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Abstract

Objectives: Early childhood caries (ECC) is a continuing problem worldwide. In Germany, 

10% to 15% of six-year-old children suffer from severe ECC, and even more have had at least 

some experience of ECC. The aim of our study was to identify spatial disparities in dental 

caries experience (measured by dmft (decayed missing filled teeth) index) of children in the 

city  of  Braunschweig  and  to  evaluate  whether  these  disparities  can  be  explained  by 

sociodemographic characteristics. 
Methods: We examined the dental health of children aged three to six years visiting a daycare 

center  (DCC)  in  the  metropolitan  area  of  Braunschweig  between  2009  and  2014  by 

combining  data  on  dental  health  from  the  annual  visits  of  the  local  health  service  in 

Braunschweig’s  151  DCCs  with  aggregated  data  on  sociodemographic  factors  for 

Braunschweig’s city districts. We assessed longitudinal patterns of change in average dmft 

index at district level from 2009 to 2014 using a finite mixture model. We analyzed spatial 

autocorrelation of the district’s average dmft indices by Moran’s I in order to identify spatial 

clusters. With a spatial lag model, we evaluated whether sociodemographic risk factors were 

associated with high dmft scores and whether spatial disparities remained after adjusting for 

these sociodemographic characteristics. 
Results:  The  average  dmft  index  decreased  slightly  (=-0.048;  p<0.03;  CI  95% [-0.079; 

-0.017]) from 2009 to 2014. The finite mixture model resulted in four different groups of 

trajectories over time. While three groups showed a decrease in dmft score, one group showed 

an increase from 2009 to 2014. Moran’s I test statistic showed strong evidence for spatial 

clustering  (Moran’s  I  0.30,  p=0.002).  A cluster  of  districts  with  high  dmft  values  was 

identified in the center of the city. The spatial lag model showed that both the proportion of 

unemployed persons (aged 16-65) and the proportion of persons with migration background 

were associated with the dmft values at district level.  After adjusting for these, no further 

spatial heterogeneity were observed. 
Conclusion:  We identified  regional  clusters  for  poor  dental  health  in  a  German  city  and 

showed that these clusters can be explained by sociodemographic characteristics. The findings 

support  the  need  of  targeted  interventions  and  prevention  measures  in  regions  with  less 

favorable sociodemographic characteristics. 

Introduction
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Early childhood caries (ECC) is a disease caused by oral bacteria, which affects the primary 

dentition  of  children.  The  risk  of  ECC (as  a  multifactorial  disease)  is  influenced  by the 

composition of the saliva, dietary habits, mineralization and demineralization of the enamel, 

the  composition  of  the  dental  plaque  and  teeth  brushing  habits  (especially  by  not  using 

fluoridated toothpaste regularly)  1, 2. Although it affects only the primary dentition, several 

long-term consequences have been described, underlining ECC’s high public health relevance 

3-5: On the one hand, ECC increases the risk for caries of the permanent teeth and poor oral 

health in later life; on the other hand, associations of ECC with chronic non-communicable 

diseases such as cardiovascular disorders have been suggested 5, 6. In 2003, the World Health 

Organization  (WHO) released  worldwide as  well  as national  targets  for  oral  health  to  be 

fulfilled by 2020. One of these targets is to decrease the number of decayed, missing and 

filled teeth (dmft index)  7, 8 per child below 1 and to increase the proportion of naturally 

healthy teeth in Germany to 80% 9, 10. In 2009, there was a high heterogeneity of average 

dmft indices for six and seven-years-old children described at the level of federal states in 

Germany, ranging from 1.30 (Saarland) to 2.56 (Thuringia) 11. Children in Lower-Saxony, the 

federal state our study was performed in, had an average dmft index of 1.78. 11. Since all of 

the German states’ average dmft indices are well above the WHO target, it is important to 

investigate  which  factors  are  associated  with  high  caries  experience  in  Germany  so  that 

tailored intervention programs can be developed. Previous studies indicate that risk factors for 

caries experience in Germany can be described on an individual level (including factors like 

socioeconomic status (SES), low income, migration background 12, and a low education level 
13-16). All of them are related to poor oral health habits like sugar intake or infrequent teeth 

brushing  1. Nevertheless, spatial analyses aiming at the identification of local clustering of 

poor oral health are scarce. A study from Brazil showed a local cluster of good oral health for 

