tion of the teeth with a registration of caries lesions and any sub-
sequent treatment (restoration or extraction). The study protocol
is written in Dutch and available on request. Clinical examinations
were performed by four calibrated dentists in a mobile oral health
facility. To evaluate interexaminer agreement, 11% of the partici-
pants (all ages) were reexamined by a second examiner. The Pear-
son correlation between raters for the dmfs+DMFS was 0.91, the
intracluster coefficient was 0.91, and the average dmfs+DMEFS
were 4.0 (SD 5.9) and 4.1 (SD 5.7), respectively. These results in-
dicate a satisfactory interexaminer agreement.

Population references on SES were obtained from the Perma-
nent Study of Living Conditions (POLS) survey of Statistics Neth-
erlands. The POLS survey is a continuous cross-sectional survey
on many aspects of the Dutch population held among a represen-
tative sample of private households in the Netherlands. The data
are available to researchers via the Data Archiving and Networked
Services (DANS).

Definitions

The DMEF score was used to describe caries experience [Klein
et al., 1938]. The DMF score is the sum of decayed (D), missing
(M) and restored (F, filled) surfaces (S) or teeth (T). Uppercase let-
ters refer to permanent teeth and lowercase letters to deciduous
teeth. SES was operationalized according to the classification of
Statistics Netherlands as the level of highest completed education
of the mother. Level of education was stratified into low, medium
and high based upon the intellectual challenges posed by the edu-
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cational system in the Netherlands. Generally, people with a low
education had 10 years of education or less, people with a medium
level of education had 10-14 years of education and those with a
high level of education had at least 15 years of education. Ethnic-
ity of the child was defined as mother being born in the Nether-
lands versus being born abroad. Each address in the Netherlands
has a postal code. The average educational level per postal code was
calculated using the data from responders who filled out the ques-
tionnaire.

Statistical Analysis

The DMF score was available for all children who participated
in the clinical examination, regardless of whether their question-
naire data were available. We considered four methods to estimate
the average DMF score in the population.

Method A. Calculate the average DMF score in the subsample
with known DMF and known SES. The implicit assumptions are
2-fold: the subsample of children with known DMF is representa-
tive for all children, and the distributions of DMF are identical in
the subsamples of known and unknown SES.

Method B. Calculate the average DMF score in the subsample
with known DMEF, irrespective of SES. The implicit assumption is
the subsample of children with known DMF is representative for
all children.

Method C. Calculate the average DMF score per SES subgroup
in participants with known SES, and reweight the SES subgroup
averages to match the distribution of SES in the population. This
is the conventional direct standardization method to correct for
systematic differences in SES between sample and population. The
implicit assumption is that within each SES subgroup, the children
with known DMF are representative for all children within that
subgroup. In addition, the distribution of DMF for those with
known and unknown SES is assumed to be identical within each
SES subgroup.

Method D. Replace missing SES by multiple imputation and
apply method C to all participants with known DMF scores. The
implicit assumption is that within each SES subgroup, the children
with known DMF are representative for all children in that sub-
group.

Ideally, the method should provide estimates that are unbiased,
and should use the data from all children that were clinically ex-
amined. Although the assumptions required by methods B and C
are less stringent than those of A, as we will see, methods B and C
can still provide unrealistic estimates. Method D is an attempt to
combine the advantages of B or C.

Multiple imputation [Rubin, 1987; van Buuren, 2012] finds
plausible replacements for the missing SES data. Since the true SES
value for a given person is unknown, we cannot just take the im-
puted (filled in) data and act as if they were the real data. In mul-
tiple imputation, m > 1 imputed data sets are constructed. For each
missing value, m replacements are drawn from the predictive dis-
tribution. The predictive distribution describes the variation in a
person’s unknown SES, conditional on what we know of that per-
son. For example, the fact that the person lives in an area with
many highly educated people increases his or her chance of a high-
er SES. The spread of the predictive distribution reflects the uncer-
tainty about what to impute. Each of the completed data sets is
analyzed by the usual method for complete data, and the results are
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combined across the m analyses by some simple rules. For moder-
ate missing data problems the number of imputations is classically
taken as m = 5.

An imputation model was specified by fully conditional speci-
fication, also known as chained equations or MICE [van Buuren et
al., 2006]. A regression model per incomplete variable describes
how its distribution depends on the other variables in the data.
Since the variables mutually depend on each other, imputations
are drawn in an iterative fashion. This method is now available in
various statistical software packages (SAS V9.3, SPSS 17.0, Stata 11
and R 2.06). In this paper, SPSS 20.0 was used to set up the impu-
tation model with variables ‘educational level mother’ (nominal,
3 categories), ‘ethnicity mother’ (nominal, 2 categories), ‘average
educational level per postal code’ (continuous), and ‘dmf (5-year-
olds, continuous) or ‘DMF’ (11-year-olds, continuous).

Results

Table 1 shows the response rates per age group and the
availability of data. This paper is restricted to individuals
with a clinical examination (5-year-olds: n = 486; 11-year-
olds: n = 658), or with a filled nonresponse questionnaire
(n=114and n = 92, respectively). The distribution of SES
in participants aged 5 years was 8% (low), 23% (middle),
29% (high) and 39% (unknown), and in nonparticipants
aged 5 years the distribution was 16, 33, 40 and 11%. For
participants aged 11 years we found 11, 24, 33 and 32%,
and for nonparticipants the distribution was 27, 42, 23
and 8%.

