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Abstract

Background Early childhood caries (ECC) is a widespread pediatric dental condition that is influenced by a
combination of biological, behavioral, and demographic factors. Salivary biomarkers, including beta-defensin-2 (BD-2)
and statherin (STATH), offer potential as non-invasive tools for detecting and assessing the risk of ECC. This study aims
to compare the levels of salivary statherin and beta-defensin-2, alongside oral health behaviors and demographic
factors, in children both with and without early childhood caries.

Methods This case-control study involved 75 children diagnosed with ECC and 75 age- and gender-matched
caries-free controls. Unstimulated saliva samples were obtained and analyzed via ELISA to quantify the levels of
beta-defensin-2 and statherin. Demographic and behavioral data were gathered through structured interviews with
parents. Statistical analyses included t-tests, logistic regression, and machine learning models to predict the risk of
ECC.

Results Salivary beta-defensin-2 levels were significantly higher in children with ECC (9.25 +2.89 ng/mL) compared
to caries-free controls (6.41 +2.45 ng/ml, p=0.003), indicating its potential as a diagnostic biomarker. Statherin levels,
although lower in the ECC group, did not differ significantly between groups (p=0.08). Behavioral factors such as
regular dental visits and parental education levels were strongly associated with ECC prevalence. Machine learning
models demonstrated high accuracy in predicting ECC, with the Gradient Boosting and CatBoost achieving the
highest performance.

Conclusions Salivary beta-defensin-2 is a promising ECC risk assessment biomarker, while statherin is less effective
as an independent predictor. Behavioral and demographic factors significantly influence ECC prevalence. Machine
learning models integrating clinical, demographic, and salivary data provide a robust tool for detection and targeted
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prevention strategies. Comprehensive approaches combining salivary biomarkers and behavioral interventions are
critical to managing ECC, particularly in resource-limited settings.

Keywords Early childhood caries, Saliva, Beta-defensins, Statherin, Biomarkers, Socioeconomic status, Machine

learning

Background

Early childhood caries (ECC) is among the most com-
mon diseases affecting children globally [1]. The preva-
lence of ECC varies widely across the globe. It ranges
between 30% and 48% in developed countries, while in
less-developed nations, it can reach as high as 82% [1-
3]. Countries in Africa and Oceania report some of the
highest rates of ECC, with a pooled prevalence of 30% in
Africa and 82% in Oceania. In the United States, 21.4%
of children aged 2 to 5 years are affected by ECC [1, 4].
Shoaee et al. revealed that the prevalence of dental caries
in deciduous teeth among Iranian children increased by
over 15% from 1990 to 2017, with untreated caries rising
by more than 17%, highlighting the urgent need to evalu-
ate oral health policies and implement effective nation-
wide interventions [5, 6].

Culture, race, ethnicity, socioeconomic status, dietary
patterns, lifestyle, oral hygiene habits, and geographic
location play a significant role in the prevalence of ECC
[7, 8]. During early childhood or pregnancy, the mother
is the primary source of cariogenic microorganisms and
host-dependent factors [9]. The lowest rate of carbohy-
drate clearance from the mouth occurs during sleep, and
the reduction in salivary flow during this time increases
the contact between plaque and teeth, providing an
optimal environment for pathogenic bacteria [10]. This
situation, combined with frequent nocturnal feeding,
particularly breastfeeding, is a major contributor to ECC
[11].

Saliva is crucial in the host’s defense against dental car-
ies [12]. It helps neutralize acids produced by bacteria,
facilitates the clearance of food particles and microor-
ganisms, and acts as a calcium and phosphate reserve to
aid enamel remineralization [13]. Research indicates that
children typically acquire Streptococcus mutans follow-
ing the eruption of their primary teeth, usually between
7 and 36 months [14]. Infants delivered preterm, with
low birth weight, or with hypomineralized teeth require
greater attention to oral health care to prevent ECC [15].