12-year-old  children  in  the city  center  of  Piracicaba  compared  to  the (deprived)  outlying 

districts 17. While the city center showed high SES, the outlying districts are characterized by 

low SES. It  is important  to identify spatial  clustering of poor oral  health for intervention 

programs. The goal of these programs should be getting in touch with as many families as 

possible at high risk for ECC. Contacting these families is easier on an aggregated regional 

than on an individual level. This makes the identification of local clusters of poor oral health 

to an important target when trying to fulfill WHO goals for oral health in Germany. To date, it 

is unclear at which regional level spatial heterogeneities in oral health in Germany appear, 

how big they are, and whether they can be explained by underlying disparities in SES 18, or 

whether there are additional factors (e.g. environmental ones) responsible for the observed 
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differences. Accordingly, we analyzed data from a German city, Braunschweig, which has a 

good health reporting system for oral health data and also provides socioeconomic data for the 

city’s districts. The aim of this study was to assess whether there is evidence for clustering of 

dmft indices in the city of Braunschweig and to evaluate whether spatial disparities can be 

explained by sociodemographic factors. 
Methods
In Germany, dental service is provided free of charge for all children. It is however in the 

responsibility  of  the  parents  to  decide  to  make  an  appointment  for  their  children  at  the 

dentist’s office. Therefore, many children do not see a dentist before their third birthday 19. 

Local health authorities provide therefore annual visits to daycare centers (DCC). The visits 

are financed by the city while prophylaxis performed by the Health authority is financed by 

health insurances. All children who joined the annual inspection of teeth (provided by the 

dental service of the local health authority) in DCCs in the city of Braunschweig from 2009 to 

2014 (n=6,279) were considered for inclusion in this study. The service is provided for all of 

the 151 DCCs in Braunschweig every year. In this study, we included only children three to 

six years old, because this is the risk group for ECC.
Dental health data from 2009 to 2014 were provided by the dental health service of the local 

health authorities in Braunschweig. Five different dentists performed the oral investigations 

from 2009 to 2014.  While  the  head of  the  programme is  officially  calibrated  against  the 

German working group for youth dental care with a Cohen’s kappa of 0.88, the other four are 

trained internally.  However,  there is  no systematic  reporting of training results  so that  no 

inter-rater  reliability  measure  can  be  provided.  The  database  contained  all  data  collected 

during the annual visits in each of the participating daycare centers in Braunschweig including 

average dmft index per DCC and the number of investigated children per DCC (N). Based on 

these data, we calculated the average dmft index for each district and each year from 2009 to 

2014 from the DCC averages by weighting them by the number of investigated children. 

Aggregated  sociodemographic  data  at  district  level  were  provided  by  the  local  health 

authority in Braunschweig. We used the latest available data from 2012, including information 

about unemployed persons aged 16-65 (in %) and persons with a migration background (in 

%), for each of the 30 districts. We used the proportion of unemployed people as a proxy for 

SES at  district  level.  The shapefile  data  (.shp) used for mapping of  the district  data  was 

provided by the geo-information service of the city of Braunschweig. Shapefiles store non-

topological geometry attribute information for the spatial features of a dataset. In case of our 

study,  this  included  the  city  structure  of  Braunschweig  and  each  city  district.  Shapefiles 

consist of three different levels of information (a main file, an index file and a dBASE table). 
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The main file is a variable-record-length file in which each record describes a shape with a list 

of its vertices. The index file contains the offset of the main file record. The dBASE table 

contains feature attributes with one record per feature. The relationship between geometry and 

attributes is based on the record number.

Statistical Analysis

Several statistical methods were applied to investigate the districts’ average dmft values over 

the years 2009 to 2014. For determining the functional form of the overall longitudinal trend 

in dmft indices, we chose a fractional polynomial approach using the Stata command mfp 20. A 

linear trend was identified as the best one by the fractional polynomial approach (see Fig. 1). 

