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Abstract

approach using three different algorithms

Objective This study aimed to predict adolescents with untreated dental caries through a machine-learning

Methods Data came from an epidemiological survey in the five largest cities in Mato Grosso do Sul, Brazil. Data
on sociodemographic characteristics, consumption of unhealthy foods and behaviours (use of dental floss and

toothbrushing) were collected using Sisson’s theoretical model, in 615 adolescents. For the machine learning, three
different algorithms were used: (1) XGboost; (2) decision tree and (3) logistic regression. The epidemiological baseline
was used to train and test predictions to detect individuals with untreated dental caries, through eight main predictor
variables. Analyzes were performed using the R software (R Foundation for Statistical Computing, Vienna, Austria). The

Ethics Committee approved the study..

adolescents earlier.

Results For the 615 adolescents, xgboost performed better with an area under the curve (AUC) of 84% versus
81% for the decision tree algorithm. The most important variables were the use of dental floss, unhealthy food
consumption, self-declared race and exposure to fluoridated water.

Conclusions Family health teams can improve the work process and use artificial intelligence mechanisms to
predict adolescents with untreated dental caries, and, in this way, schedule dental appointments for the treatment of

Keywords Dental caries, Adolescents, Machine learning, Primary health care contribution statement

Introduction

The Brazilian Unified Health System (SUS) has been
providing universal health coverage through the Fam-
ily Health Strategy (FHS) [1] and increasing the number
of primary and secondary oral health care [2]. Despite
advancements in Brazilian public policy, it is challenging
to set priorities on the dental agenda, especially concern-
ing the adolescent population.
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Adolescence is particularly a relevant moment for
studying the use of health services and the burden of
dental diseases, like dental caries [3—7]. This reinforces
the importance of primary care services in organizing
access to and offering comprehensive care to adolescents,
especially those who have untreated caries. The need for
treatment, such as caries and pain, is one of the main rea-
sons for using dental services in adolescents [8]. More-
over, the DMFT in Brazilian 12 years old was 2,1 in 2010,
with untreated dental caries representing 53% of the
index. Moreover, it concentrates on the most vulnerable
and socially deprived people [7].

A machine learning approach would help predict
those adolescents at higher risk for tooth decay and help

©The Author(s) 2024. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use,
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and
the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included

in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/. The
Creative Commons Public Domain Dedication waiver (http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available
in this article, unless otherwise stated in a credit line to the data.


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12903-024-04073-4&domain=pdf&date_stamp=2024-3-4

Bomfim BMC Oral Health (2024) 24:316

schedule a dental visit and establish better oral health,
and consequently, a better quality of life [9-11]. This
approach has not been tested using Sisson’s theoreti-
cal model, which describes the social inequalities in oral
health, to select variables associated with dental caries,
considering individual, behaviour and contextual pre-
dictors. However, Primary health care (PHC) workers in
the Family health strategy (FHS), with a simple input of
variables collected by community health workers, could
predict those adolescents with untreated dental caries.
It would be great to organise the dental agenda and set
priorities due to the importance of oral health on general
and global health [12].

Therefore, the objective of the present study was to
predict adolescents with untreated dental caries using
Sisson’s theoretical model. The hypothesis to be tested
is that the selected variables containing individual, con-
textual and health behaviours variables will have a good
performance, i.e., predicting correctly more than 70% of
adolescents with untreated dental caries.

Methods

This study was a population-based epidemiological sur-
vey representing the five largest cities (over 80,000 inhab-
itants) in Mato Grosso do Sul, Brazil. These five cities
are the most representative of the four territorial macro-
regions in the State (Dourados and Ponta Pora are in the
same macro-region) and are the most affluent areas [13].

Sample size

A formula was used to calculate the sample size for dental
caries, which considers the values of the mean and stan-
dard deviation of the DMFT index in the Central-west
region of Brazil [4, 13]. The calculated sample size was
520 schoolchildren, including denials (30%). Considering
the 115 eligible schools, we had around five students per
school. After accounting for 35% of school denials due to
school principals unwilling to participate, seven students
per school were estimated, which we opted to round up
to 10 students per school.

Oral health teams’ calibration

Five dental teams in each city, composed of a dentist and
an annotator, received explanations with 32 h of practi-
cal training, based on consensus. The intra- and inter-
examiner reliability test showed a Kappa coefficient of
0.73 [13].