Consistent tooth brushing using proper techniques
is essential for reducing the risk of ECC [16, 17]. The
accessibility of dental care frequently correlates with
the child’s socioeconomic status [18, 19]. Multiple fac-
tors, such as parents’ education, employment status,
and access to dental insurance, have been identified as
affecting factors in the occurrence of ECC [20-22]. Fami-
lies with a history of dental caries in other members are
also at higher risk of ECC [23]. Studies have shown that

children whose parents have lower educational levels or
are both employed face a higher risk of ECC [24]. ECC
not only causes direct harm to a child’s oral health but
also impacts their overall health. Untreated ECC leads
to pain, difficulty in eating, speech issues, and potential
orthodontic problems [25].

In addition to demographic and oral health behavioral
factors, recent research has pointed to the significant role
of salivary biomarkers in predicting the risk of diseases,
including ECC [12, 26, 27]. These biomarkers contribute
to the body’s natural defense against dental caries and
have the potential to serve as valuable diagnostic tools for
ECC risk assessment. Developing non-invasive monitor-
ing, screening, and diagnostic techniques, including sali-
vary biomarkers, is a promising approach to controlling
and managing ECC [12, 26, 28]. The salivary proteome
contains over 2000 proteins [29], many of which have
antimicrobial properties, and alterations in the salivary
protein composition are often linked to oral diseases,
including ECC [30, 31]. Identification of specific salivary
biomarkers could provide valuable insights into ECC
risk. Early childhood caries (ECC) is defined as the pres-
ence of one or more decayed (non-cavitated or cavitated
lesions), missing (due to caries), or filled tooth surfaces in
any primary tooth in a child under the age of 6 years (71
months or younger) [29].

Defensins are antimicrobial peptides critical in main-
taining microbial balance in the oral cavity. Beta-defen-
sins, expressed by oral epithelial cells and salivary duct
cells, contribute to the innate immune defense of the oral
mucosa [32, 33]. Saliva contains both alpha-defensins and
beta-defensins. Alpha-defensins are upregulated during
acute inflammatory conditions, such as infection, fever,
tissue injury, or hemorrhage [34, 35]. Beta-defensins, in
addition to their antimicrobial properties, exhibit cyto-
toxic activity against tumor cells and modulate adap-
tive immune responses by recruiting immune cells [36].
Beta-defensin expression is induced by pro-inflammatory
cytokines, including TNF-a and IL-1PB, during infec-
tion or tissue damage [37]. While beta-defensins exhibit
broad-spectrum activity against bacteria, they show
enhanced efficacy against Gram-negative bacteria and
are particularly effective against Streptococcus mutans
[38]. Elevated levels of Streptococcus mutans in the oral
cavity can trigger increased beta-defensin production as
part of the host’s antimicrobial response [39].

Statherin, a small acidic salivary peptide, plays a
dual role in maintaining oral health by modulating
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hydroxyapatite dynamics and inhibiting bacterial colo-
nization [40]. As a key biomolecule in saliva, statherin
binds selectively to hydroxyapatite crystals, the pri-
mary mineral component of tooth enamel, through its
negatively charged domains, stabilizing calcium and
phosphate ions at the enamel surface [41, 42]. This inter-
action prevents spontaneous precipitation of minerals
and promotes enamel remineralization by maintaining a
supersaturated salivary calcium phosphate state, thereby
enhancing early carious lesions’ natural repair [43].

Furthermore, statherin exhibits antimicrobial proper-
ties by reducing the adherence of Streptococcus mutans, a
primary cariogenic bacterium, to hydroxyapatite surfaces
[44]. This anti-adhesive effect disrupts the formation
of pathogenic biofilms, a critical step in dental plaque
development and caries progression. Studies suggest that
statherin competitively blocks bacterial adhesins from
binding to HA, effectively limiting Streptococcus mutans
colonization and subsequent acidogenic activity [45].
These dual functions underscore statherin’s significance
as a natural protective agent in the oral cavity, offering
potential therapeutic avenues for enhancing remineral-
ization strategies and preventing dental caries. This study
introduces integrated approaches that combine demo-
graphic and clinical data, including salivary biomarkers
(STATH and BD-2), to comprehensively examine the
interaction of these factors in the context of ECC. The
primary objective of this research is to compare the lev-
els of salivary STATH and BD-2, along with oral health
behaviors and demographic variables, in children with
and without ECC.

