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Use machine learning to predict treatment =0
outcome of early childhood caries
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Abstract

Background Early childhood caries (ECC) is a major oral health problem among preschool children that can
significantly influence children’s quality of life. Machine learning can accurately predict the treatment outcome
but its use in ECC management is limited. The aim of this study is to explore the application of machine learning in
predicting the treatment outcome of ECC.

Methods This study was a secondary analysis of a recently published clinical trial that recruited 1,070 children aged
3- to 4-year-old with ECC. Machine learning algorithms including Naive Bayes, logistic regression, decision tree,
random forest, support vector machine, and extreme gradient boosting were adopted to predict the caries-arresting
outcome of ECC at 30-month follow-up after receiving fluoride and silver therapy. Candidate predictors included
clinical parameters (caries experience and oral hygiene status), oral health-related behaviours (toothbrushing habits,
feeding history and snacking preference) and socioeconomic backgrounds of the children. Model performance was
evaluated using discrimination and calibration metrics including accuracy, recall, precision, F1 score, area under the
receiver operating characteristic curve (AUROC) and Brier score. Shapley additive explanations were deployed to
identify the important predictors.

Results All machine learning models showed good performance in predicting the treatment outcome of ECC. The
accuracy, recall, precision, F1 score, AUROC, and Brier score of the six models ranged from 0.674 to 0.740, 0.731 to
0.809, 0.762 t0 0.802, 0.741 to 0.804, 0.771 t0 0.859, and 0.134 to 0.227, respectively. The important predictors of the
caries-arresting outcome were the surface and tooth location of the carious lesions, newly developed caries during
follow-ups, baseline caries experience, whether the children had assisted toothbrushing and oral hygiene status.

Conclusions Machine learning can provide promising predictions of the treatment outcome of ECC. The identified
key predictors would be particularly informative for targeted management of ECC.

Keywords Machine learning, Early childhood caries, Predictor, Support vector machine, Extreme gradient boosting,
SHAP
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Background

Precision medicine has recently gained a major consid-
eration in health care. It is an emerging concept in clini-
cal research and practice that integrates multi-modal or
multi-dimensional data to personalise treatment and pre-
vention plans for an individual [1]. The aim of precision
medicine is to identify individual differences and utilise
statistical strategies that can predict clinical outcomes
[2]. Those clinical outcomes can include but are not
limited to disease incidence after preventive strategies,
effects after interventions, and consequences of diseases.
It is noteworthy that many health issues are multi-fac-
torial [3], and their clinical outcomes can be affected
not only by the intervention itself but also by patients’
sociodemographic backgrounds, health-related behav-
iours, general health conditions, etc [4]. These factors are
considered confounders or effect modifiers in data analy-
sis and interpretation. Confounders and effect modifiers
are statistical concepts explaining how factors impact the
relationship between variables [5]. Confounders are asso-
ciated with both dependent and independent variables
but may distort their correlation [5]. Effect modifiers are
associated with the dependent variable but not the inde-
pendent variable; they change the magnitude of the effect
between variables [5]. Therefore, it is important to study
confounders or effect modifiers to understand potential
factors that may influence clinical outcomes. Although
traditional statistical methods such as regression mod-
els were usually used for identifying the confounders
or effect modifiers of treatment outcomes in clinical
research [6], these methods often have difficulty in deal-
ing with severe collinearity issues, require the specifi-
cation of interaction terms in advance and usually have
strict prior assumptions.