Main outcome

The outcome variable was based on the DMFT index,
as recommended by the World Health Organization
(WHO) [14]. The index measures the caries experience of
12-year-old children. We used the D — Decayed compo-
nent of the index, stratified into adolescents with D>1.

Page 2 of 6

In the survey, caries was considered a groove, fissure or
smooth surface of a tooth that presented an evident cav-
ity or softened tissue at the base of the enamel, discolou-
ration of the enamel, or a temporary restoration (except
glass ionomer). The CPI probe was used to confirm visual
evidence of caries on the occlusal, buccal, and lingual
surfaces.

Unhealthy food consumption

The instrument proposed by the Brazilian Ministry
of Health was used to evaluate the number of times/
week each unhealthy food was consumed on a continu-
ous scale from O to seven times/week. The unhealthy
foods investigated were: (1) French fries, potato chips,
and fried snacks; (2) hamburgers and sausages (sausage,
salami, sausage ham, etc.); (3) salty crackers; (4) sweet
or sandwich cookies with filling / cookies, candies, and
chocolates (in bars or candy); (5) regular soft drinks con-
sumption. Afterwards, we stratified the weekly consump-
tion of unhealthy foods into low=up to 2 times a week
(0), moderate=2 to 4 times/week, and high=more than 4
times a week [13].

Covariates

Sex was dichotomized into male (0) and female (1).
Equalized per capita income was dichotomized into up
to the poverty level (0) and above the poverty level (1) in
the Brazilian context (R$ 466/month in 2018 / US$ 120.4)
based on the mid-point of open-ended income [15]. The
self-reported ethnic group was stratified into 0 (white)
and 1 (black, brown, yellow, indigenous) [16]. The par-
ent’s educational level was stratified into primary school
grades 1-4 (0) and above grade 4 (1). Brushing teeth was
stratified into up to 1 time per day (0) and two or more
times per day (1), and use of dental floss 0- no 1 — yes.
Water fluoridation was collected following Vigifluor
research [17].

Dental services use

The question used to collect this data was: When did
your child last visit the dentist? With response options:
less than 1 year; between 1 and two years; between two
and three years; more than three years; never was; and
doesn’t know. This variable was dichotomized into: yes
(used up to three years); and no (used more than three
years, never been or dont know). This was the cutoff
point established because, of those who reported using
the services, none of the adolescents’ guardians reported
using the services for more than three years, and only
10% of the adolescents used the services between one
and three years [4].
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Theoretical framework model

The theoretical model of Sisson [18], was used to select
the variables. We used variables that are related to the
social determinants of oral health inequalities. Variable
reflecting health-damaging choices, such as inadequate
tooth brushing, unhealthy food consumption and access
to oral health services, measured the cultural/behavioural
explanations of Sissons’s model. Access to public supply
of fluoridated water measured the contextual perspective
of Sisson’s model.

Machine learning approach

The Extreme gradient boost algorithm (Xgboost), based
on sequential models of decision trees, the decision tree
and the logistic regression with the Lasso penalty was
used to predict untreated dental caries for adolescents.
Previous research has shown that the Xgboost algorithm
has the highest area under the receiver operating charac-
teristic curve (AUC) than others [19-21].

Firstly, the dataset was split under a proportion of 75%
(training set) and 25% of the testing set and then one rec-
ipe for all variables was performed, where every categori-
cal variable was dummied, missing values omitted and
normalised continuous variables were avoided oversized
effects due to differences in scale. Next, we applied 5-fold
cross-validation to tune hyperparameters for the training
set to avoid overfitting.

Strategy for tuning hyperparameters

The workflow was constructed, and the strategy to tune
hyperparameters was 2 by 2. The sequence was: Step 1 —
Tuning number of trees and learning rate; Step 2 - Tun-
ing tree depth and minimal node size; Step 3- Tuning
minimal loss reduction; Step 4 — Tuning mtry and sample
size, Step 5 — tuning the learning rate and the number of
trees again with all hyperparameters tuned. The select
best function was used to select the best hyperparameter
according to AUC values. In step 6, the Collect_metrics
function to visualize the AUC, accuracy, sensitivity and,
including the roc curve. After each tuned hyperparame-
ter selected by the (AUC) for each 5-fold cross-validation
model, they were tested in the test set and their predic-
tive performance on the test set.

