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Abstract

This empirical study assessed the potential of developing a machine-learning model to
identify children and adolescents with poor oral health using only self-reported survey
data. Such a model could enable scalable and cost-effective screening and targeted inter-
ventions, optimizing limited resources to improve oral health outcomes. To train and test
the model, we used data from 2,133 students attending schools in a Portuguese munici-
pality. Poor oral health (the dependent variable) was defined as having a Decayed, Miss-
ing, and Filled Teeth index for deciduous teeth (dmft) or permanent teeth (DMFT) above
expert-defined thresholds (dmft/DMFT > 3 or 4). The survey provided information about
the students’ oral health habits, knowledge, beliefs, and food and physical activity habits,
which served as independent variables. Logistic regression models with variables selected
through low-variance filtering and recursive feature elimination outperformed various oth-
ers trained with complex machine learning algorithms based on precision @k metric, out-
performing also random selection and expert rule-based models in identifying students
with poor oral health. The proposed models are inherently explainable, broadly applicable,
which given the context, could compensate their lower performance (Area Under the
Curve = 0.64—0.70) compared to similar approaches and models. This study is one of the
few in oral health care that includes bias auditing of classification models. The audit sur-
faced potential biases related to demographic factors such as age and social assistance
status. Addressing these biases without significantly compromising model performance
remains a challenge. The results confirm the feasibility of survey-based machine learning
models for identifying individuals with poor oral health, but further validation of this
approach and pilot testing in field trials are necessary.
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Introduction

Dental caries, a common yet preventable chronic disease, is a significant health concern
among children, particularly those from disadvantaged backgrounds [1-4]. Addressing caries
and enhancing children’s oral health necessitates not only expanding the capacity of dental ser-
vices but also implementing strategies to increase the utilization of existing services [2]. Car-
ies-risk assessment tools are important for developing such strategies [5, 6]. These tools help
the facilitation of targeted interventions, optimization of resource allocation, and promotion
of equitable access to preventive care [6]. They are particularly interesting when they afford
scalability and cost-efficiency, like in the case of a screening tool that uses self-reported data
[7-9]. Although machine learning started gaining prominence in the oral health academic lit-
erature for both assessing the risk of new caries [5, 10] and screening to identify the current
status of caries [6, 9, 11], the evidence of the performance of machine learning models for car-
ies prediction or identification is still limited. With this study, we attempted to contribute to
that body of evidence using comprehensive self-reported and clinical data of school-attending
children and adolescents aged 5 to 19.

The motivation for this study was the need identified by a social organization, Associagdo
Portuguesa Promotora de Satude e Higine Oral (APPSHO), to develop a scalable and cost-
effective algorithmic model, a tool that identifies students with poor oral health to better direct
resources toward them, incentivizing visit to dentists, and promoting better behaviors and oral
health outcomes. In Portugal, there is a government program that offers vouchers to children
for free dental visits, although the utilization of these vouchers is suboptimal [12]. The exis-
tence of the requested model would help identify who to incentivize more and how, and poten-
tially improve the impact of public funds investment for better oral health. We defined that a
student has poor oral health if they have the index of decayed, missing, and filled teeth (decid-
uous teeth—dmft; or permanent teeth—DMFT) higher than a threshold value established by a
panel of dentists. The rationale is that students with so-defined poor oral health would require
relatively urgent intervention from oral health professionals. The proposed approach would
serve as an alternative to in-person screening for which, although expensive, there is no suffi-
cient evidence of significant impact on oral health outcomes [13].

There are several assessment tools in dentistry that, at least partially, fill the need to identify
students with poor oral health. The Caries Management Risk Assessment (CAMBRA) [14],
which was used to assess caries risk at a university instructional clinic, or the Cariogram
[15-18] are good examples of such tools which exhibited moderate to good results in practice.
However, these risk-assessment systems require using data obtained through specialized clini-
cal observations, such as past caries experience and salivary and microbiological variables,
besides sociodemographic and behavioral variables [17]. In recent years, there has been an
increased interest in using machine learning (ML) and extensive datasets to estimate individ-
ual caries risk. Pang and colleagues [5] have used a random forest algorithm to train a model
for predicting teenagers’ risk of developing additional caries based on demographic, socioeco-
nomic, behavioral, and genetic factors as well as past caries experience, achieving an Area
Under the Curve (AUC) of 0.74. Other researchers proposed a model trained by a multi-
modal deep neural network to estimate the presence of caries based on a comprehensive data-
set including survey and clinically collected dental image data with a precision of 0.89 [19].
Previous research has also leveraged demographic and observational data derived from medi-
cal consultation, including specific parameters such as infectious tooth parameters collected by
experts (although the authors did not specify the variables used), to develop a model using a
random forest algorithm to identify caries in 12-year-old children with a precision of 0.94
[20]. Karhade and colleagues [6] developed an auto-machine-learning model as a screening
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tool for preschool children to identify their early childhood caries status, achieving relatively
high specificity with only survey data and even extremely parsimonious models.

While the results of these models are very encouraging, showing the ability of ML tech-
niques to identify students at risk of poor oral health, in many cases, they require large and
extensive datasets and depend on the collection of invasive data, which are costly to obtain due
to the required time, the use of specialized environment, and significant human resources.
Although very effective, because of their complexity and cost, large-scale application of such
models in large cohorts of children and adolescents in schools is very difficult, limiting their
usability at a national level. There are studies that only rely upon survey data to build ML mod-
els for dmft/DMFT prediction or screening, but still too few, and usually with target popula-
tions limited to specific segments of either children or adolescents and rarely to both, with a
few exceptions [21, 22].

In this study, we support the argument that contrary to the approaches of feeding models
with extensive and invasive data, models that favor usability and scalability may be more appli-
cable in some settings despite the potential loss of accuracy. There are successful examples of
resolving this trade-off and achieving scalability and performance. For example, Hung and col-
leagues [8] surveyed and examined adults in the United States, creating a large data set that
was used to train a model with 37 self-reported variables. They identify the presence or absence
of root caries using a model trained by the Support Vector Machine algorithm, with a reported
accuracy of 97% and a precision of 95% [8]. This approach can be easily scaled for massive
screening work, which is especially interesting for public health interventions and screening of
oral health among children and young adolescents.

The objective of the study is to test whether it is feasible to develop and evaluate a machine
learning model to identify students (5 to 19 years old) with poor oral health using information
collected through surveys. To achieve that objective, we used self-reported survey data (inde-
pendent variables) matched with clinical screening data collected by APPSHO dentists (target
or dependent variable) for all students in one Portuguese municipality. The proposed model
would facilitate the rapid identification of students with potentially compromised oral health,
offer scalability at a relatively low cost, and enable the implementation of targeted preventive
interventions to improve dental well-being among children and adolescents.