Prediction aims to estimate clinical outcomes using
patients’ data and identify the important confounders
or effect modifiers (for prediction research, it refers to
predictors). Prediction research is important to facili-
tate medical decision-making and achieve precise medi-
cine to improve people’s health outcomes [7]. Predictive
models are different from traditional statistical meth-
ods and they utilise predictors that can forecast future
development of health-related issues. It usually requires
a large amount of data and an abundance of predictors
to attain a higher accuracy of prediction. However, the
predictive power of traditional statistical models was
relatively weak due to the simple structure of models and
limited predictors [8]. Therefore, the complex relation-
ships between predictors and health outcomes for high-
dimensional data are difficult to examine by traditional
methods. Recently, new data management methods, such
as machine learning, may allow for the development of
algorithms that can accurately predict the clinical out-
come. Machine learning can outperform traditional
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stepwise selection by capturing more relevant predic-
tors simultaneously, with the great potential to efficiently
address collinearity and automatically form flexible,
empirically driven interactions without any specifications
in advance, hence increasing the prediction accuracy and
efficiency of prediction models [9]. Machine learning has
been successfully used to predict the treatment responses
of cancer, antidepressant medication and treatment out-
comes in other medical issues [10, 11]. Meanwhile, with
the unremitting efforts of computer and statistical scien-
tists, lots of interpretable methods emerged as promising
tools for uncovering the “black-box” of machine learning
models, enabling the extraction of actionable insights
for high-risk populations. Among them, the SHapley
Additive exPlanations (SHAP) is the most popular one
for assessing the contributions of each predictor by uti-
lizing the unique Shapley values [12]. Overall, machine
learning may provide more insightful views over tradi-
tional regression methods due to its complex structures
and the emerging interpretable framework. However, no
study has adopted machine learning in predicting the
treatment outcome of early childhood caries (ECC) and
examining the predictive values of diverse characteristics
such as socioeconomic status, oral health-related behav-
iours, and clinical parameters.

In the current study, we collected available data from
a recently published randomised controlled trial (RCT)
that represents the ECC situation in preschool children
in Hong Kong. Specifically, we compared the prediction
power of six popular machine learning methods, aim-
ing to (1) explore the application of machine learning in
predicting the treatment outcome of ECC after receiving
fluoride and silver therapies and (2) further identify key
predictors of the treatment outcome by SHAP methods.

Methods

This study involved a secondary analysis of data from a
recently published RCT that investigated the effective-
ness of two fluoride and silver therapies, namely 25%
AgNO, followed by 5% NaF and 38% SDF solution, for
arresting ECC in preschool children in Hong Kong. The
original RCT recruited 1,070 kindergarten children and
followed for 30 months. Data including caries status, the
participants’ oral health-related behaviours and socio-
economic backgrounds were collected. This RCT was
registered at ClinicalTrials.gov (No.:. NCT02019160).
The trial protocol was published in 2015 [13]. The main
results were published in 2020 [14].

Treatment outcome

The treatment outcome included in the predictive model
is the caries-arresting effect at the 30-month follow-
up for each carious surface. The carious surface was
examined by gentle probing using 0.5 mm ball-ended
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Community Periodontal Index probes (Ash/Dentsply,
Addlestone, UK). A binary classification (active vs.
arrested) was used. If a carious lesion was hard upon
probing, it was classified as arrested. A carious lesion was
considered active if softness was detected upon probing
[13, 15].

Candidate predictors

Based on the exploratory and data-driven approach to
analysis, all available data were utilised in the predictive
model to identify the important predictors. The can-
didate predictors include the following three domains.
The detailed assignments of each predictor are shown in
Appendix 1.

Domain 1 — Clinical parameters: tooth location and
surface location of the carious lesions; decayed, miss-
ing (due to caries) and filled surfaces (dmfs) at baseline;
newly developed dmfs during the study period (i.e. 30
months); oral hygiene status assessed by visible plaque
index (VPI); fluoride and silver interventions.

Domain 2 — Oral health-related behaviours: age of
stopping bottle-feeding, bottle-feeding behaviours before
sleeping, age of starting toothbrushing, toothbrushing
frequency, assisted toothbrushing, use of toothpaste,
daily snacking habit, and history of regular and emer-
gency dental visits.

Domain 3 — Socioeconomic status: birthplace, fam-
ily status (both parents or single parent), monthly family
income, father’s education level, mother’s education level,
and main caretaker.