Methods

Ethical statement

This analytical cross-sectional case-control study
received ethical approval from the Ethical Committee
of Tehran University of Medical Sciences (ethical code:
IR TUMS.DENTISTRY.REC.1400.158) and was con-
ducted in accordance with the Declaration of Helsinki
[46]. Participants received written informed consent
from a parent or guardian after the study objectives were
explained. Children whose parents consented and signed
the informed consent form were enrolled. The authors
confirm that the relevant guidelines and regulations per-
formed all methods.

Study design

This study was undertaken on the target population of
children aged 48-71 months who met the inclusion and
exclusion criteria, including 75 cases of ECC and 75 car-
ies-free (CF) children as a control group. The subjects
included in this investigation were randomly chosen from
children referred to the Tehran University of Medical Sci-
ences dental clinic for routine oral examinations from
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April to July 2022. The study’s objectives were explained
to the parents. Examinations were performed by three
pediatric dentists under adequate lighting using a den-
tal mirror, probe, air syringe, disposable gloves, masks,
and sterile gauze. Bitewing radiographs were taken if
proximal caries were suspected. The case group included
individuals with one or more decayed (non-cavitated or
cavitated lesions), missing (due to caries), or filled tooth
surfaces in any primary tooth. The participants were
matched according to age and sex. Children with no clin-
ical or radiographic evidence of caries (including white
spots) were classified as CF, resulting in a zero decayed,
missing, and filled teeth (DMFT) index.

Participants

Inclusion and exclusion criteria

Participants in the case group must exhibit clinical signs
of ECC, such as visible cavities, white spot lesions, or
active caries in primary teeth, with or without restora-
tion. The study excludes children who meet any of the
following conditions: Children with chronic systemic
diseases or syndromes, including but not limited to can-
cer, renal failure, or metabolic disorders, that could inter-
fere with the study’s objectives or significantly affect oral
health. Children suffering from respiratory infections
(pneumonia, influenza, and the common cold) are also
excluded. Children with congenital or acquired craniofa-
cial deformities that affect normal oral function or struc-
ture, such as cleft lip and palate, which could influence
caries development or salivary composition, are excluded
from the study. Children diagnosed with significant sali-
vary gland dysfunction or disorders that alter saliva’s
normal flow and composition, such as sialadenitis or
xerostomia, are also excluded.

Furthermore, children who have received invasive den-
tal procedures (dental extractions and extensive fillings)
within the past 6 months are excluded. Children currently
receiving treatments that affect salivary biomarkers, such
as medications known to alter salivation or the microbial
composition of the oral cavity, including chemotherapy,
antihistamines, or certain antibiotics, are excluded from
participation. Children whose parents or legal guardians
do not consent to participate, either due to unavailability
or refusal, are also excluded. Additionally, children with
congenital diseases or conditions that may interfere with
the development or evaluation of ECC, such as genetic
conditions impacting tooth development or immune
function, are excluded. Lastly, children whose parents
or guardians refuse consent for participation or who are
unable or unwilling to cooperate with study procedures,
including providing saliva samples or participating in oral
hygiene practices, are excluded.
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Data gathering

After conducting the oral examinations of the partici-
pants, socioeconomic and demographic characteristics
and dietary intake were recorded by filling out a checklist
[47], such as birth weight, parents’ education, and oral
hygiene behaviors. Participants were evaluated using the
DMFT index in accordance with the World Health Orga-
nization (WHO) Oral Health Surveys Basic Methods
[48], and ECC was diagnosed according to the criteria set
forth by the American Academy of Pediatric Dentistry
[49]. Individuals with a DMFT index of zero were classi-
fied as CF. Following a thorough evaluation of the exclu-
sion criteria, 75 individuals were ultimately designated as
cases, while 75 were classified as controls (Fig. 1).