We hypothesized that low-cost, survey-based models can outperform rule-based models
constructed with oral experts (our baseline model) for the children and adolescents popula-
tion. Hence, our null hypothesis was that there would be no statistically significant differences
in the performance of our survey-based model compared with the baseline rule-based models.

Materials and methods
Data collection

Data collection was approved by the Portuguese National Data Commission (Comissao Nacio-
nal de Prote¢io de Dados), process number 14108/2011, approval number 12400/2011, from
November 21, 2011. All students from the urban municipality of Seixal in the Lisbon region of
Portugal were invited to participate in the study, and written consent was obtained from the
students’ tutors. At the beginning of the study, personal data, such as student names and tutor
contact information, were collected to facilitate the distribution of oral health reports. Upon
completion of the data collection, all data were digitized, matched, and anonymized. After ver-
ification of anonymization, the original survey responses with identifiers (e.g., names) were
destroyed. We had access only to anonymized historical digitized data for the 4,216 students
who participated in the survey and/or oral health screenings.

PLOS ONE | https://doi.org/10.1371/journal.pone.0312075  January 24, 2025 3/25


https://doi.org/10.1371/journal.pone.0312075

PLOS ONE

Identifying students with poor oral health with surveys and machine learning models

This dataset comprises clinical observations collected by oral health professionals from
APPSHO and survey responses reported by students, with support from their tutors. The max-
imum time interval between survey and clinical observation was 120 days. Data collection
occurred between 2008 and 2015, with nearly 80% of screenings occurring in 2012 or later.
Matching the survey and clinical observation data resulted in 2,133 paired observations.

The oral health of the students was assessed using the decayed, missing and filled teeth
index for permanent teeth (DMFT) and deciduous teeth (dmft). These indices are the pre-
dominant measure of the population’s exposure to caries worldwide, particularly in children
[23-27]. Additionally, they are frequently employed in studies evaluating caries risk assess-
ment systems [17, 28]. The indices were calculated following the World Health Organization
(WHO) guidelines [29].

In addition to the dmft and DMFT indices, the dataset included student survey data with
information about three general topics: oral health habits and beliefs (including oral hygiene
practices, dental visits, and oral health knowledge), nutritional habits (detailing meal fre-
quency and food choices), and physical activity habits (capturing exercise frequency and sports
participation).

Pre-registration

This study originated as an applied interdisciplinary project: a collaboration of a data science
team with a social organization to improve oral health among children. However, the decision
to study the approach proposed in this study came after the data had been collected. For this
reason, the study was not preregistered.

Data pre-processing and the construction of new variables

The first steps of data processing included 1) merging survey and clinical observation data; 2)
cleaning out-of-range values; 3) imputing missing values, using the average value of the popu-
lation cohort; 4) performing data transformations, creating flags for categorical data and vari-
ables counting the number of food items typically ingested, aggregated in four categories. We
described all the variables considered in this study in S1 and S2 Tables. The mapping of food
items into categories has been carried out as shown in S3 Table.

Both dmft and DMFT indices were used in this study, as the dataset included young chil-
dren with mixed dentition (where both indices apply) and adolescents with only permanent
teeth (where only the DMFT index applies). Our target variable (what the models learned to
estimate) was a binary variable, where value one (1) indicates a high risk of poor oral health,
and value zero (0) indicates a low risk. To train a classification model for the entire sample, we
constructed the target variable by comparing students’ dmft and DMFT indices and always
selecting the higher of the two values. This approach was chosen because a) when transitioning
from deciduous to permanent teeth, the DMFT values are usually lower than the dmft values,
as recently erupted teeth did not have enough time to develop caries (see Fig 1); and b) litera-
ture suggests that dmft values are good predictors of DMFT values five years later [24]. In the
remainder of this article, we referred to this metric as the dmft/DMFT index. To convert the
dmft/DMFT index from a continuous to a binary variable, we consulted oral health experts
from APPSHO, with whom we established two clinically relevant thresholds, dmft/DMFT > 3
and dmft/DMFT > 4. We created two target variables, one for each threshold, assigning a
value of 1 if the dmft/DMFT index was higher than the threshold and 0 otherwise. This binary
variable is interpreted as an indicator of a risk of poor oral health. Note that we conducted our
statistical analysis and the evaluation of the two models considering the entire sample and two
subsamples, created by splitting the original sample, where one subsample comprises children
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Fig 1. Average dmft/DMFT index by age for deciduous and permanent teeth.
https://doi.org/10.1371/journal.pone.0312075.g001

younger than 12 and the other of those 12 years old or older. Depending on the sample and
the indices used for creating the variables, we referred to the binary target variables in the
remainder of the manuscript as the binary dmft (when using a subsample of children less than
12 years old), binary DMFT (for those 12 years old or older), or binary dmft/DMFT index
(when considering the entire sample and maximum dmft/DMFT).

Statistical analysis

In the first part of the statistical analysis, we produced descriptive statistics, computing the dis-
tribution of categorical variables. Means and standard deviations (SD) of numeric variables
were computed using the Python Pandas library [30], version 1.5.3. Data visualizations were
produced using Python’s Matplotlib [31], version 3.7.4. Two-tailed independent sample t-tests
were conducted using the SciPy Python library [32] version 1.10.1., to test differences between
the mean values of the dependent variable for different groups of students. We considered the
alpha level of statistical significance to be 0.05. That means that p-values (p) below 5%

(p < 0.05) indicated statistically significant differences between different groups of students.
Note that in the results section, we show means and standard deviation as mean(standard
deviation).

Model training

We trained two classification models, considering the entire sample (all ages) and binary dmft/
DMEFT as the target variable. One model was trained with binary dmft/DMFT for which we
used a threshold level of three, and the other model with binary dmft/DMFT with a threshold
level of four. Model training and evaluation were implemented using the Scikit-Learn Python
library [33], version 1.1.3, a commonly used open-source Python library for machine learning.
We employed many machine learning algorithms to train the classification models, including
Logistic Regression, Naive Bayes, Support Vector Machines, Decision Trees, Random Forest,
XGBoost, K-Nearest Neighbors, and Neural Networks (Multi-Layer Perceptrons). For each
algorithm, the best models were selected through grid search with hyperparameter optimiza-
tion, also using the Scikit-Learn Python library version 1.1.3. Following previous research, we
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tested for agreement between the risk levels assigned by the two models to the same student
using Cohen’s Kappa values [34].

We adopted the following validation strategy to ensure robust model selection. First, we
reserved 20% of the dataset for final testing (hold-out test set). For model training and valida-
tion, we employed 5-fold cross-validation. This involved splitting the remaining data into five
folds; one fold served as the validation set, while the others comprised the training set. We iter-
ated this process, rotating the validation fold, to optimize hyperparameters and gauge model
performance on unseen data. The final model performance was calculated by averaging results
across validation folds. Subsequently, the best-performing model was retrained on the entire
training set and evaluated on the held-out test set, yielding an accurate estimate of its generali-
zation to new data.