Machine learning algorithms and data preprocessing

Six machine learning algorithms were used to predict
the caries-arresting outcome in this study, including
four commonly used algorithms namely logistic regres-
sion (LR), Naive Bayes (NB), support vector machine
(SVM) and decision tree (DT), and two representative
ensemble learning methods namely random forest (RF)
and extreme gradient boosting (XGBoost). LR is a kind of
classical regression model that explores the relationship
between a group of independent variables and dependent
variables with a logit function, which has the advantage
of intuitive explanation [16]. NB is a simple and powerful
algorithm that can output the conditional probability on
the basis of Bayes’ theorem [17]. It is a probabilistic classi-
fier that operates under the assumption that each feature
in the model is independent of the existence of any other
feature. In other words, each feature contributes to the
predictions independently, with no interrelation between
each other. The advantage of NB is its speed, making
prediction for high-dimensional data simple. The SVM
algorithm is widely used in machine learning because it
can handle both linear and nonlinear classification tasks.
When the data is not linearly separable, kernel functions
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are employed to transform the data into a higher-dimen-
sional space, enabling linear separation. This technique
is known as the ‘kernel trick’ [18]. DT is a flowchart-like
structure where each internal node represents a ‘test’ on
an attribute, each branch represents the outcome of the
test, and each leaf node represents a class label (the deci-
sion made after evaluating all attributes). The paths from
the root to the leaves represent classification rules. DT
performs better in decision-making because of its good
model visualization. RF is an ensemble learning method,
which consists of a multitude of decision trees and aggre-
gates the final results in a parallel way based on the result
of every single tree [19]. Based on its unique structure, RF
is robust to noise and outliers, and can reduce overfitting
issues compared to individual decision trees. XGBoost is
also a decision-tree-based ensemble algorithm which can
improve prediction performance by combining predic-
tion results from weak prediction models [20]. Different
from RF, XGBoost deploys the serial way to obtain the
final predictions. Specifically, the prediction of the next
decision tree in XGBoost depends on the output of the
previous decision tree and certain weights were assigned
to each tree according to their prediction accuracy.

Derivation and evaluation of the predictive models

In this study, the prediction unit was the treatment out-
come in each carious surface. Specifically, data on 880
participants with 4157 carious surfaces were randomly
assigned to a training set and a test set with a ratio of
7:3. For continuous variables, we used the normaliza-
tion method to scale the value of each predictor to the
same range (0-1), which would be helpful for model
training and result interpretation. For categorical vari-
ables, one-hot encoding was applied to convert categori-
cal data into a numerical format suitable for the training
process of machine learning algorithms. The model was
fitted on the training set and evaluated on the test set
with a 1000-time bootstrap technique. Because the ratio
of active and arrested surfaces was about 1:3, represent-
ing a class imbalance issue, the synthetic minority over-
sampling technique (SMOTE) was applied to generate
a balanced outcome in the training data. The SMOTE is
designed to address class imbalance in datasets, particu-
larly in the context of machine learning predictions. It
works by generating synthetic examples of the minority
class (arrested class in our study) to increase its repre-
sentation in the dataset. SMOTE creates these synthetic
samples by selecting a data point from the minority class
and interpolating between it and one of its nearest neigh-
bours. This approach helps to provide a more balanced
class distribution, which can improve the performance of
classifiers by preventing them from being biased towards
the majority class. Hyperparameters were tuned by tra-
versing multiple combinations using a technique that
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combines cross-validation and grid search. Model per-
formance was evaluated by assessing the discrimination
and calibration of the predictive models on the test set.
Specific metrics used in this study include: (1) balanced
accuracy — balanced accuracy gives equal weight to each
class, making it particularly useful when the classes are
imbalanced, and it is calculated by the average of sen-
sitivity and specificity; (2) weighted recall — weighted
recall is the average recall across all classes, weighted by
the number of true instances for each class (this ensures
that the recall for each class contributes proportionally to
its size in the dataset, providing a more balanced evalu-
ation of the model’s performance across all classes); (3)
weighted precision — similarly, weighted precision is
the average precision across all classes, weighted by the
number of true instances for each class; (4) weighted
F1 score — It combines both precision and recall into a
single metric, providing a balanced measure of a model’s
accuracy across all classes while accounting for the size
of each class; (5) area under the ROC curve (AUROC) -
the area under the receiver operating characteristic curve
(ROC), measuring the overall classification performance;
(6) Brier score — it examines the differences between
predicted probabilities and true labels. All the aforemen-
tioned metrics range from O to 1. Except for the Brier
score, higher values for the other metrics indicate bet-
ter performance. In this study, AUROC was used as the
primary metric for selecting the optimal model. SHAP
was used for interpreting the machine learning models.
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SHAP is a unified framework for interpreting predic-
tions made by complicated machine learning models. It
is based on the cooperative game theory, specifically the
Shapley value, which fairly distributes the ‘payout’ among
players based on their contributions to the total ‘game’ In
the context of machine learning, Shapley values quantify
the contribution of each predictor to a particular pre-
diction, offering insights into how different predictors
impact the model’s output. The whole process of machine
learning analysis is listed in Fig. 1.