All of the results presented here are from the test
set. Finally, to assess the predictive performance of the
trained algorithm, the AUC, accuracy, sensitivity and
specificity were calculated.

Furthermore, we computed the importance of each
covariate in predicting our study outcomes. We used R
(R Foundation for Statistical Computing, Vienna, Aus-
tria) software for our machine learning approach. We fol-
lowed the STROBE guidelines for human observational
studies [22] and the checklist for the artificial intelligence
approach [23].
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Ethical aspects

The survey was approved under CNS resolution 466/12,
CAAE 85647518.4.0000.0021. All participants provided
their written consent terms, and the parents/guardians
provided their written informed consent.

Results

The prevalence of untreated dental caries was 25.3% (CI
95% 18.8—33.1). Of the 615 adolescents; the self-declared
Blacks, under the poverty level, without exposition to
water fluoridation, with high unhealthy food consump-
tion, without using dental floss and with brushing habits
of one or less per day had a higher prevalence of dental
caries than their counterparts (Table 1).

In the Machine learning approach, the xgboost had the
better performance with an AUC of 0.84, compared to
0.81 for the decision trees and 0.73 for logistic regression
with the Lasso penalty algorithms. Importantly, all algo-
rithms have demonstrated that health behaviours (use
of dental floss and unhealthy food consumption) were
the important variables in predicting adolescents with
untreated dental caries (Table 2).

Discussion

This investigation showed one important finding. The
xgboost algorithm should have been used and had good
metrics to detect adolescents with untreated dental car-
ies in primary healthcare settings in the Brazilian context.

This investigation has some strengths and limitations.
Because this was cross-sectional data, some limitations
must be pointed out. Only data from public schools were
collected, which limits the study generalization for all
12-year-old adolescents at the state level [4, 13]. Con-
cerning the representativeness of the study population,
the five cities are the most representative of the four
territorial macro-regions in the State and are the major
affluent areas [4, 13]. As another strength, this machine
learning approach would represent better the local level
of data and could be applied better in this context.

It is of fundamental importance to identify adolescents
with untreated dental caries to schedule an appointment
in primary health care [24], especially for the most vul-
nerable adolescents [24]. This can help with the principle
of equity in universal health coverage, giving more atten-
tion to those who need it most. The algorithm trained for
the Brazilian context is easy to use and with only a few
input variables, generally collected in one visit by com-
munity health workers [21], the same way to detect tooth
loss in the PHC. In the present investigation an AUC
of 84% was achieved, that is, getting 84 out of 100 ado-
lescents right. This is of great value for the planning of
health services throughout the Brazilian territory, and,
it was a good metric obtained in this context. To the
author’s knowledge, no other study has tested these
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Table 1 Descriptive characteristics and proportions of the Mato
Grosso do Sul - Oral Health Survey (SBMS study 2018-19), for 12

year-olds and untreated caries (n=615)

Individual variables n=615 % (95%Cl) Untreated car-
ies(D=1)
% (95%Cl)
Ethnic Group
Whites 270 43.9(40.0-479) 209 (14.5-29.2)
Brown 266 433(39.4-47.2) 283(21.2-36.7)
Asian 24 39(2.6-58) 23.0(6.7-55.4)
Blacks 32 53(3.7-7.3) 57.9 (24.3-85.4)
Indigenous 6 0.9(04-2.1) 50.0 (45.3-54.7)
Missing 17 2.8(1.7-4.4) 35.5(17.8-57.9)
Sex
Female 315 51.2(47.3-55.2) 24.2(17.0-33.1)
Male 300 48.8(44.8-52.7) 26.9 (19.6-35.5)
Per capita Income
(equalized)

under the poverty level 216
(USS 120.4/month)

35.1(314-39.0)

324 (20.3-47.5)

above poverty level 376 61.1(57.2-64.9) 233 (15.9-32.8)
Missing 23 3.7 (2.5-5.3) 13.0(8.3-19.9)
Parents’ Schooling

1to 4 years 381 62.0 (58.0-65.7) 26.1 (18.9-34.8)
above 4 years 234 38.0(34.3-42.0) 22.6(12.7-37.1)
Unhealthy foods

consumption

Low (up to 2 times/ 168 27.3(23.9-31.0) 94 (6.6-13.2)
week)