In the following analysis we used the same approach to identify longitudinal trends over time 

for  each  district.  The  district’s  trajectories  were  assessed  for  their  underlying  common 

patterns.  For  this  purpose,  trajectories  were  described  using  finite  mixture  modelling  as 

implemented  in  the  traj package  in  Stata  12  21.  Mixture  models  can  be  used  to  model 

unobserved  heterogeneity  in  a  population.  Polynomial  functions  are  used  to  model  the 

relationship between year  and dmft  index with model  parameters  allowed to differ across 

groups. This way, finite mixture models allow for identification of population heterogeneity 

not only at the level of dmft index at a given time point, but also in its development over time. 

We applied the method for target numbers of patterns from one to five; the selection of the 

optimal number of trajectories was based on the Bayesian Information Criterion (BIC) 21, 22. 

We increased the number of trajectories used until increasing model complexity led to no 

further decrease of BIC values.
The spatial autocorrelation was investigated for the districts’ average dmft index values from 

2014. For this purpose, first the neighbourhood relationship among the number of districts (n) 

was defined according to the Queen’s contiguity rule and based on this a n x n neighboring 

matrix  W was  constructed,  where  wij  =  1  if  district  i  and  district  j  are  neighbours  and 

otherwise  wij  =  0,  respectively  23.  Based on this,  Moran’s  I  was calculated  24.  To assess 

whether sociodemographic factors were associated with poor oral health, we considered the 

proportion  of  unemployed  persons  (aged  16-65)  and  the  proportion  of  persons  with  a 

migration background as explanatory variables for district level dmft data from 2014. With 

these explanatory variables, we fitted a spatial lag model which is a linear model of the form 

y = ρWy + Xβ + ε.
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Here,  y  is  a  vector  of  observations  on  the  dependent  variable  (that  is  the  districts’ dmft 

values). W is the neighbouring matrix introduced above. X is a matrix of observations on the 

explanatory variables, ε is a vector of independent and identically distributed error terms, and 

ρ and β are parameters. Beta (β) is used for the effect size of a predictor in the model. While a 

beta of 1 represents a one-point increase in the outcome per unit increase in the predictor, a 

beta of 0 represents no association between predictor and outcome. Rho (ρ) is the spatial lag 

coefficient and reflects the spatial dependence inherent in the sample data. This coefficient 

measures the average influence on observations by their neighboring observations. The values 

range from -1 to 1, while 0 means no spatial autocorrelation. The spatial lag part of the model 

ρWy aims to capture unobserved spatially correlated explanatory variables in order to adjust 

the  estimation  procedure  for  spatial  clustering  23.  We investigated  an  “empty”  spatial  lag 

model  without  explanatory  variables.  Afterwards,  we  included  the  proportion  of  the 

unemployed persons and the proportion of persons with a migration background in the model 

together as well as each variable alone. 

To calculate the proportion of variation in dmft at district level, we used the eta-squared (η2) 

effect size. Eta-squared is defined as:

η2=SSeffect/SStotal.

SSeffect is defined as the sums of squares for whatever effect of interest, and SS total are the total 

sums of squares for all effects, interactions, and errors in the model 25.

All analyses were performed using Stata (longitudinal data) and the open source statistical 

software R (version 3.2.1). Besides the standard R packages, we used the packages sp, rgdal, 

maptools,  ggplot,  RColorBrewer,  and  ClassInt  for  visualization  of  spatial  data.  For  data 

analysis and data management, we used the packages acs, truncreg, MASS, stats, DescTools, 

and spdep. The package spdep (and specifically the lagsarlm command) was used for building 

the spatial lag model.

Results

We included data from 34,808 children from three to six years; 5,527 of these children were 

investigated in 2014 representing a mean sample size of 184 children per district (for further 

information see supplementary table 1). Each DCC could be unambiguously allocated to one 

of the 30 districts of Braunschweig. The mean size of the DCCs was 42.2 children in 2014. 