Children without ECC (CF)
(N=155)

Children with chronic systemic
diseases or synd:

(N=19)

Children with respiratory
infections (N=8)

Children with recent
(N=6)

Children with ital diseases

(N=3)

Non-consent or non-cooperation
(N=11)

Eligible participants
(N=108)

Not acceptable samples due to. |
incorrect saliva ling and
preparation (N=7)

D

Total acceptable saliva samples of
eligible participants
(N=101)
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Saliva samples

Saliva collection and Preparation

Samples of whole saliva were collected in an unstimu-
lated state, ensuring that the natural composition of
saliva was preserved for accurate analysis. Parents were
instructed to brush their children’s teeth after breakfast,
and children were instructed to abstain from food and
liquids for half an hour before saliva collection. The saliva
collection procedure involved utilizing a minimally inva-
sive suction technique, wherein saliva naturally pooled at
the oral cavity floor was gently aspirated using a needle-
less syringe. By applying controlled low-pressure suction,
a vacuum was created to efficiently draw an adequate
volume of saliva without causing discomfort to the par-
ticipant. Samples of saliva were taken between 9:00 am
and 11:00 am to minimize variations caused by circa-
dian rhythms. Immediately following the finish of saliva

Children with ECC
(N=125)

Children with chronic systemic
diseases or syndromes

N=14)

Children with respiratory
infections (N=5)

Children with recent medication

Children with congenital diseases
(N=8)

Non-consent or non-cooperation
(N=6)

Eligible participants
(N=83)

Not acceptable samples due to
incorrect saliva sampling and
preparation (N=4)

p

‘ Total acceptable saliva samples of
eligible participants

‘ (N=79)

Age- and sex-matched

ECC cases (N = 75)
CF controls (N = 75)

Fig. 1 STARD diagram showing the enrollment of children in the study
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collection, a full protease inhibitor cocktail was added. To
prepare the unstimulated saliva samples for analysis, they
were first centrifugated at 10,000xg for 15 min at 4 °C
(DLAB D2012 plus, Beijing, China). This process helps
separate the cellular components and particulate matter
from the liquid portion of the saliva, resulting in a clearer
supernatant for further examination. Following centrifu-
gation, the samples were diluted in saline phosphate buf-
fer at a ratio of 1:10, and 10 mL of the buffer was added to
each sample. The diluted samples were centrifuged again
for 5 min to remove any remaining debris, ensuring the
supernatant was as clean as possible. Saliva was placed
in coded microtubes before being stored at -80 °C in ice
boxes. Samples were sent to immunology laboratories for
analysis.

Determination of salivary Beta-Defensin-2 and Statherin
BD-2 concentrations were determined using human
beta-defensin-2 (HBD-2) enzyme-linked immunosor-
bent assay (ELISA) kit (Human Beta-defensin 2 (DEFB2)
ELISA Kit, Cat No: ZB-11936 C-H9648, ZellBio GmbH,
Germany) with the detection range of 10-4000 ng/L, and
the sensitivity of 5.31 ng/L. Statherin (STATH) level were
measured with ELISA kit (Human Statherin (STATH)
ELISA Kit, Cat No: ZB-12556 C-H9648, ZellBio GmbH,
Germany) with the detection range of 3.12-200 ng/mL,
and the sensitivity equal to 1.25 ng/mL. As directed by
the manufacturer, the samples were defrosted and ana-
lyzed. The samples’ absorbance at 450 nm was recorded
using the Hyperion ELISA microplate reader. Using spec-
trometer software and standard curves, the concentra-
tions of STATH and BD-2 were calculated.

Analysis

Statistical analysis

The statistical analysis for this study was performed uti-
lizing SPSS software (version 22; SPSS Inc., USA) and
GraphPad Prism software (version 9.2.1, GraphPad
Software, California). The relationship between ECC
and various socioeconomic, demographic, and clinical
factors was evaluated using statistical methods, includ-
ing the T-test for comparing group means. The possible
contribution of BD-2 and STATH salivary levels and
their combination to the detection of ECC was assessed
using the receiver operating characteristic (ROC) curve
analysis. The correlation between each pair of variables
was analyzed using the Spearman correlation coefficient.
Multiple logistic regression models were used to identify
the factors and their effects associated with ECC. The
findings are shown as mean+standard deviation (SD),
and a p-value of less than 0.05 is considered statistically
significant.
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Machine learning analysis