Model performance evaluation

The models estimated probabilities of students having poor oral health, the dmft/DMFT
index higher than the predefined threshold. These probabilities were then sorted from high-
est to lowest, producing a ranked list that served as a basis to inform actionable decisions,
such as selecting or not a student for an oral health intervention. We used the Precision@k as
the metric to evaluate and select models [35]. Precision measures the proportion of students
correctly identified by the model as having the dmft/DMFT index above the pre-defined
threshold (poor oral health) out of all students the model flagged as having poor oral health.
Precision@k represents the value of precision when a given percentage of students (k) is
selected for intervention from the ranked list. The value of k may be adjusted to balance effi-
ciency and inclusiveness constraints, considering that governments may have limited
resources to intervene with students. The Precision@k was selected based on the assumption
that resource-constrained assistive programs must prioritize students with poor oral health,
minimizing false positives during the selection. By minimizing false positives in a fixed num-
ber of students selected for intervention, we also minimize false negatives as more students
truly having poor oral health are selected. During model selection, we estimated the models’
performance for different values of k to provide the flexibility to balance the efficiency and
breadth of the selected population. Typically, the larger the selected population, the fewer
truly at-risk students are left out at the expense of more false positives.

To compare the performance of the proposed system against other deployment alternatives,
and in the absence of an existing practice, we built two baseline models: i) a model where stu-
dents would be randomly selected as having poor oral health and ii) a model based on experts’
rules to identify students with poor oral health. To create the experts’ model, we designed a
survey asking a panel of eight APPSHO dentists to identify the best predictors of students’ cur-
rent dmft/DMFT index. We used the average weights from the experts” answers to generate an
equation that attributed a risk score to each of the students in the dataset, which was then used
to rank the students in terms of risk and calculate precision@k. Details on the factors and
respective weights can be found in S1 File.

Bias auditing

We audited our model outcomes for bias by calculating the disparities in the errors made by
the classifier for different demographic groups [36, 37], when considering the top 10% of stu-
dents with the higher scores attributed by the model as being more likely at high risk of poor
oral health. The disparities were calculated by dividing the metric of choice of one group over
the metric of another group (the reference group). Our chosen metric was the true positive
rate (TPR), also known as sensitivity or recall, which is the proportion of students who have a
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dmft/DMFT index above the pre-defined threshold and are correctly identified by the model
as such. That metric was selected because the proposed model is meant to be used in assistive
interventions with limited resources, meaning that we could only intervene in a small fraction
of the population. Thus, we were mainly concerned with high-risk students who might not get
selected as such by the model [38]. We considered there were equitable outcomes if the TPR
disparity was between 0.80 and 1.25 [38]. To conduct a bias audit, we used the Aequitas Python
library (version = 0.42.0), an open-source library developed specifically for this purpose [38].
We analyzed potential bias in all demographic variables available in our dataset (age, gender,
and social support). For instance, we checked whether our model systematically identified a
higher proportion of girls with a dmft/DMFT higher than the threshold than boys with a dmft/
DMFT higher than the threshold by measuring disparities in the groups’ True Positive Rate
(TPR). Since the audit revealed some bias, we showed the impact of mitigating those biases in
model performance [39].

Analyses by age groups

The dmft and DMFT indices are significantly influenced by age as children transition from
deciduous to permanent dentition. The WHO recommends using the DMFT index for adoles-
cents aged 12 and older and the dmft index for children five or six years old or younger, but no
specific guidelines are provided for those between these ages [29]. Recent studies on the oral of
children aged five to 12 years have analyzed the dmft and DMFT indices separately [23, 40,
41], including epidemiological studies research in Portugal aimed at informing national public
health policies [42].

Thus, in line with the common practice, in addition to analyzing descriptive statistics, t-
tests, and evaluating model performance and bias for the entire population as described above,
we conducted separate analyses for students aged 12 and older and for students aged five to 11.
For the older group, only the DMFT index was used as the dependent variable. For the youn-
ger students, we conducted separate analyses using both the dmft and DMFT indices as depen-
dent variables. To assess model performance and audit bias for these age groups, we used
binary dmft and binary DMFT indices as described in the ‘Data pre-processing and the con-
struction of new variables’ section.

Results
Descriptive statistics

Our final dataset of 2,133 data points combining survey and observational data was relatively
balanced in gender, with 48% (1017 out of 2133) female and 52% (1116 out of 2133) male stu-
dents. The age breakdown of the 2133 students in the dataset was as follows: 34% were 5 to 9
years old (730 students), 24% were 10-11 years old (515 students), 29% were 12-14 years old
(609 students), and 13% were 15 years or older (279 students). For a comprehensive overview
of the variables and their descriptive statistics, please refer to S1 Table for numeric variables
and S2 Table for binary variables.

For children younger than 12, the average dmft was 1.62(2.26), and the average DMFT was
0.85(1.50). For adolescents 12 years old or older, average DMFT was 3.02(3.34). The average
dmft/DMFT index was 2.17(2.62). Notably, the dmft/DMFT index fluctuated with age, reach-
ing a low point around ages 10-12 when permanent teeth emerge and then increasing with age
(see Fig 1).

The analysis of the dmft/DMFT index distribution, presented in Fig 2, revealed that out of
2133 students, nearly 40% (824 students) of the sample had no decayed, missing, or filled
teeth, 48% had at least two decayed, missing, or filled teeth (1019 students), and 26% had at
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Fig 2. Distribution of students by dmft/DMFT index.
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least four decayed, missing, or filled teeth (544 students). Analysis of the data separately for
children younger than 12 (for dmft and DMFT) and adolescents 12 years old or older (for
DMEFT) can be found in S2 File.

Group comparisons using t-tests

The results of a series of independent-sample two-tailed t-tests suggested statistically signifi-
cant and positive associations between certain oral health behaviors and better dmft/DMFT
index values. We also compared these results with those obtained by conducting the tests sepa-
rately in two subsamples, for children younger than 12 years (with dmft or DMFT) and for
those 12 years old or older (DMFT only). Students who flossed had an average dmft/DMFT
index value of 1.98(2.53), which was lower than the one for students who did not floss (2.46
(2.70), p < 0.001). Testing these differences within the subsamples, we find that this difference
is only present for students younger than 12 years for deciduous teeth (p = 0.003) (S3 File,
Table 1.1) On average, students who reported frequent dental visits had a dmft/DMFT index
value of 2.09 (2.53), which is lower than those who said they did not frequently visit the dentist
(2.45(2.91), p = 0.009). Such a significant difference is, however, present only among students
aged 12 or older (p = 0.002, S3 File, Table 3.1). There was no statistically significant difference
in average dmft/DMFT index values between students who brushed their teeth at school (1.74
(2.10)) and students who did not brush their teeth at school (2.20(2.65), p = 0.107). However,
brushing at school was associated with lower DMFT (permanent teeth) for students younger
than 12 years (p = 0.030, S3 File, Table 2.1). While 75% of the 2133 students in the sample
reported regular dental visits (1602 students), 24% reported flossing (504 students), and 4%
brushed their teeth at school (89 students).