For statistical analysis, continuous variables were
presented by means (standard deviation) for normal
distribution or by median (interquartile) for skewed dis-
tribution. Categorical variables were presented by num-
bers (percentage). For comparisons of characteristics,
a t-test or Wilcoxon test was conducted for continuous
variables and a chi-square test or Fisher exact test was
used for categorical variables. The two-tailed value of
p<0.05 was regarded as statistically significant. The sta-
tistical analysis was performed using SPSS 25.0. The
machine learning procedures were performed with the
scikit-learn toolkit in Python 3.7.6.

Results

Characteristics of the data set

The RCT recruited 1,070 kindergarten children at base-
line with 535 children in each intervention group. At the
30-month follow-up, 880 children with 4,157 carious sur-
faces remained in this study and the data was used for
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developing predictive models. The items, i.e., carious sur-
faces, were randomly allocated to a training set and test
set with a ratio of 7:3 (2,909:1,248). The T-test and chi-
square test showed that there was no difference between
the training set and test set regarding the distributions of
all candidate predictors (Appendix 1). The comparison
between treatment outcome groups (active vs. arrested)
was presented in Appendix 2.

Performance of the predictive models

Six machine learning algorithms were used for construct-
ing the predictive models. The results of the model per-
formance are shown in Table 1. The ROC of all models is
presented in Fig. 2. All six models showed desirable per-
formance in general. The accuracy values of all models
were higher than 0.7 except SVM with the lowest value of
0.674. All models showed remarkable recall and precision
values that were higher than 0.7, among which RF and
XGBoost showed better recall and precision that were
higher than 0.8. The AUROC of all models is around 0.8,
among which RF and XGBoost showed relatively higher
values (>0.85). The results of the Brier score showed that
all models have good calibration results.

Interpretability analysis of the predictive models

Because RF and XGBoost models showed the highest
AUROOQC, and the other metrics were comparable among
models, these two models were further utilized for inter-
pretability analysis by SHAP. The results are presented
in Figs. 3 and 4. The top five predictors with the great-
est impact on the output of the RF model were the sur-
face location and tooth location of the carious lesions,
newly developed dmfs during the follow-up period, dmfs
at baseline, and whether the children received assisted
toothbrushing (Fig. 3A). Figure 3B shows the direction
of how the predictors influenced the treatment outcome.
Specifically, carious lesions on the buccal surface and
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anterior tooth were expected to have better treatment
outcomes. Participants with more newly developed dmfs
during the follow-up period and higher dmfs scores at
baseline showed worse caries-arresting effects. In addi-
tion, assisted toothbrushing contributed to a better treat-
ment outcome. According to the XGBoost model, the top
five predictors with the greatest impact on the predic-
tive model were surface and tooth location of the carious
lesions, dmfs at baseline, newly developed dmfs during
the follow-up period and oral hygiene status, which are
quite similar to the results of the RF model (Fig. 4A and
B). Beeswarm plot of the XGBoost model showed that
a higher VPI sore would result in a worse caries arrest-
ing effect (Fig. 4B). A summary of the important predic-
tors identified by machine learning models and the effect
modifiers reported by the original trial is presented in
Table 2.

Discussion

This study is a secondary analysis of a recently published
RCT. It is the first study that uses machine learning algo-
rithms to build predictive models to predict the treat-
ment outcome of ECC. This study demonstrated that
machine learning can be a promising strategy to predict
caries-arresting outcomes after receiving fluoride and
silver therapies in preschool children. In addition, based
on the prediction results, we found that the important
predictors were not the same as the effect modifiers
reported by the original study. Dental researchers and
clinicians can refer to the specific predictors that impact
the caries-arresting effect and develop tailor-made caries
management plans to achieve a more desirable treatment
outcome.