The average weighted dmft index for Braunschweig as measured in our study decreased from 
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1.25 in 2009 to 1.0 in 2014 with a minimum of 0.83 in 2013 (supplemental Tab. 1; =-0.048; 

p<0.03; CI 95% [-0.079; -0.017]). We identified four different longitudinal trajectory patterns 

of dmft index values. Three groups of trajectories represented patterns with decreasing dmft 

indices over time and differed only with respect to their starting values (group 1, 3, 4), while  

one group (group 2) showed an increasing pattern (Fig. 2A). Most of the districts belonged to 

group 1 (46.4%), followed by group 3 (26.6%), group 4 (19.9%); only two districts showed 

increasing  dmft  values  as  observed  in  group 2  (7.1%) (Fig.  2B)  (for  further  details,  see 

supplemental Tab. 1). 
Regarding the sociodemographic data, the proportion of unemployed persons varied between 

2% and 10%, while the proportion of persons with migration background was between 5% 

and up to around 37% (supplemental Tab. 2). 
Moran’s I test statistic for dmft indices at district level showed a value of 0.30 (p=0.001), 

indicating  strong  evidence  for  spatial  clustering.  This  was  confirmed  when  assessing  the 

empty spatial lag model (Rho=0.54; p=0.02) (Table 1). In model 2, the dmft index increases 

by 0.124 points  per  1% increase  of  the  proportion  of  the  unemployed  persons  (which  is 

described by the β-coefficient). In model 3, the dmft index increases by 0.038 points per 1% 

increase in the proportion of persons with migration background. Model 4 shows a similar 

result with slightly decreased values. In all cases, Rho is positive. A cluster of districts with 

high dmft index values was visually identified in the center of the city (Fig. 3). 
The  spatial  lag  model  showed  that  both  sociodemographic  factors,  i.e.  the  proportion  of 

unemployed persons (aged 16-65) and the proportion of persons with migration background, 

were associated independently with increased dmft values (Table 1). After adjusting for both 

variables, there was no evidence of spatial heterogeneity in the model (p=0.47), showing that 

all spatial heterogeneity in the model is explained by these two factors; they can therefore be 

seen as the main causes for regional disparities of dmft indices in our study. Moran’s I for the 

residuals of the spatial lag model was -0.07 (p=0.64), further supporting our finding of no 

residual spatial clustering after adjusting for sociodemographic measures. 

Discussion

In this study, we demonstrated regional clustering of high dmft index values within a mid-size 

German  city  (Braunschweig).  Regional  clustering  disappeared  after  adjusting  for  spatial 

sociodemographic disparities.  The regional  clusters can be explained by the proportion of 

unemployed persons as well  as the proportion of persons with migration background, and 

even better with a combination of both in a spatial lag model. Moreover, we showed a slight 
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decrease in the mean dmft index in Braunschweig from the year 2009 to 2014, indicating an 

improvement in oral health over the study period. 
The strength of our analysis is the good data coverage of dental data, which were collected 

with long-time experience of the dentists, who are responsible for the dental examinations 

every year and who are trained regularly. Furthermore, state of the art spatial analyses were 

performed in order to understand the interplay of geographic and social risk factors. However, 

there are several limitations to our study. Generally, analysis using aggregated data is prone to 

ecological  fallacy.  Since  previous  individual  risk  factors  analyses  provided  consistent 

findings, this does not appear to be a problem in our analysis. As we were interested in spatial  

effects, the use of spatially aggregated data was appropriate. With regard to spatial effects, 

there is a possibility that children did not necessarily attend a DCC in the district of their 

residence, potentially leading to misclassification of dmft index values and biased estimates of 

the  association  between  dmft  indices  and SES variables.  Another  problem is  the  limited 

availability of variables indicating social disparities. For example, social index of the city of 

Braunschweig contains also information on proportion of habitants receiving social welfare, 

but the data for this variable were only available for the end of the year 2012. Theoretically,  

data for children receiving social welfare were also available and would have been closest to 

the outcome of dmft in children, but the data come with severe limitations. Not all parents do 

register children who can possibly get social welfare. It is suggested that more than one third 

of all children (younger than 15 years old) do not receive state welfare to benefit from it, 

although they could get it 26. Social data for all analyses were collected in 2012 and were used 

for  the  dmft  data  from  2014  in  the  spatial  lag  model.  In  times  of  high  national  and 

international  mobility,  markers  of  socio-economic  status  can  change  rapidly  even  on  an 

aggregated district level, introducing the chance of misclassification to our study for the years 

after 2012. However, the major rise in international mobility observed in Europe during the 

refugee crisis in 2015 happened well after the end of our study so that potential effects on the 

main study results are estimated as unlikely.  Nevertheless, changes in dmft index observed 