PLOS ONE | https://doi.org/10.1371/journal.pone.0312075  January 24, 2025 8/25


https://doi.org/10.1371/journal.pone.0312075.g002
https://doi.org/10.1371/journal.pone.0312075

PLOS ONE

Identifying students with poor oral health with surveys and machine learning models

Brushing teeth three times daily was associated with lower average dmft/DMFT index val-
ues of 1.88(2.52), compared with the average dmft/DMFT index of 2.23(2.67) (p = 0.019) for
those brushing their teeth four or five times. We did not find a statistically significant differ-
ence in the average dmft/DMFT index value for students who brushed their teeth three times a
day compared to students who brushed their teeth one or two times a day 2.20(2.65),

p =0.106. Considering the subsamples, a statistically significant group difference is noted only
when comparing brushing three times with brushing once or twice daily (p = 0.009, S3 File,
Table 1.1, and p = 0.041 S3 File, Table 3.1, for students younger than 12 and those 12 and
older, respectively). Students who ate breakfast daily had an average dmft/DMFT index of 2.01
(2.51), which is lower than the average dmft/DMFT index for students who skipped breakfast
(2.79(2.92), p < 0.001). A similar and significant difference was observed only for those youn-
ger than 12 but for permanent teeth (p < 0.001, S3 File, Table 2.1) and for those aged 12 or
older (p < 0.001, S3 File, Table 3.1). Students who consumed four to six meals per day had an
average dmft/DMFT index of 2.07(2.52), which was lower than the average dmft/DMFT index
value for students who ate fewer than four meals (2.62(2.98), p < 0.001). The analysis of sub-
samples provided support for this finding only among students aged 12 or older (p = 0.030,

S3 File, Table 3.1). No statistically significant differences were found in the average dmft/
DMEFT index values for students who consumed four to six meals per day and those who ate
more than six meals daily, who had an average dmft/DMFT score of 2.48(3.02), p = 0.131.

Students who frequently engaged in physical activity outside of school had an average dmft/
DMEFT Index value of 2.02(2.52), a value lower than those who rarely or never did so, who had
an average dmft/DMFT index value of 2.43(2.74), p < 0.001. The same association holds only
among those younger than 12 and for deciduous teeth (p < 0.001, S3 File, Table 1.1).

No statistically significant differences were found in the average dmft/DMFT index value
for male 2.08(2.50) and female students 2.26(2.72), p = 0.124. However, we find a significant
difference among students aged 12 or older, with females exhibiting higher DMFT values than
males (p = 0.005, S3 File, Table 3.1). Students not receiving social assistance had an average
dmft/DMFT value of 1.96(2.48), which was lower than the dmft/DMFT index for those with-
out assistance, 2.62(2.82), p < 0.001, and 2.63(2.85), p < 0.001, for the highest and medium
assistance levels, respectively. Similar and statistically significant differences are found for
those younger than 12 for dmft (S3 File, Table 1.1), and for those aged 12 and older (DMFT,
S3 File, Table 3.1).

Additional independent-sample two-tailed t-tests were conducted to compare the average
consumption of distinct food items (processed sugary, dairy, fast-food, and healthy food)
among students with dmft/DMFT values above and below the predefined thresholds
(DMFT > 3 or DMFT > 4). Table 1 presents the averages and standard deviations of the con-
sumption of each food group for the students with dmft/DMFT above or below the thresholds.
Students with higher average dmft/DMFT scores consistently consumed a wider variety of

Table 1. Average distinct number of food items typically consumed in a day, per food category, for students with DMFT equal or above and those below pre-defined

thresholds (DMFT > 3 or DMFT > 4).

DMFT above threshold

DMFT > 3 Yes
No

DMFT >4 Yes
No

Standard deviation is indicated in parentheses.

https://doi.org/10.1371/journal.pone.0312075.t001

Sugary Dairy Salty fast-food Healthy

6.35(6.31) 5.55(3.12) 2.52(3.04) 7.41(3.82)
5.20(4.90) 5.27(2.74) 2.10(2.65) 7.12(3.60)
6.30(6.50) 5.49(3.16) 2.54(3.01) 7.35(3.87)
5.33(5.02) 5.32(2.78) 2.15(2.72) 7.17(3.92)
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sugary items than those with lower scores (p < 0.001 for both thresholds). Separate analysis
shows similar and statistically significant results when considering only those younger than 12
and dmft and both thresholds (S3 File, Table 1.2), as well as those aged 12 or older and
DMEFT > 3, but no significance was found for that group and DMFT > 4 (S3 File, Table 3.2).
Additionally, students with dmft/DMFT > 3 ate more distinct dairy and salty fast-food
items (p = 0.035 and p < 0.001, respectively) than those with dmft/DMFT lower than 3. A sim-
ilar difference was observed for salty fast-food consumption in students with dmft/DMFT > 4
(p = 0.005). However, no differences were observed in dairy consumption (p = 0.229) between
those with dmft/DMFT index below 4 and those with dmft/DMFT >4. Considering the group
analysis within the subsamples, we observed statistically significant differences in the con-
sumption of salty fast-food only for older children and both threshold levels (S3 File,
Table 3.2) and not for younger children (S3 File, Table 1.2). We also see discrepancies when
considering the consumption of dairy products. Like for the entire sample, the statistical sig-
nificance was observed for younger students and a dmft threshold level of 3, but also a thresh-
old level of 4 (S3 File, Table 1.2). However, no difference was observed for older students for
both threshold levels (S3 File, Table 3.2). Also, no statistically significant differences were
found in the number of distinct healthy items eaten by students with lower and those with
equal or higher dmft/DMFT index when considering the dmft/DMFT = 3 (p = 0.081) and the
dmft/DMFT = 4 thresholds (p = 0.313). However, when considering only the subsample of stu-
dents younger than 12, we found statistically significant differences in the consumption of
healthy food between students with higher and lower dmft scores (p < 0.001 for dmft > 3 and
p = 0.004 for dmft > 4, S3 File, Table 1.2). No statistical significance was observed within the
sample of students aged 12 and older.

Model performance

Recall that our target variables were constructed using two dmft/DMFT index thresholds to
identify students at risk of poor oral health: dmft/DMFT > 3 (35%, 744 out of 2133 students)
and dmft/DMFT > 4 (25.5%, 544 out of 2133 students). We built a classification model for
each of these variables, which we refer to as DMFT3 and DMFT4 models, respectively.