Moderate (2-4 times/ 197
week)

32.0(28.5-35.8)

314 (23.8-40.2)

High (more than 4 217 353(31.6-39.2) 404 (29.7-52.1)
times/week)

Missing 33 54(3.8-7.5) 60.2 (25.2-87.2)
Brushing

Twice or more perday 318
Once perday ornone 234

52.7 (47.7-55.6)
38.1(34.3-42.0)

187 (12.3-27.5)
33.6 (24.4-443)

Missing 63 10.2(8.0-129) 38.8(25.0-54.6)
Use of dental floss

Yes 280 553 (46.9-634) 186 (11.7-28.2)
No 272 36.0 (25.7-47.8) 324 (23.7-424)
Missing 63 8.7 (48-15.1)  388(25.0-54.6)
Contextual

Fluoridation status

Yes 411 66.8 (63.0-704) 21.6(142-314)
No 204 33.2(29.6-37.0) 42.3(35.1-49.9)

algorithms to identify adolescents with untreated den-
tal caries. The advantage of using artificial intelligence is
that even without a dental consultation by a dentist in the
PHC, the Family Health Strategy could use the trained
algorithm. If correctly implemented, the work process
has the potential to be changed in the country. In addi-
tion, the consultations could be targeted at adolescents
who need care for untreated dental caries. The algorithm
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Table 2 Machine learning approach and metrics for adolescents.
SBMS 2018/2019. (n=615)

Collect xgboost Decision Logistic

metrics trees regression

Sensitivity  0.42(C195% 0.44(C195% 0.40(C195%
+0.02) +0.02) +0.02)

Specificity  0.92(CI95% 0.88(C195% 0.80(CI95%
+0.02) +0.02) +0.02)

Acuraccy  0.75(C195% 0.79(C195% 0.76(C195%
+0.01) +0.01) +0.01)

AUC 0.84 0.81(Cl195% 0.73(C195%
(C195% + +0.01) +0.01)
0.01)

Three impor- Three impor- Three impor-

Main tance* Main tance* Main tance*

contribu- contrib- contrib-

tors utors utors

Dental 037 Un- 0.20 Un- 0.15

Floss** healthy** healthy**

Unhealthy 0.30 Whites  0.17 Dental 0.13

consump- Floss**

tion **

Whites 0.17 Dental 0.14 Fluorida-  0.09

Floss** tion

* importance ranges from 0 to 1. The main gain in information, the more
important the predictor role on the outcome (untreated dental caries)

** Possibly modified factors to be addressed for Primary health care workers

can function as a support for care coordination integrat-
ing the principles of the unified health system.

Furthermore, if the FHS did not have oral health teams,
they could refer those to another health service, improv-
ing the FHS network system and providing better man-
agement in primary health care for adolescents [1, 2].

The implementation of algorithms in primary health
care should consider the use of implementation science
and its frameworks [21, 25, 26]. It is necessary to listen
to the workers in the process and to assess the organi-
zational readiness for implement change [21, 27, 28], a
multilevel construct that considers the organizational
readiness of primary healthcare settings to use the algo-
rithm. Some barriers to implementation should be stated.
Not every PHC unit has a computer, to collect data and
process the algorithm. However, as the software used is
free for machine learning, it could be implemented using
online dashboards. Moreover, the acceptability, feasi-
bility and other implementation outcomes should be
tested. Future works using machine learning approaches
to detect adolescents and children with untreated caries
need to be further investigated, in terms of adoption, sus-
tainability and fidelity of the intervention. Although the
most important variables to predict were health behav-
iours (dental floss use and unhealthy food consumption)
they could be modifiable factors that FHS should focus
on to maximize health promotion strategies for the ado-
lescents [21].
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In conclusion, the machine learning approach per-
formed well in predicting adolescents with untreated
dental caries, using Sisson’s theoretical model. Family
health teams can improve the work process and use arti-
ficial intelligence mechanisms to predict adolescents with
untreated dental caries, and, in this way, schedule den-
tal appointments for the treatment of adolescents ear-
lier. Moreover, implementation science should be used
to implement algorithms in the real world, and different
implementation outcomes need to be tested before Al is
used in these settings.

Acknowledgements
Not applicable.