Table 2 shows that the average dmf in children aged
5 years with unknown SES was located between the sub-
groups of low and middle SES. For children aged 11 years
we found that the average DMF of those with unknown
SES was even higher than in the low SES group. This sug-
gests that methods that ignore the children with an un-
known SES, i.e. methods A and C, are likely to underesti-
mate caries experience.

Table 3 presents average dmfs and dmft in children
aged 5 years, and DMFS and DMFT in children aged
11 years, as well as the percentages of children without
caries experience according to methods A, B, C and D.
Methods A and B just take the sample averages and do not
reweight the sample to the population, resulting in DMF
estimates that are too low. Method C shows, as expected,
more realistic results since the subgroup of low SES
weighs heavier than the subgroup of high SES. However,
method C is still biased as it ignores the DMF of the sub-
group with unknown SES, which is high (table 2). Method
D reweights the sample using all cases with clinical ex-
aminations and imputed SES, and is unbiased under the
stated assumptions.
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Table 1. Number of eligible individuals and response rates accord-
ing to age

Table 2. Average dmfs, dmft, DMFS, DMFT, percentage caries-
free according to age and SES, observed and imputed data

Total sample 5-year-olds! 11-year-olds?

n % n %

Participants 700 46 831 53
Data available

Q+C 302 43 453 55

C 184 26 205 25

Q 214 31 173 21

Nonparticipants 827 54 732 47
Data available

NR 114 14 92 13

'n=1,527.2n=1,563.
Q = Questionnaire; C = clinical examination; NR = nonre-
sponse questionnaire.

Table 3. Averages of dmfs, dmft, DMFS, DMFT and percentage
caries-free, according to age and method

Method 5-year-olds 11-year-olds

DMFS DMFT caries-

n dmfs dmft caries- n

free free
A 295 1.39 1.04 65 448 0.42 0.36 80%
B 486 1.80 1.30 63 658 0.66 0.54 74%
C 295 1.77 1.31 61 448 0.47 039 80%
D 486 2.21 1.55 59 658 0.72 0.58 73%

SES Observed data Imputed data
n  dmfs dmft caries- n  dmfs dmft caries-
free free

5-year-olds
Low 38 3.26 2.37 42% 72 413 272 43%
Middle 114 1.59 1.16 64% 196 198 1.44 61%
High 143 0.73 0.60 72% 218 0.85 0.70 71%
Unknown 191 243 1.69 59%
Total 486 486
11-year-olds
Low 72 0.76 0.60 76% 121 1.18 0.92 66%
Middle 159 0.37 0.32 81% 236 0.55 0.46 76%
High 217 0.35 0.31 81% 302 0.54 045 76%
Unknown 210 1.18 0.93 61%
Total 658 658
Table 4. Weight factors, sample versus DANS dataset
SES 5-year-olds 11-year-olds

observed! after observed! after

imputation? imputation?

Low 2.04 1.77 1.63 1.43
Middle 1.13 1.09 1.23 1.22
High 0.62 0.67 0.62 0.65

I Method C. 2 Method D.

Table 4 lists the weights used to calculate the popula-
tion estimates from the SES subgroup averages in meth-
ods C and D. Observe that the weights for method D are
closer to 1 since method D needs less correction to obtain
an unbiased estimate.

Discussion

The estimation of caries experience in a population is
often complicated by incompleteness in the sample data.
Of course, the best way to deal with missing data is not to
have any. Locker [2000] describes various strategies to
optimize the data collection: sending a letter to establish
the legitimacy of the survey prior to contact, giving the
responders some (financial) incentives and working with
trained interviewers. We implemented these suggestions
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in our project. However, despite the best efforts, in prac-
tice it is impossible to obtain complete data on every sam-
pled subject.

The nonresponders in our survey had generally a low-
er SES. Since SES and oral health are related, naive esti-
mates that use only the complete data will underestimate
caries experience. This paper proposed a solution that re-
lies on multiple imputation and direct standardization.
Standardization was based on SES, which was unknown
for about 30-40% of the children with clinical examina-
tions. Ignoring this group underestimates DMF. Multiple
imputation redistributes the children with unknown SES
over the groups with known SES, thus enabling the ap-
plication of direct standardization on all clinical data.
Note that direct standardization and imputation address
distinct aspects of the problem of missing data, so the
steps complement each other.
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The introduction outlined that participation, caries
and SES are likely to be related. Although method D im-
proves upon the other methods, it is not free of assump-
tions. We emphasize that method D produces unbiased
estimates only if the participation rate does not depend
on caries within each SES subgroup, i.e. under the as-
sumption of missing at random [Little and Rubin, 2002].
If this assumption is suspect, we may try including addi-
tional covariates that can explain major differences in
participation rate.

The analysis in this paper was restricted to the children
who had had a clinical examination. We can also incor-
porate children with just the SES score and no clinical
score (table 1, group Q), and impute their clinical exami-
nation scores. There is, however, little benefit in doing so
as long as the imputation model adequately explains dif-
ferences in the probabilities of nonresponse [Little and
Rubin, 2002]. In addition, we felt that it would be harder
to justify such estimates for practitioners.

Multiple imputation represents the state-of-the-art for
dealing with missing data, but it is by no means the only
approach. One could cast the estimation problem as a
problem of likelihood optimization, or reweight the data
to correct for the missing data [Little and Rubin, 2002].
To our knowledge, such ideas have yet to be worked out
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us. In contrast, applying multiple imputation is straight-
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