Among all trained and tested models, the best performing were two logistic regression
models built with variables selected through low-variance filtering and recursive variables
elimination [43]. For detailed model characteristics, please refer to S4 Table. Since our objec-
tive was the identification of individuals rather than explaining contributing factors, we omit-
ted p-values in the subsequent analysis. Recursive elimination of variables, as detailed in the
Methods section, was our primary tool for assessing the importance of independent variables.
For complete lists of variables initially considered in the modeling process, see S1 Table (for
numeric variables) and S2 Table (for binary variables).

Table 2 outlines the variables and their coefficients in the final DMFT3 and DMFT4 mod-
els. A negative coefficient indicates that an increase in that variable decreased the likelihood of
a student exceeding the DMFT threshold. Variables not listed in the table were excluded from
the final models. Notably, the DMFT4 model generally included coefficients with higher abso-
lute values and fewer variables overall.

Fig 3 shows the comparison of our proposed model performance against two baselines: (a)
arandom model (simulating random student selection for intervention) and (b) a rule-based
expert model (with rules defined by oral health professionals; for more details, see S1 File). The
figure demonstrates the performance of each model at various levels of k.

An independent samples two-tailed t-test revealed that the average precision of the DMFT3
model 0.458(0.087), calculated over the entire range of k (0-100), was higher than the average
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Table 2. Variables included in at least one regression model, after variables selection, and their respective coefficients.

Variable

Variable description

DMFT3 model coefficient

DMFT4 model coefficient

Age

Age of the student, measured in years

0.08

0.07

Age5to9

Whether the student is 5 to 9 years old

0.19

0.28

Agel2tol4

Whether the student is 12 to 14 years old

0.02

Agel5+

Whether the student was older than 15 years

0.16

0.22

SocialAssistance A

Whether the student receives the highest social assistance level

0.09

Breakfast

Whether the student usually has breakfast

0.09

0.15

SugarBreakfast

Count of processed sugar items consumed during breakfast

0.13

0.17

WaterLunch

Count of glasses of water typically drank at lunch

0.16

0.23

DairyAfternoonSnack

Count of dairy items consumed in the afternoon

-0.08

-0.17

DairyAfterDinner

Count of dairy items consumed after dinner

0.12

0.11

HowFrequentlyDentist

Frequency with which the student goes to the dentist

0.09

0.10

OftenBrushesWeekly

How often the student brushes their teeth in a typical week

-0.10

-0.11

Howlongbrushes3min

If the student says he/she brushes teeth for about 3 minutes

0.02

Howlongbrushes5min

If the student says he/she brushes teeth for about 5 minutes

0.03

HowlongbrushesDK

If the student does not know how long he/she brushes teeth for

0.07

HeardTartar

If the student has heard of an oral health disease called tartar

-0.08

KnowsFloss

If the student knows how to use dental floss

-0.09

-0.10

https://doi.org/10.1371/journal.pone.0312075.t002
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Fig 3. Precision@k for the (a) model estimating DMFT> 3 and (b) DMFT > 4.

https://doi.org/10.1371/journal.pone.0312075.g003
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precision of the experts’ model, 0.392(0.073), p < 0.001). The same result was verified for
DMFT4; while the proposed model had an average precision of 0.347(0.082), the experts’
model had an average precision of 0.303(0.077), p < 0.001. As for the area under the curve
(AUC), the DMFT3 model achieved an AUC of 0.64 and the DMFT4 model achieved an AUC
of 0.65. For the corresponding receiver operating characteristic (ROC) curves, please refer to
S1 Fig.

If we chose to intervene on only 10% of the student population (213 students), our DMFT3
model would identify students at high risk of poor oral health 1.4 times more effectively than
random selection. It would also outperform an expert-based selection process by a factor of
1.1. The DMFT4 model had slightly better results, performing 1.4 times better than random
selection and 1.2 times better than the expert-driven model. The DMFT3 and DMFT4 models
showed high agreement, Cohen’s Kappa = 0.79. For more details on the two models, please
refer to S4 Table.

Model performance per age group. Table 3 presents the mean precision of the proposed
models, averaged over the entire range of k (0-100), and compares it to the mean precision of
both the experts’ model and a random model, for the age groups and target variables consid-
ered in this study.

As shown in Table 3, the machine-learning models proposed in the current study outper-
formed the experts’ model when considering children younger than 12 years and dmft as the
target variable. When considering the dmft > 3 threshold, the average precision of the experts’
model, calculated over all values of k (0-100) was 0.202(0.863) and the average precision of the

Table 3. Mean and standard deviation of the precision of the proposed models, calculated over the entire range of
k (0-100) across different subsamples and considering dmft or DMFT as target variables.

Sample Target variable Model Mean(standard deviation) of precision@k
Full sample binary dmft/DMFT3 | DMFT3 model | 0.458(0.087)
Full sample binary dmft/DMFT3 | Experts’ model | 0.392(0.073)
Full sample binary dmft/DMFT3 | Random model | 0.345(0.000)
Full sample binary dmft/DMFT4 | DMFT4 model | 0.347(0.082)
Full sample binary dmft/DMFT4 | Experts’ model | 0.303(0.077)
Full sample binary dmft/DMFT4 | Random model | 0.255(0.000)
Younger than 12 years | binary dmft3 DMFT3 model | 0.384(0.110)
Younger than 12 years | binary dmft3 Experts’ model | 0.203(0.863)
Younger than 12 years | binary dmft3 Random model | 0.261(0.000)
Younger than 12 years | binary dmft4 DMFt4 model 0.281(0.097)
Younger than 12 years | binary dmft4 Experts’ model | 0.138(0.084)
Younger than 12 years | binary dmft4 Random model | 0.183(0.000)
Younger than 12 years | binary DMFT3 DMFT3 model | 0.078(0.067)
Younger than 12 years | binary DMFT3 Experts’ model | 0.110(0.078)
Younger than 12 years | binary DMFT3 Random model | 0.097(0.000)
Younger than 12 years | binary DMFT4 DMFT4 model | 0.047(0.065)
Younger than 12 years | binary DMFT4 Experts’ model | 0.083(0.078)
Younger than 12 years | binary DMFT4 Random model | 0.062(0.000)
12 years or older binary DMFT3 DMFT3 model | 0.494(0.090)
12 years or older binary DMFT3 Experts’ model | 0.444(0.082)
12 years or older binary DMFT3 Random model | 0.388(0.000)
12 years or older binary DMFT4 DMFT4 model 0.401(0.092)
12 years or older binary DMFT4 Experts’ model | 0.351(0.093)
12 years or older binary DMFT4 Random model | 0.306(0.000)

https://doi.org/10.1371/journal.pone.0312075.t003
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proposed model was 0.384(0.110). When considering the dmft > 4 threshold, the average pre-
cision of the experts’ model was 0.139(0.084) and the average precision of the proposed model
was 0.281(0.097). A t-test confirmed the differences between our model(s) against the bench-
marks were statistically significant (p < 0.001 for both comparisons). Similar results were
found for adolescents 12 or older when considering DMFT as the target variable. The average
precision of the experts’ model was 0.444(0.082) and 0.351(0.093) for the DMFT3 and DMFT4
thresholds, respectively, while the performance of the proposed models was 0.494(0.090) and
0.401(0.092), respectively. Both differences weres statistically significant (p < 0.001). However,
results show that our models performance was worse than random for children younger than
12 when considering the DMFT index as the target variable, as well as worse than the experts’
model (p < 0.001 for all comparisons).