Traditional regression models usually suppose the
data fits a specific equation and calculate the equation
parameters that represent the correlation between inde-
pendent and dependent variables. Therefore, traditional

Table 1 Performance of machine learning predictive models (mean and 95% confidence interval)

Accuracy Recall Precision
NB 0.713 (0.685,0.741) 0.731 (0.706, 0.756) 0.762 (0.738,0.785)
LR 0.735 (0.707,0.764) 0.775(0.751,0.799) 0.783 (0.759, 0.807)
DT 9(0.690, 0.747) 0.790 (0.767,0.812) 0.783 (0.759, 0.807)
RF 0.737 (0.709, 0.764) 0.809 (0.787,0.831) 0.802 (0.779, 0.825)
SVM 0.674 (0.646, 0.703) 0.790 (0.768,0.813) 0.779 (0.754, 0.805)
XGBoost 0.740 (0.712,0.767) 0.807 (0.786, 0.828) 0.801 (0.779,0.823)

F1 Score AUROC Brier Score
NB 0.741 (0.717,0.764) 0.771(0.741,0.802) 0.227 (0.207,0.248)
LR 0.778 (0.755,0.802) 0.800 (0.772,0.829) 70(0.158,0.182)
DT 0.785 (0.762,0.809) 0.777 (0.747,0.806) (O 52,0.182)
RF 0.804 (0.781,0.826) 0.858 (0.835, 0.880) 4(0.121,0.146)
SVM 0.771(0.744,0.797) 0.837(0.812,0.862) (O 45,0.171)
XGBoost 0.803 (0.781,0.825) 0.859 (0.837,0.881) 42(0.128,0.156)

Note: precision, recall, and accuracy were weighted results. NB: Naive Bayes; LR: logistic regression; DT: decision tree; RF: random forest, SVM: support vector
machine; XGBoost: extreme gradient boosting
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Table 2 Summary of the important predictors identified by machine learning models and comparison with the effect modifiers

reported by the original trial

Important predictor

Effect modifier

Clinical parameters

Surface location of the caries
Newly developed dmfs
Baseline dmfs

Tooth location of the caries

Tooth location of the caries
Surface location of the caries
Newly developed dmfs

Visible plaque index

Oral health-related behaviours

Daily snack intake

Assisted toothbrushing

Note: Effect modifiers were extracted from the original study (Gao SS et al. 2020). dmfs — decayed, missing (due to caries) and filled surfaces

regression analysis is often used to study the confound-
ers or effect modifiers that are related to the treatment
outcome; their predictive power is usually weak [6].
Machine learning, as the main branch of artificial intel-
ligence, uses different algorithms that can learn the sta-
tistical patterns and structures of data to build predictive
models. It can include more factors and generate models
with more accurate predictions [21]. Machine learning is
currently gaining popularity in dental research. It is usu-
ally applied in disease diagnosis and prediction of prog-
nosis. In cariology, machine learning has been adopted
for the detection of dental caries [22] and the predic-
tion of caries risk [23]. Because no study used machine
learning in predicting the treatment outcome of dental
caries, we tried six typical algorithms, namely LR, NB,
SVM, DT, RF and XGBoost, to build the predictive mod-
els in this study. We used six metrics, namely accuracy,
recall, precision, F1 score, AUROC and Brier score, to

comprehensively evaluate the performance of each pre-
dictive model. The results supported that all six models
showed good performance when being used in predicting
the caries-arresting outcome of ECC, especially for the
RF and XGBoost. Dental researchers can consider using
these machine learning algorithms when generating their
own predictive models for predicting caries treatment
outcomes. Most sophisticated algorithms present only
the risk probability in the output and are usually absent
of visual interpretability. SHAP is a tool that can help to
improve the interpretability of complex machine learning
models. SHAP can describe the importance of a particu-
lar factor in a model when making a prediction, with pos-
itive or negative values representing the direction of the
effect [24]. In this study, we used SHAP bar charts and
beeswarm plots to provide a visual interpretation of RF
and XGBoost models. It helps the readers quickly iden-
tify the importance of predictors and the directions of
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how the predictors impact the treatment outcome in the
predictive models.