Author contributions

RAB contributed to the conception, and design, performed all statistical
analyses, and data interpretation, and drafted and critically revised the
manuscript.

Funding
This study was partially financed by the Federal University of Mato Grosso do
Sul (UFMS).

Data availability
The data that support the findings of this study are available upon request.
RAB should be contacted.

Declarations

Ethics approval and consent to participate

The survey was approved under CNS resolution 466/12, CAAE
85647518.4.0000.0021. All participants provided their written consent terms,
and the parents/guardians provided their written informed consent. Informed
consent statement from parents or legal guardians in main Ethics approval
and consent to participate under Declaration.

Consent for publication
Not applicable.

Competing interests
The data that support the findings of this study are available upon request.
RAB should be contacted.

Received: 21 November 2023 / Accepted: 26 February 2024
Published online: 09 March 2024

References

1. Pucca GA, Gabriel M, de Araujo ME, de Almeida FC. Ten years of a national
oral health policy in Brazil: Innovation, Boldness, and numerous challenges. J
Dent Res. 2015;94(10):1333-7.

2. Goes PSA, Biazevic MG, Celeste RK, Moyses S. Secondary dental care quality
in Brazil: what we are talking about? Community Dent Oral Epidemiol.
2022;50(1):1-3.

3. Davoglio RS, Aerts DR, Abegg C, Freddo SL, Monteiro L. [Factors associated
with oral health habits and use of dental services by adolescents]. Cad Saude
Publica. 2009;25(3):655-67.

4. Martinelli DLF, Cascaes AM, Frias AC, Souza LB, Bomfim RA. Oral health cover-
age in the Family Health Strategy and use of dental services in adolescents in
Mato Grosso do sul, Brazil, 2019: cross-sectional study. Epidemiol Serv Saude.
2021,30(4):20201140.

5. daFonseca RCL, Antunes JLF, Cascaes AM, Bomfim RA. Analysis of the com-
bined risk of oral problems in the oral health-related quality of life of Brazilian
adolescents: multilevel approach. Clin Oral Invest. 2020;24(2):857-66.

20.

21.

22.

23.

24.

25.

26.

27.

28.

Page 5 of 6

Giacaman RA, Reyes PM, Leon VB. Caries risk assessment in Chilean adoles-
cents and adults and its association with caries experience. Brazilian Oral Res.
2013;27(1):7-13.

Roncalli AG, Sheiham A, Tsakos G, Watt RG. Socially unequal improvements
in dental caries levels in Brazilian adolescents between 2003 and 2010. Com-
munity Dent Oral Epidemiol. 2015;43(4):317-24.

Fonseca EPD, Frias AC, Mialhe FL, Pereira AC, Meneghim MC. Factors associ-
ated with last dental visit or not to visit the dentist by Brazilian adolescents: a
population-based study. PLoS ONE. 2017;12(8):e0183310.

Bernabe E, Marcenes W, Hernandez CR, Bailey J, Abreu LG, Alipour V, et al.
Global, Regional, and national levels and trends in Burden of oral conditions
from 1990 to 2017: a systematic analysis for the global burden of Disease
2017 study. J Dent Res. 2020;99(4):362-73.

Abanto J, Paiva SM, Raggio DP, Celiberti P, Aldrigui JM, Bonecker M. The
impact of dental caries and trauma in children on family quality of life. Com-
mun Dent Oral Epidemiol. 2012;40(4):323-31.

Piovesan C, Antunes J, Mendes F, Guedes R, Ardenghi T. Influence of children’s
oral health-related quality of life on school performance and school absen-
teeism. J Public Health Dent. 2012,72(2):156-63.

Peres MA, Macpherson LMD, Weyant RJ, Daly B, Venturelli R, Mathur

MR, et al. Oral diseases: a global public health challenge. Lancet.
2019;394(10194):249-60.

Bomfim RA, Frias AC, Cascaes AM, Mazzilli LEN, Souza LB, Carrer FCA, et

al. Sedentary behavior, unhealthy food consumption and dental caries

in 12-year-old schoolchildren: a population-based study. Braz Oral Res.
2021;35:2041.

WHO. Oral health surveys: basic methods - 5th edition. 2013.

Celeste RK, Bastos JL. Mid-point for open-ended income category and the
effect of equivalence scales on the income-health relationship. Rev Saude
Publica. 2013;47 Suppl 3:168-71.