Analyses of the AUC also suggest that the application of the proposed models to the sub-
samples of children younger than 12 years (considering binary dmft) and adolescents aged 12
or older (considering binary DMFT) did not diminished the performance of the models.
While the AUC of the DMFT3 model when applied to the entire sample was 0.64, it reached
0.69 when the model was applied to children younger than 12 years and was the same (0.64)
for adolescents aged 12 or older. The AUC of the DMFT4 model was 0.65 when applied to the
entire sample, 0.70 when applied to children younger than 12 years and 0.63 when applied to
adolescents aged 12 or older. We note, however, that the AUC of the models when applied to
children younger than 12 and considering the binary DMFT was below 0.50.

We present the corresponding precision curves and the ROC curves plots separately for
each age group in S4 and S5 Files, respectively.

Bias analysis

Figs 4 and 5 present the results of the bias analysis for the DMFT3 and DMFT4 models.

Box sizes indicate the number of students within each group. The color intensity indicates the
intensity of disparity relative to the majority group (shown in grey). Brown boxes show groups
with higher TPRs (more likely to receive intervention), while blue boxes indicate lower TPRs
(potentially overlooked groups).

Bias auditing revealed potential biases within the models. If we select the top 10% of stu-
dents with the highest estimated scores of having a dmft/DMFT index higher than the thresh-
old, both models are less likely to identify correctly male students than female students.
Additionally, students receiving social assistance, an indicator of economic vulnerability, were
2 to 5 times more likely to be selected than students with a dmft/DMFT index higher than the

TPR DISPARITY: AGE TPR DISPARITY: ESCALAO  TPR DISPARITY: GENDER

59
(Ref)

12 14
0.24

HZ.OO MZ.OO -—2.00
r1.75 r1.75 r1.75
r1.50 r1.50 r 1.50
r1.25 r1.25 r1.25
r1.00 (Rgf) r1.00 Fe(Fr{r;?)le I\(,Jla7t4e r1.00
F0.75 r0.75 r0.75
- 0.50 r 0.50 r 0.50
r0.25 r0.25 r0.25

H 0.00 “— 0.00 '— 0.00
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threshold who did not receive social assistance. We also observed an age bias: those over 15 or
under 10 with poor oral health were more likely to be correctly selected than those in interme-
diate age groups.

Given these disparities, we explored bias mitigation using the recall equalization technique
[44]. While this technique did equalize true positive rates (TPR) across groups, it significantly
reduced model performance. For the DMFT3 model, we saw a 10 and 15 percentage point
drop in performance at the 5% and 10% high-risk thresholds (see Fig 6). The DMFT4 model
exhibited an even more significant drop of 10 and 30 percentage points for the two thresholds,
respectively (see Fig 7).

We conducted bias audit of the two models also by executing it on two subsamples, one
with children younger than 12 (using dmft as the dependent variable) and the other with
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Fig 6. Precision@k with and without bias mitigation (DMFT3 model).
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adolescents aged 12 or older (using DMFT as the dependent variable), In both cases we com-
pared the TPR between groups based on age, gender and social assistance. We did not perform
bias analysis for students younger than 12 using DMFT as the dependent (target) variable as
the model performed very poorly, as shown in the previous section. As elaborated in S6 File,
the audit results revealed similar patterns of bias when the models were applied to the subsam-
ples, with more pronounced disparities observed among the groups. Furthermore, females
tended to have a higher TPR than males when the models were applied to adolescents aged 12
or older.

Discussion

The results suggest that we can reject the null hypothesis. There was a statistically significant
improvement in the precision of identifying students with poor oral health (or having a DMFT
index higher than the pre-defined threshold) when using machine learning models that use
only self-reported survey data, compared to a rule-based model constructed with healthcare
professionals. This superior performance of the machine learning models, compared with
rule-based experts’ models, was evident when considering the entire sample of students (aver-
age precision 0.458 vs. 0.392 for the proposed DMFT3 and experts’ model, respectively, and
0.347 and 0.303 for the proposed DMFT4 and experts’ model, respectively), as well as in the
separate analysis of the models in sub-samples. For students younger than 12 years (consider-
ing binary dmft indices as the target variables), average precision was 0.384 vs 0.202 for the
DMFT3 and the experts’ model, respectively, and 0.281 vs 0.139 for the DMFT4 threshold. For
the subsample of students 12 years old or older, considering binary DMFT indices as the target
variable, average precision was 0.494 vs 0.444 for the DMFT?3 and the experts’ model, respec-
tively, and 0.401 and 0.351 for the DMFT4 threshold. Importantly, no significant deterioration
of performance of the models was verified when applying the proposed models to the children
younger than 12 (considering the binary dmft indices) and adolescents aged 12 or older (con-
sidering the binary DMFT indices) subsamples, as measured by the AUC, which ranged from
0.63 to 0.70.

These results add to the body of evidence of the usability of systems for conducting oral
health prescreening using only self-reported data [6, 9, 11]. This study, given its unique context
of students from 5 to 19 years old, signals the potential of self-reported behavioral data to esti-
mate the oral health of children and adolescents and the usability of such an approach in pro-
active screening programs. This proactive approach is an excellent policy tool for oral health
monitoring and interventions planing when the aim is to improve oral health outcomes for
students affordably and within the realities of the dental care system.
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Before we elaborate on a potential use case, let us reflect upon the results in light of the
existing work. The model(s) proposed in this study demonstrated slightly lower precision than
the other models we found in the literature [7, 9, 20]. The performance of our selected models
is below the lower end of the AUC range observed in the literature for different caries risk
assessment tools (0.74-0.97) [6, 45, 46]. There are two likely explanations for such a perfor-
mance result. The first explanation is related to the specification of the target variable. In some
cases, the “high risk” is defined as having DMFT higher than one [6, 9], while in our case, the
threshold is set to equal or higher than three or four. This translates to fewer observations of
individuals with a value of 1 in the target (dependent) variable and, therefore, a more challeng-
ing modeling task to achieve high precision. The second explanation is that the target popula-
tion in this study includes both children and adolescents and is not directly comparable with
the other studies that propose similar approaches for specific population groups, such as pre-
school children [6] or only 12 years old adolescents [9]. Despite these challenges, the results
suggest substantially better performance than the model constructed in collaboration with the
panel of experts or the random choice model and are comparable to the AUC range (0.62-
0.64) obtained by other survey-based models applied to children and adolescents [22].