over time could rather be attributable to changes of SES over time (e.g. by changes in local 

population  structure)  than to  true changes  of  oral  health.  Furthermore,  SES can be better 

differentiated if dimensions of education and economic status are both considered. Also, the 

unemployed are only a subgroup of those of lower SES. Still, in the ecological analysis, it is 

less important to correctly classify individual persons, and the proxy variable likely served its 

purpose well. Unfortunately, there were no data available from the dental examination about 

the composition of the saliva, dietary intake, enamel changes or dental plaques, making it 
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impossible to assess the relative effect of these factors in our regression models.  While it 

would have been interesting to examine in detail how the different components of the dmft 

index changed over time and were affected by spatial  and sociodemographic factors,  data 

were only available aggregated on dmft level, and could not be tracked down to the individual 

components. Since there is no water fluoridation in Germany, the fluoridation status of the 

districts, DCCs or individuals could not be assessed within this study. Topical fluoride applied 

by the dentists is not covered by the provided data. 
Spatial analyses for oral health topics are scarce, and we found only two studies dealing with 

regional clustering of dmft index values and the related sociodemographic determinants for 

these disparities among children younger than six years 17, 27. Comparing our data with a study 

from Berlin (2008/2009)  18 that was dealing with oral health data and social data for each 

district, but did not use spatial analysis, and a study from Piracicaba (Brazil) 17, our analysis 

showed similar  findings for the association between high average dmft  indices and a low 

social status. The distribution of poor health care and poor SES may differ in different cities 

depending on cultural and historical aspects: In some cities, the low-income districts are more 

often located in the center of a city (e.g. Braunschweig); in other cities, low-income areas are 

the suburban districts (e.g. Piracicaba/Brazil).  While Berlin’s average dmft index was 1.74 

(2009) for six-year-old children,  Braunschweig’s dmft  index for the three-  to six-year-old 

children was 1.25 in 2009, possibly indicating better dental care in the latter. We also showed 

an improvement from 2009 to 2014 from 1.35 to 1.0, which is consistent with the efforts of 

local health authorities and their programs to contact high dmft index DCCs more often and 

communicate with the parents intensively. 
However,  two  districts  showed  an  increase  of  dmft-index  over  time.  When  we  compare 

sociodemographic characteristics in these two districts  with the districts  with a decreasing 

dmft  index  we  find  that  there  is  no  difference  in  the  proportion  of  unemployed  persons 

(p=0.62) and the proportion of persons with migration background (p=0.83). As mentioned 

before, children do not necessarily attend a DCC in the district they are living. District 18 is 

neighbouring both districts with increasing dmft indices over time, and is the district with the 

highest weighted average dmft. Moreover, this district has one of the highest proportions of 

unemployed persons (8.5%) and persons with migration background (19.5%) in the city (for 

further details see supplementary table 2). One potential reason for the observed increase in 

the two districts might be that the cross-district distribution of children to child care centers 

might have changed over time (e.g. by new child care centers close to district 18) with more 

children from district 18 visiting child care centers in the two districts with increasing dmft 

indices. Despite the correlation between proportion of unemployed persons and proportion of 
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persons with migration background, both variables displayed independent associations with 

the  dmft  index in  a  model  mutually  adjusting  for  each other.  While  the  per-one-percent-

difference in dmft values was more than three times higher for the proportion of unemployed 

than for proportion of those with migration background, it should be borne in mind that there 

was a much larger variation in the proportion of migrants across the city districts. Based on 

eta-squared values, both variables explained similar proportion of variation in dmft at district 

level. Dietary and behavioral habits have been discussed to be the main pathways of poor oral 

health  in  individuals  of  low  SES.  Namely,  these  are  more  sugar  intake  and  no  dental 

attendance 28, 29. Low SES families spend less money on dietary products 30. Typical products 

consumed by low SES persons are bread (mainly white bread), sugars, sweets and cakes as 

well  as  sweetened  beverages  30.  These  products  are  associated  with  added  fats  and  low 

vitamin  status.  Consequently,  children  from  low  SES  families  have  a  higher  intake  of 

sweetened  sugary  beverages  than  children  from high  SES  families  31.  Sweetened  sugary 