IBGE (Brazilian Institute of Geography and Statistcs.) Available in: https://
biblioteca.ibge.gov.br/visualizacao/periodicos/93/cd_2010_caracteristi-
cas_populacao_domicilios.pdf.

Pinheiro H, Freire MCM, Bomfim RA, Ely HC, Frazao P. Cobertura E Vigilancia
Da Fluoretacao das Aguas Dos Municipios acima de 50 mil habitantes Da
Regido Centro-Oeste. Cobertura E Vigilancia Da Fluoretacdo das Aguas no
brasil [Internet]. FSP - USP; 2017. [174-84].

Sisson KL. Theoretical explanations for social inequalities in oral health. Com-
munity Dent Oral Epidemiol. 2007;35(2):81-8.

Cooray U, Watt RG, Tsakos G, Heilmann A, Hariyama M, Yamamoto T, et al.
Importance of socioeconomic factors in predicting tooth loss among older
adults in Japan: evidence from a machine learning analysis. Soc Sci Med.
2021;291:114486.

Elani HW, Batista AFM, Thomson WM, Kawachi I, Chiavegatto Filho

ADP. Predictors of tooth loss: a machine learning approach. PLoS ONE.
2021;16(6):€0252873.

Bomfim RA. Last dental visit and severity of tooth loss: a machine learning
approach. BMC Res Notes. 2023;16(1):347. https://doi.org/10.1186/513104-
023-06632-4. PMID: 38001552; PMCID: PMC10668397.

von Elm E, Altman DG, Egger M, Pocock SJ, Gotzsche PC, Vandenbroucke JP,
et al. The strengthening the reporting of Observational studies in Epidemiol-
ogy (STROBE) Statement: guidelines for reporting observational studies. Int J
Surg. 2014;12(12):1495-9.

Schwendicke F, Singh T, Lee JH, Gaudin R, Chaurasia A, Wiegand T, et al. Artifi-
cial intelligence in dental research: Checklist for authors, reviewers, readers. J
Dent. 2021;107:103610.

da Cunha IP, de Lacerda VR, da Silveira Gaspar G, de Lucena EHG, Mialhe FL,
de Goes PSA, Leite HQNC, Bomfim RA. Factors associated with the absence
of brazilians in specialized dental centers. BMC Oral Health. 2022;22(1):364.
https://doi.org/10.1186/512903-022-02402-z. PMID: 36028829; PMCID:
PMC9419406.

Eccles MP, Mittman BS. Welcome to implementation science. Implement Sci.
2006;1.

Damschroder LJ, Aron DC, Keith RE, Kirsh SR, Alexander JA, Lowery JC.
Fostering implementation of health services research findings into practice: a
consolidated framework for advancing implementation science. Implement
Sci. 2009:4.

Shea CM, Jacobs SR, Esserman DA, Bruce K, Weiner BJ. Organisational
readiness for implementing change: a psychometric assessment of a new
measure. Implement Sci. 2014;9.

Bomfim RA, Braff EC, Frazao P. Cross-cultural adaptation and psychomet-

ric properties of the brazilian-portuguese version of the Organizational


https://biblioteca.ibge.gov.br/visualizacao/periodicos/93/cd_2010_caracteristicas_populacao_domicilios.pdf
https://biblioteca.ibge.gov.br/visualizacao/periodicos/93/cd_2010_caracteristicas_populacao_domicilios.pdf
https://biblioteca.ibge.gov.br/visualizacao/periodicos/93/cd_2010_caracteristicas_populacao_domicilios.pdf
https://doi.org/10.1186/s13104-023-06632-4
https://doi.org/10.1186/s13104-023-06632-4
https://doi.org/10.1186/s12903-022-02402-z

Bomfim BMC Oral Health (2024) 24:316

readiness for implementing change questionnaire. Rev Bras Epidemiol.

2020;23:2200100.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Page 6 of 6



	﻿Machine learning to predict untreated dental caries in adolescents
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Sample size
	﻿Oral health teams’ calibration
	﻿Main outcome
	﻿Unhealthy food consumption
	﻿Covariates
	﻿Dental services use
	﻿Theoretical framework model
	﻿Machine learning approach
	﻿Strategy for tuning hyperparameters
	﻿Ethical aspects

	﻿Results
	﻿Discussion
	﻿References