Separate analysis for children younger than 12 years suggest that the models were not suit-
able to adequately predict their DMFT index. This is likely due to the transitional phase
between deciduous and permanent dentition in this age group, as time is required for caries to
develop in recently erupted permanent teeth. Mean DMFT index value in this subsample is
lower (0.85) than their mean dmft index values (1.62). As the dmft index in younger years
tends to be an important predictor of the DMFT index in early-adolescence [24], using only
the dmft index serves as a good measure for prioritizing children for proactive oral health
interventions.

The observed mean dmft/DMFT index (for the entire sample) was 2.17, while the average
DMEFT observed among adolescents (12 years only) was 3.02. The adolescents’ average DMFT
value is significantly higher than the average values observed in Brazil (2.1) in 2010 [9] and
globally, as reported by the World Health Organization in 2000 (2.3) [47]. While slightly
biased, the advantage of working with such a sample is that there are more cases of poor oral
health, and therefore, the trained models are more likely to capture patterns in the data that
drive such an outcome. It is also possible that these drivers are idiosyncratic to the sample,
which calls for further investigations of the generalizability of the approach at national and
international levels.

Considering the important variables that were used for the identification of students with
high dmft/DMFT index, which we established by the variables selection process, we observed
several similarities to the existing studies. The models’ ability to identify the oral health status
of children based solely on demographic and behavioral data is aligned with the existing litera-
ture showing that socioeconomic conditions, demographic characteristics, and oral health
behaviors are correlated with oral health not only of adults [11, 48, 49] but also, and perhaps
especially, of children [9, 10, 22, 50, 51]. Karhade et al., [6] show that a parsimonious model
comprised of only two factors outperforms more complex models in identifying students with
current caries; these two factors were children’s age and their parents-reported child oral
health status. In our study, age has also emerged as an important factor. Bomfim [9] empha-
sizes the use of dental floss and unhealthy food consumption as important variables for identi-
fying 12-year-old individuals with caries, the categories of variables that we have also found to
be important for identifying school children with a high dmft/DMFT index. The same author
did not specify the importance of age and reported that the model trained by the XGBoost
machine learning algorithm outperforms logistic regression. Other studies of a similar charac-
ter, although not with the same target (dependent) variable, also reported complex algorithms
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outperforming logistic regression [10, 21, 22]. In our case, however, the results are more
aligned with the findings of Christodoulou et al., [52], who studied 71 journal reports and
found no substantial performance benefits of alternative machine learning models for caries
prediction/identification to logistic regression. We found the logistic regression to outperform
all other alternative machine learning models. Particularly notable is that the variables used in
the logistic regression models include the awareness of oral health issues (i.e., tartar) or the
knowledge about techniques for teeth maintenance, such as cognition about flossing. While
also being present in our model, cognition about flossing was considered as part of the mode
for predicting active caries and dentist referral [22].

We compared the approach proposed in this study to a selection of six other studies
employing machine learning for caries risk and current status assessment, considering the
groups of variables used, their respective target populations, and performance metrics. The
comparison results are provided in Table 4. As discussed above, the proposed model can offer
comparable results even when requiring less and easier-to-obtain information. The most
important strength of the proposed model is that it depends solely on self-reported data and a

Table 4. Comparison of the variables included in models for caries risk and current status estimation.

Variables

Current model [7] [22] [19] [53, 54] [55]

Sociodemographic variables

Demographic variables

Socioeconomic status

Survey variables

Oral health habits and knowledge

Oral health symptoms

Diet

Current caries experience

Clinical variables

Current caries experience

Past caries experience

White spot lesions

Pits and fissures

Orthodontic appliances

Systemic health

Medication

LR B B

Cariostat score

Calculis

Flurosis

Clinical images

Salivary & Microbiological variables

Plaque variables

Saliva flow rate

Saliva buffering capacity

Mutans streptococci

Lactobacilli

Genetic variables

Population

Children&Adolescents

Adolescents

Children&Adolescents

Children

Children&Adults

Children

Performance

AUC 0.64-0.65

AUCO0.86

AUC 0.62-0.64

AUC0.90

Precision 0.64-0.76

AUCO0.72

Note: We exclude the models from [5, 20] from the above table as the authors do not clearly specify the variables used in the model.

https://doi.org/10.1371/journal.pone.0312075.t004
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few groups of variables that could be equally applied to children and adolescents. In contrast
to the trends of developing complex models and increasing the extensiveness of data, this
study echoes the calls for a return to practical, streamlined approaches that can enhance
healthcare system performance within the constraints of limited resources and data availability
[9-11].

Let us consider a use case for the proposed model utilizing a real-world example. In coun-
tries like Portugal, the standard practice involves students accessing oral care through check-
ups in primary care facilities, school-based screenings, or vouchers for private care when
public primary care lacks oral health services. With limited oral care capacity in many public
primary care facilities, but also given the inconclusive effects of in-person visits to dentists
[13], vouchers have become the main access provision mechanism for oral care. However,
voucher underutilization among the children and adolescent population in Portugal [12],
along with infrequent checkups for everyone and absence from scheduled visits to dental cen-
ters in Brazil [56], suggests that there is a high need for alternative preventive strategies to
improve oral health. Our study echoes previous calls [6, 7, 22, 46] for targeted, proactive, cost-
effective oral health management approaches for students based on survey data.

Scaling a proactive approach by non-targeted messaging of the entire student population
is appealing but faces practical constraints. Consider, for instance, using universal messaging
to motivate students to book check-ups. Such an approach could overwhelm the system’s
capacity if there are many scheduled check-ups. Conversely, relying solely on the initiative of
schoolchildren or their guardians, as in Portugal’s voucher system, risks primarily reaching
those already invested in their oral health. Therefore, there is a high potential to end up with
sub-optimal results despite significant investment. A possible answer to that challenge is in
need-based planning and resource allocation. That approach would include the screening of
schoolchildren and a low-cost assessment (e.g., survey-based) of their current oral health,
and upon the results verification (e.g., using triangulation, reliability, and validity testing),
the development of strategies that would make a need-based distribution of oral care
services.

Consider a hypothetical scenario where a policymaker decides to invest in targeted cam-
paigns, and the healthcare units have estimated their capacity to receive 10% of the student
population over the next six months for clinical examination. In that case, the machine learn-
ing model proposed in this study offers distinct societal benefits. If the surveys have been col-
lected regularly, which is relatively cheap, identifying students likely to have poor oral health
using ML models is easier and more effective than any existing alternative. By focusing on the
available capacity (the 10% identified as having poor oral health) and over six months, limited
dental resources would be used to provide access to services to those who are likely to need the
treatment. Those in need could be contacted multiple times at the school or through guard-
ians, and offered free checkups. Timely preventive interventions could reduce the need for
complex, expensive future treatments, decreasing healthcare costs. Moreover, the model’s reli-
ance on self-reported data promotes equity by making it adaptable to resource-limited settings
where clinical assessments may be scarce; for example, fewer dentists are available in rural
areas, and therefore, there tend to be fewer checkups.

