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Abstract Assessing risk for early childhood caries (ECC) is a relevant task in
public health care and an important activity in fulfilling this task is increasing the
knowledge about ECC. Discovering important information from data and sharing it
in an understandable format with both experts and the general population could be
beneficial for advancing and spreading the knowledge about this disease. After
having experimented with association rule mining, we investigate the possibility of
using decision trees as readable models in risk assessment. We build various
decision trees using different algorithms and splitting criteria, favouring compact
decision trees with good predictive performance. These decision trees are compared
to the previous ECC models for the same analyzed population, namely a logistic
regression model and an associative classifier, as well as to decision trees for caries
from other studies. The results indicate flexibility and usefulness of decision trees in
this context.
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1 Introduction

The importance of understanding and treating early childhood caries (ECC) is being
slowly acknowledged across the world. This disease represents a significant threat
to the sensitive population it targets, namely children under the age of six, as well as
to the whole society. Even in many developed countries, which make considerable
investments in prevention and treatment, it is difficult to eradicate ECC, as there are
various subgroups at high caries risk. This pattern has been observed across dif-
ferent continents and it is present in countries such as USA [1], Brazil [2], and
Serbia [3].

Despite numerous medical advances, many open questions about ECC remain.
One such issue, which has been recognized in the conclusion paper of the 2014
ECC Conference, is the assessment of caries risk [4]. As there is a large body of
investigated risk factors for which there is no reliable confirmatory evidence,
additional studies concerning such factors are needed in order to make progress in
battling ECC. This problem is further aggravated by the diversity and interrelat-
edness of considered factors, which include microbiological, dietary, hygienic, and
even social risks [4, 5].

In our previous studies on ECC in the South Bačka area (Autonomous Province
of Vojvodina, Republic of Serbia), we employed data mining, namely association
rule mining, for the following two purposes: (i) to identify potential risk factors for
ECC by analyzing associations rules about ECC and candidate risk factors [6]; and
(ii) to create an understandable predictive model for ECC by combining the
association rules into a rule-based classifier [7]. Our primary motivation was to
create readable models from real-world data that could be understood by general
population or utilized to facilitate communication between data mining experts,
who are looking for valuable patterns, and domain experts, who know how to
interpret such information. Association rules appeared especially convenient, as
they present information in a straightforward manner, allow for grouping into
readable classifiers, have comprehensive character, and lack structural restrictions
of decision trees.

In the present study, we are turning attention to decision trees, as they are also
readable models that may be used both for explanation and prediction. According to
[8], decision trees possess the following three advantages: (i) easy to represent and
interpret; (ii) without conflicting knowledge; and (iii) identify and reveal important
knowledge features. As they might be simpler to read and apply than typical
rule-based classifiers, such as associative classifiers, we considered it worthwhile to
investigate readable decision trees that could match the accuracy of previous
models.

Our main goal is to construct a decision tree that could be of similar or better
predictive performance when compared to the previous models for ECC in the
South Bačka area: a logistic regression model [9] and an associative classifier [7].
To this end, we employed traditional tree generation by recursive partitioning and
summarization of association rules into a decision tree. We evaluate the resulting
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trees with respect to their predictive power and structural properties, as well as
compare them to other tree-based caries models from similar studies.

Besides Introduction and Conclusion, the paper is organized into four additional
sections. In Sect. 2, we describe related results from previous studies on ECC
modelling and discuss the usage of decision trees in ECC research. In Sect. 3, we
elaborate on the employed data set and the applied methods. In Sect. 4, we present
the resulting decision trees, as well as caries models from other studies. In Sect. 5,
we review these decision trees and compare them to the models from other studies.

2 Related Work

In this section, we first comment on models from the related studies and then
discuss the suitability of decision trees for ECC modelling.