In the original study, we used logistic regression with
generalized estimating equations to investigate the
effects of the intervention, clinical parameters, oral
health-related behaviours, and socioeconomic back-
grounds on the caries-arresting results. We found that
tooth and surface location of the carious lesions, newly
developed dmfs during the follow-up period and daily
snack intake behaviours were significantly associated
with the treatment outcome of ECC [14]. In the current
study, tooth and surface location of the carious lesions
and newly developed dmfs during the follow-up period
were included in the top five predictors of caries arrest-
ing results. Carious lesions on buccal surfaces or anterior
teeth are expected to have more favourable treatment
outcomes after fluoride and silver therapy; dental clini-
cians can consider the topical application of 38% SDF
solution or 25% AgNO; solution followed by 5% NaF
varnish for treating those cases. In the predictive models,
we identified several new important predictors that were
not reported in the original analysis, namely the dmfs
score at baseline, whether the children received assisted
toothbrushing and the oral hygiene status. Children with
higher baseline dmfs scores will have a worse treatment
outcome of ECC. Therefore, for children with high caries
risk (i.e., higher dmfs scores and higher numbers of newly
developed dmfs), dental professionals should consider
reducing the risk to achieve a better treatment outcome
of fluoride and silver therapies. In the XGBoost model,
oral hygiene status is the fifth predictor for the caries-
arresting result. Therefore, plaque control is critical for
improving the treatment outcome of ECC. Toothbrush-
ing is the most effective way to remove visible plaque.
For young children who are not able to brush their teeth
well, assisted toothbrushing is often required. We found
that whether the children had assisted toothbrushing was
listed as the fifth predictor in the RF model and the sixth
predictor in the XGBoost model. Hence, if parents can
assist their young children to perform better toothbrush-
ing practice, the caries-arresting effect of fluoride and sil-
ver therapies is expected to be more favourable.

There are several strengths of this study. First, the data
utilised in this analysis is from a well-designed RCT. Data
with high quality provides a good foundation to build
reliable predictive models. Second, this study pioneered
machine learning in predicting the caries-arresting out-
come of ECC and demonstrated that machine learning
can be a promising strategy for predicting treatment
outcomes in cariology. Dental professionals can adopt a
similar methodology in conducting predictions for other
disease and treatment combinations. Third, the predic-
tive models identified several key predictors that can
impact the caries-arresting outcome. Dental clinicians
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can refer to the key predictors and develop tailor-made
strategies to manage ECC in individuals. Some limita-
tions should also be noticed. First, because there is no
previous research investigating a similar topic, we could
only choose the commonly used six machine learning
algorithms to generate the predictive models. There may
be other algorithms that fit the data better. Future stud-
ies can focus on testing other potential algorithms and
developing applications of predictive models in dental
practices. Second, we should be cautious that the iden-
tified key predictors only represent associations instead
of causality. Recently, a systematic review pointed out
that relevance and importance do not guarantee biologi-
cal significance, because the machine learning studies
lack considerations of causation needed to correlate their
predictions with biological relevance [25]. However, the
top predictors may help us discover and understand the
potential causal relationships. Also, the data analyzed
in our study was derived from an RCT design, which
enhanced the understanding of causality between our key
predictors and ECC to some extent. Finally, the predic-
tion performance of our machine learning algorithms
was only slightly better than the logistic regression
model, which might be attributed to the relatively small
sample size. In further studies, we should validate the
models with large population-based cohorts, and maxi-
mize the advantages of machine learning algorithms.

Conclusion

In this study, we demonstrated that machine learn-
ing algorithms can provide promising predictions of
the treatment outcome of ECC. The location of carious
lesions, caries experience and toothbrushing behaviours
are the important predictors of the caries-arresting out-
come. These important predictors identified by machine
learning models would be particularly informative for
targeted management of ECC.
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