Analysis of the group differences using t-tests offers insights into the potential poor oral
health risk factors for different age groups and those likely to be shared among all students.
These factors can be considered when planing targeted interventions among different risk
groups as identified with the proposed approach.

The approach proposed in this article offers a possibility of addressing ethical concerns,
which often get little explicit attention. In high-stakes scenarios like healthcare, where deci-
sions can significantly impact students’ access to care and well-being, ethical considerations
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surrounding ML are paramount. Of particular concern are the interpretability and fairness of
machine learning models. Interpretability refers to explaining how a model arrives at a specific
result, allowing humans to oversee and assess the model’s outputs [57]. Fairness is usually
operationalized to ensure that models do not introduce or perpetuate biases that may further
disadvantage certain groups within the population [44].

The model evaluation yielded the logistic regression model as the best-performing one.
Logistic regression models are inherently interpretable, so the “black box™ issue often associ-
ated with more complex ML algorithms is irrelevant. Each decision is transparent and rela-
tively easy to understand. This aligns with ethical considerations in healthcare and proposed
regulations like the EU Artificial Intelligence Act, which emphasizes the importance of
interpretability in such applications.

Even with interpretable models, any system designed to improve oral health can potentially
exacerbate existing inequalities. It is essential to proactively audit models for biases related to
factors like economic status, age, or gender [58-60]. Although bias auditing is uncommon in
oral health literature, such practice is required to inform stakeholders and policymakers,
enabling them to make well-reasoned decisions about model deployment with full awareness
of potential biases [44]. This study calls for more evidence of the bias of different caries risk
assessment or screening tools and their underlying approaches.

Our bias auditing revealed that both models favor specific student groups: those receiving
social assistance, younger students (5-9 years), and older students (15+ years). When applied
to the sub-sample of adolescents aged 12 or older, the models also tended to favor female stu-
dents. While adjustments could potentially address these biases, our analysis indicates this cor-
rection would significantly diminish model precision by 5 to 15 percentage points (for
interventions targeting more than 10% of the student population). This trade-off contrasts
with findings in other high-stakes settings [44], highlighting the need for careful consideration
by stakeholders and decision-makers—a challenge worthy of a separate study.

One limitation of this study is the relatively small dataset compared to big data projects [8].
Scaling the proposed model to other school districts would naturally increase the data volume
and likely enhance precision by uncovering less common patterns within the data.

Further research on the use of survey data and machine learning for caries risk assessment
or screening could go in two directions. One direction is to go towards parsimony, and like in
the work of Karhade et al. [6], explore the minimal number of variables in a model that would
not penalize the model’s performance. The other direction is to go towards better quality of
the identification and explore incorporating additional variables that potentially impact oral
health. Expanding the survey by increasing the number of questions and the explored dimen-
sions may lead to better model performance. Additionally, tailoring surveys to specific age
groups could reduce misunderstanding or the mixture of different dimensions (dmft/DMFT)
and improve data quality. It is important to acknowledge the potential for bias in self-reported
data and the possibility of concept drift. Also, our model was trained on self-reported data at
specific time points. Periodic monitoring and retraining may be needed as external factors
influence the underlying population and oral health outcomes.

This study relied on a single survey instance, limiting our model to identifying students
with a DMFT exceeding a given threshold rather than its potential increase over time. Longitu-
dinal studies with multiple screenings per student would enable such predictions, allowing for
targeted prevention among those at risk of oral health deterioration. This would increase the
model’s clinical relevance and performance. Additionally, while the data were collected from
all schools in a municipality, that is still a single region with similar distal factors. Hence, there
is a need for more studies with international coverage and more diversity.
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While collecting additional data, tailoring surveys, and incorporating a longitudinal com-
ponent could improve model precision, they also introduce complexity and resource demands.
Future research could compare the current system (oral screenings by professionals for some
students) with the proposed ML-based system (using self-reported data and scalable to all stu-
dents) through, for instance, a pilot study and a cost-benefit analysis. This comparison should
assess accuracy, false negatives, treatment access speed, adherence, potential cost savings, and
health outcome improvements. By investigating these trade-offs, policymakers can make evi-
dence-based decisions about the cost-effectiveness of different interventions.

Conclusion

This study demonstrated the feasibility of developing a machine-learning model to identify
children and adolescents with poor oral health using only survey data and relatively few vari-
ables, with performance comparable to the more complex models. It adds to the body of litera-
ture that studies the use of machine learning for caries risk assessment or identification,
offering evidence of the applicability of this approach to assist a broad population of five to
19-year-old students. We argue that the proposed approach is important for policies to help
avoid self-selection of those already concerned for their oral health and increase the reach of
interventions. Additionally, bias audit of the trained model is a contribution on its own.
Although bias auditing is becoming fairly standard in other fields, it is still not a common
practice among oral health scholars, despite their growing interest in the use of machine learn-
ing and artificial intelligence. We have explored possible remedies to the observed bias. How-
ever, given the moderate performance of our model, bias remained a challenge. Therefore, this
study also points to the necessity of assessing the trade-off between the intended effects related
to the optimization of resources and better oral health outcomes and the unintended effects of
unfair allocation of oral health care services, especially for the disadvantaged. In practical
terms, policymakers should monitor for biases in outcomes and plan interventions to deal
with them as implementations of policies unfolds. Regardless of whether the researchers
decided to take the direction of parsimony (fewer variables) or completeness (more variables)
of the models, as Halasa-Rappel et al., [61] suggest, there is a need to improve the validity of
the proposed caries risk assessment and screening tools, decreasing the variability in their
observed performance, and better understanding when and which models are more applicable
[46]. This is an important pursuit for data-driven policies in oral health and clinical decision-
making.

While there are increasingly many studies that demonstrate the feasibility and value of low-
cost and affordable machine-learning-based screening of children and adolescents using only
survey data to classify their caries status and optimize resource use, the actual implementation
of such models and the results of their applications are yet to be observed. As Damschroder
et al., [62] suggest, there is a need for joint work among scholars and policymakers globally to
advance the implementation science and understand what works and what does not work.
Implementation is a critical factor for advancing this branch of oral health management in
general and in particular for children and adolescents.

Therefore, let us conclude this article with a call for scholars, practitioners, and policy-
makers to engage in purposeful experimentation and accumulation of shared evidence of the
type of studies and questions, the performance of machine learning and AI models in practice,
their intended and unintended benefits and potential harms, the interventions to manage
potential disparities, and in that way contributing to the goals of the World Health Organiza-
tion Global Oral Health Program, of building healthy communities and populations and com-
bat ill-health [47].
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