2.1 Previous ECC Models

The initial model of ECC in South Bačka was a logistic regression model composed
of five child-related variables (city, gender, birth order, birth weight and use of
medical syrups), which was constructed by medical experts and based on the results
of a statistical analysis of the ECC data [9]. It was followed by rule-based classifiers
composed of association rules about ECC (associative classifiers) [7]. We
demonstrated that 6-rule or 8-rule associative classifiers may outperform the initial
logistic regression model. Moreover, these models incorporated many factors not
directly related to the child, e.g., socioeconomic status of the family and factors
concerning parents.

However, this improvement was coupled with a cost. Although understandable,
associative classifiers generally do not provide a clear overview of all the included
factors as important rules may combine numerous factors and a classifier may
incorporate numerous diverse rules. This was controlled to some extent by clustering
factors and favouring classifiers with dissimilar factors. Nonetheless, we decided to
investigate decision trees as readable models with the hope that their structure could
be more readable and their performance comparable to that of the previous models.

2.2 Decision Trees for Caries

Over the past 25 years, there have been at least six studies that utilized decision trees
as caries models [10–15]. These studies mostly rely on classification and regression
trees (CART) [16], the only exceptions being the use of C 5.0 [17] in [12] and
CHAID [18] in [14]. An overview of those models is given in Sects. 4 and 5.
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On the other hand, there are other types of decision tree formation. Decision
trees that use previously mined association rules are often neglected in practice
despite having some promising advantages. For instance, associative classification
trees (ACTs) seem to be smaller and slightly more accurate than traditional decision
trees [8], which should present sufficient motivation to evaluate them in our search
for a compact and accurate model of ECC. Moreover, as we already possess a large
set of association rules about ECC, we decided to form ACTs for ECC.

At present, there are various suggestions on how to build such decision trees [8,
19–22]. However, a practical problem with ACTs is that there are few imple-
mentations readily available in popular data analysis and mining tools. Given the
detailed explanation of ACT creation and the positive evaluation results reported in
[8], we chose to implement that particular ACT variant (see Sect. 3).

3 Materials and Methods

In this section, we describe an ECC data set and outline the creation of decision
trees.

3.1 Data

The ECC data was recorded by Tušek [9] for a 10 % sample of children from the
South Bačka area, which is part of the Autonomous Province of Vojvodina,
Republic of Serbia. The data set features 341 records, one for each examined child,
across a selection of 36 categorical variables. The output variable indicates ECC
presence (30.5 %) or absence (69.5 %), while input variables correspond to
potential risk factors such as socioeconomic status, dietary habits, health awareness,
and behaviour of the child and the parents. More information about the data set may
be found in [6].

3.2 Decision Tree Formation

The decision trees that we created could be divided into the following two groups:
traditional decision trees and associative classification trees.

Formation of Traditional Decision Trees. We used RapidMiner Studio [23], a
software tool for data mining, to create five traditional decision trees. Their for-
mation is based on recursive partitioning, which, in each step, requires selection of a
splitting attribute according to one of the predefined criteria. We used the Rapid-
Miner implementation of the algorithm for decision tree generation (RDT) to create
four decision trees, one for each of the four splitting criteria supported in the tool
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(accuracy, gain ratio, information gain, and the Gini index). We post-pruned each
tree and applied the evolutionary computation approach to optimize the confidence
parameter. The Gaussian mutation was used to maintain generic diversity across the
population of five individuals, while the tournament selection approach with the
tournament fraction set to 0.25 was used to perform selection in the population. The
fifth decision tree was created using the CHAID implementation in RapidMiner,
which utilizes a χ2-based splitting criterion. In order to obtain more nodes in the
tree, we set the minimum node size for split to 18 and the minimum leaf size to 9.
For all five trees, the city variable was excluded, as it led to less general models.
The maximum tree depth was set to seven, based on the average human capacity to
process information (Miller’s Law [24]).