beverages have been described to be associated with a higher caries prevalence in a recent 

study from Georgia/USA 32. In a similar way, nutritional habits of migrants can be the cause of 

associations observed for the proportion of migrants;  this  however, might  not be the only 

explanation. A recent German review concluded that migrants do not have the same benefits 

from prevention measures,  healthcare,  and information about oral health issues as persons 

who were born in Germany 33. The main reason for that is a lower dental attendance because 

of sociocultural barriers and problems with the German language 33. 
Our findings showed the need for further interventions to reduce the dmft index and, thus, the 

proportion of children with ECC in order to fulfill WHO goals. ECC does not only lead to a 

poorer quality of life for affected children, but also to greater healthcare costs  34. Therefore, 

targeted  interventions  need  to  be  planned.  Interventions  on  the  individual  child  level, 

however, are expensive and difficult to implement. More than 93% of children (three to five 

years old) in Germany visit DCCs  35. Hence, DCCs can be used as a place to inform the 

parents about the importance of prevention for oral health. Regular visits (twice a year) of 

dentists  in  DCCs should  be  implemented  in  districts  at  high  risk.  These  could  either  be 

defined directly as a mean dmft above 1 (by taking into account dmft values from recent 

visits) or indirectly by using aggregated information on the social determinants of high risk 

identified  in  this  study  (e.g.  75th  percentile  of  proportion  of  unemployed  persons  or 

proportion of persons with migration background), During these visits parents and children 

will  receive  teaching  on  the  importance  of  a  healthy  diet  and  tooth  brushing  (including 

fluoride application) after meals. While high-quality evidence is scarce for population-level 
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interventions, there is evidence that indidualized interventions targeted by population-level 

risk factor  analysis  can be efficient.  Teaching mothers  leaving in  high risk districts  good 

practice in oral health is, for example, an effective method to prevent children from caries and 

other oral diseases36, 37. 
Potential population-level interventions could cover the introduction of dental care education 

in antenatal classes aiming at a harmonized schedule for early dental appointments of new-

borns. This could be a potentially successful way to conunteract the low proportions (12%) of 

children having seen a dentist in their first two years of live 38. Another potential intervention 

could be the combination of paediatric and dental care during early childhood since paediatric 

care is organized in compulsory visits 39. Moreover, dentists should identify during their DCC 

visits those individuals at need for a visit at the dentist’s office as recommended by a recent 

German study40.  DCC-based interventions targeted to high-risk clusters could thus help in 

identifying  individuals  at  risk and could support  transferring hard to reach populations  to 

individualized dental care. Since all city districts have a good coverage of dentists, there is a 

sufficient supply of dentists in regions with high dmft who could take over individualized care 

of individuals at risk.

Knowledge about the SES for each district can be used as a road book for planning these 

targeted interventions on a DCC level so that interventions can be introduced to those districts 

which need them most. 

Conclusions

High caries experience is clustered spatially in a medium-sized German city. We identified 

sociodemographic disparities at district level as the main reasons for spatial  heterogeneity. 

Spatial analyses can thus help not only in identifying but also in predicting regions at high 

risk for caries if no primary data is available. This can result in targeted intervention programs 

at  district  levels.  District  level  interventions  allow  to  reach  a  higher  proportion  of  the 

individuals at risk and are therefore more efficient than individual-based interventions. DCCs 

provide thereby a perfect framework for dentists to examine, teach and fluoridate the children 

and possibly also the parents.
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Figures

Figure 1: Dmft changes over time on a city level. A fractional polynomial approach was used 

to identify the best model for further analyses; a linear model was identified as the most likely 

underlying model in the source population.
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Figure 2: Dmft changes over time:  A:  The four different trajectory groups show different 

longitudinal patterns. B: Trajectory groups assigned to the city districts of Braunschweig. For 

a detailed view, see supplemental Tab. 1.

16



Figure 3: Map of Braunschweig with plotted weighted dmft index for each district in 2014 
(Moran`s I =0.3 (p=0.002), digits indicate districts, color scale indicates dmft index).
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Tables

Table 1: Results of the spatial lag models (each model includes spatial term for districts). 

* coefficient for residual spatial correlation heterogeneity 
** per 1% increase
***Akaike information criterion
1) CI – confidence interval
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