Associative Classification Trees. The ACT formation process is described in
detail in [8]. The root node contains a starting set of association rules, which is
recursively split among the child nodes until one of the predefined termination
criteria is fulfilled (homogenous rule set achieved or a specific threshold met). In
addition to specifying the set of association rules and the splitting criterion needed
to select the attribute for node splitting (confidence gain or entropy gain), ACT
formation requires threshold values δSUPPORT, δCONFIDENCE, and δTREE HEIGHT,
which determine boundary values for the node support, confidence, and height
within the tree, respectively. The predictions given by ACTs generally depend on
the rule sets in the leaves. We used the Java programming language to implement
formation and application of ACTs.

Formation of Associative Classification Trees. The association rules for ACT
formation were mined from the ECC data set according to the specification in [6],
but the resulting rule set was not pruned. The complete rule set encompassed 18
rules about ECC presence and 88142 rules about ECC absence. We believe that
there may be three potential reasons for the disproportionate shares of the two rule
subsets: (i) in the examined population, ECC presence is less common than ECC
absence (30.5 vs. 69.5 %); (ii) the size of the ECC data set (341 cases) might be too
small to reliably detect less frequent patterns about ECC presence; and (iii) although
there are numerous potential risk factors for ECC [25], it is possible that many of
them have only a minor role in the examined population, which could manifest as a
multitude of less frequent (and difficult to detect) patterns. We created three ACTs,
one for each implemented splitting criterion: confidence gain, entropy gain, and lift
gain. The first two criteria initially yielded poor predictive performance, so we
added the lift gain criterion by modifying the confidence gain criterion to take into
account the change in the lift of a group of rule sets instead of the confidence
change. The threshold values for support, confidence, and height were set to 0.01,
0.8, and 7, respectively.
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3.3 Decision Tree Evaluation

We aimed for decision trees of compact structure (readability) and good predictive
performance. The readability was evaluated by node count (ND) and tree height
(H). The predictive performance was evaluated on the whole data set by accuracy
(ACC) and true skill statistic (TSS) [26], which is a measure somewhat similar to
kappa [27]. Both TSS and kappa yield values between −1 and 1, with positive
values denoting performance better than random guessing, but TSS is simpler to
calculate and does not appear to be dependent on prevalence [26]. TSS was used so
that we could directly compare the decision trees to the previous ECC models: the
logistic regression model (TSS = 0.325) and the associative classifier (TSS = 0.41)
[7]. For each tree group, we measured the overall predictive performance associated
with each supported splitting criterion as the average accuracy in a stratified tenfold
cross-validation (CV ACC). We used the dot program [28] to visualize the selected
decision trees.

We also inspected decision trees for caries from other studies [10–15]. In this
overview, we considered data set characteristics (population and predictor vari-
ables), tree formation procedure (TFP), variable count in the tree (V), tree height (H),
and predictive performance as measured by sensitivity (SN) and specificity (SP).

4 Results

The eight resulting decision trees are presented in Table 1. An overview of various
decision trees from the other studies and three representative decision trees from the
present study, which are denoted by “∼”, is given in Table 2. With respect to both
prediction and structure, we selected for discussion a single tree from each group:
the ACT for splitting by lift gain (see Fig. 1) and the CHAID decision tree (see
Fig. 2).

Table 1 The resulting decision trees

Tree group Variable selection ND H ACC (%) TSS CV ACC (%)

Traditional Accuracy 19 5 76 0.23 69
Traditional Gain ratio 19 6 74 0.15 68
Traditional Information gain 55 6 85 0.59 66
Traditional The Gini index 77 6 87 0.68 65
Traditional CHAID 22 4 75 0.32 69
ACT Confidence gain 6 2 70 0.00 69
ACT Entropy gain 4 1 67 0.11 67
ACT Lift gain 6 2 72 0.17 69
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Table 2 Decision trees from caries studies

Study Data set TFP V H SN
(%)

SP
(%)

Remark

[10] N = 1024 (age 5–9)
Portland, ME, USA
32 predictors

CART
(Gini)

2 2 62 77 /

N = 914 (age 5–8)
Aiken, SC, USA
32 predictors

9 9 64 86 /

[11] N = 466 (elementary school age)
Rochester & Finger Lakes areas,
NY, USA
5 predictors

CART
(Gini)

3 3 / 55 /

[12] N = 500 (age 5–8)
Ena & Nakatsugawa areas, Gifu,
Japan
12 predictors

C 5.0 5 4 73 77 /

[13] N = 442 (age 20–64)
Osaka, Japan
5 predictors

CART 2 2 34 85 Primary
caries

3 2 72 73 Secondary
caries

[14] N = 1681 (age 1–4)
Dundee, Scotland, UK
56 predictors

CHAID 3 3 65 69 High
caries-risk
(n = 784)

[15] N = 1322 (age 0–5)
KY, USA
7 predictors

CART 3 4 43 78 /

∼ N = 341 (age 1–5)
South Bačka area, Vojvodina,
Serbia
35 predictors

RDT
(acc.)

7 5 25 98 /

CHAID 7 4 41 90 /
ACT
(lift)

2 2 22 95 /

Fig. 1 An ACT obtained when splitting by lift gain
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5 Discussion

The obtained ACTs are almost trivial and, with the exception of the ACT obtained
when splitting by lift gain, have little value (see Table 1). The selected ACT (see
Fig. 1) has better performance as it encapsulates an important pattern from a pre-
vious study [6]. It seems that the strong disproportion between the rules about ECC
presence and absence (18 vs. 88142), prevents formation of a sound ACT.

The traditional decision trees outperform the ACTs in prediction, but are less
readable (see Table 1). Splitting by the Gini index or information gain provides
strong accuracy. However, the resulting trees are complex and there is most
probably overfitting. Consequently, the most convenient traditional decision trees
were those formed when splitting by accuracy or applying CHAID. Both decision
trees are relatively compact trees of solid accuracy and both include variables about
mother’s education level and child’s gender. Our preference for the CHAID tree
was based on its higher TSS value. Some of the relevant variables that were
identified in previous studies [6, 7, 9] may be observed in the CHAID tree, namely
child’s gender and father’s health awareness. This decision tree also contains
potential patterns as it includes variables concerning oral hygiene and related
behaviour. Moreover, as shown in Fig. 2, if the mother has no education, or has
completed primary school only and the child is male, the child is more likely to
have ECC (20 of 29 instances, 69 %). When compared to the previous ECC models
for the same area, the CHAID tree exhibits performance comparable to that of the
logistic regression model.

Among the similar studies (see Table 2), the properties of the used data sets vary
considerably. The largest data sets were used in [10, 14], and include numerous
variables from various categories. Other data sets were focused mainly on narrow
sets of predictors that include microbiological variables [11–13]. With respect to
population’s age, only the data sets used in [14, 15] seem to fully fit the early
childhood category (less than 6 years of age), while other authors generally

Fig. 2 A traditional decision tree obtained when applying CHAID
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examined data about children aged 5 or more [10–12] and adults [13]. When
compared to other data samples, the present data set has the fewest cases, but a
relatively large set of potential predictors, and focuses completely on early
childhood.

All of the reviewed trees (see Table 2) are generally readable as they contain
from two to nine variables. The listed predictive performances of these models
should not be compared directly because there are large differences in goals,
evaluation methods and data sets across the studies. However, it appears that our
selected decision trees have somewhat lower sensitivity, which could be attributed
to the absence of microbiological predictors in the available data set. The key
strengths of our selected decision trees are their high specificity and the possibility
to apply them in practice more easily as they do not include variables that require
oral examination of a child.

6 Conclusion

The decision trees appear to be very flexible models since their construction may be
finely tuned to provide compact trees or strong predictive performance, depending
on the actual needs. They may be well-suited to ECC research and ECC risk
assessment, as they provide a readable but powerful common ground between
domain experts and data analysts. Although decision trees that are summarized
from association rules seem to have great potential, they did not provide satisfactory
results. The particularities of the analyzed population and the data set, including
data imbalance and low number of association rules for the positive class, might
have been the reasons behind the poor performance. Our future research may
include creating new algorithms for building associative decision trees that would
be more resistant to these problems.
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