Different supervised machine learning techniques were
used to assess ECC’s salivary biomarkers and other clini-
cal and demographic factors. For this purpose, Python
Software (version 3.8) and the open-source deep learning
package Keras [50] were used. The dataset was divided
into training and testing sets, with 80% designated for
training and 20% for testing the models. The data was
standardized using Standard Scaler from scikit-learn to
normalize all features to the same scale, which improved
model performance, especially for neural networks. To
ensure the robustness of the machine learning models,
k-fold cross-validation was applied during the training
process. Additionally, using grid search to optimize the
models’ performance, hyperparameter tuning was per-
formed. This approach allowed for fine-tuning of the
model parameters instead of using the default hyperpa-
rameters. These steps were crucial in improving the accu-
racy and reliability of the model predictions, ensuring
that the results obtained were robust and generalizable.
All available clinical and demographic variables were
included in the machine learning models. Subsequently,
several machine learning models were selected for this
study, including Neural Networks, XGBoost, Random
Forest, Support Vector Machine (SVM), Logistic Regres-
sion, AdaBoost, CatBoost, Gradient Boosting, and
K-Nearest Neighbors (KNN). Initially, a neural network
model was constructed using the Keras library, consist-
ing of two hidden layers with ReLU activation functions
and one output layer with a sigmoid activation function.
The binary cross-entropy loss function and Adam opti-
mizer then trained the model. Next, the XGBoost model
was implemented using the xgboost library to perform
classification tasks. A Random Forest model was created
using scikit-learn’s Random Forest Classifier and trained
on the data, while the SVM model was implemented
using scikit-learn’s SVC class with probability prediction
enabled.

Logistic regression, AdaBoost, CatBoost, Gradient
Boosting, and KNN algorithms were employed to diag-
nose and predict ECC. Their performance was evalu-
ated based on two key metrics, accuracy and area under
the ROC curve (AUC). Predictions were made for each
model, sensitivity and specificity, and AUC were com-
puted for performance evaluation and comparison (Sup-
plementary File 1, Machine learning details). To assess
feature importance across the models, we employed dif-
ferent methods tailored to the characteristics of each
model. The built-in feature importance method was uti-
lized for tree-based models, including Random Forest,
AdaBoost, Gradient Boosting, XGBoost, CatBoost, and
KNN. For Neural Networks and SVM, we applied per-
mutation importance, where the impact of each feature is
measured by randomly shuffling its values and observing
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changes in model performance. In Logistic Regression,
feature importance was determined by the absolute mag-
nitude of the model’s coefficients, with larger coefficients
indicating greater significance of the corresponding
features.
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Results

Participants characteristics

Table 1 shows the clinical and demographic features of
150 sex- and age-matched participants from the CF and
ECC groups (75 participants from each group). There

Table 1 Demographic and clinical characteristics of children with ECC and CF

Characteristics

Control group (CF) children withECC P

(n=75) (ECC) (n=75) value
(p)
Age of participants, months * 467+087 4.79+0.88 040
Sex 0.63
Male 34 (45.33%) 38 (50.67%)
Female 41 (56.67%) 37 (49.33%)
Age of participants, year * 467+0.87 4.79+0.88 040
Mother’s age, years * 35461447 33.92+532 0.78
Father’s age, years * 37.79+5.19 37.08+591 044
Mother’s education level (based on ISCED** 2011 [51]) 0.005
Post-secondary non-tertiary education and other lower educational levels (ISCED 4 and lower 1 (1.33%) 13 (17.33%)
levels)
Short-cycle tertiary education (ISCED 5) 17 (22.67%) 18 (24.00%)
Bachelor or equivalent (ISCED 6) 52 (69.33%) 42 (56.00%)
Master or equivalent (ISCED 7) 5(6.67%) 2(2.67%)
Father’s education level (based on ISCED** 2011 [51]) 0.26
Post-secondary non-tertiary education (ISCED 4) and other lower educational levels 8 (2.67%) 11 (14.67%)
Short-cycle tertiary education (ISCED 5) 21 (28.00%) 27 (36.00%)
Bachelor or equivalent (ISCED 6) 28 (37.33%) 31(41.33%)
Master or equivalent (ISCED 7) 19 (32.00%) 6 (8.00%)
Toothbrush in a day 0.80
0 (Did not brush teeth daily) 9 (12.00%) 3 (4.00%)
1 (Brushed teeth once daily) 34 (45.33%) 54 (72.00%)
2 (Brushed teeth twice daily) 31(41.33%) 13 (17.33%)
3 (Brushed teeth three or more times daily) 1(1.33%) 5 (6.67%)
The use of fluoride toothpaste 0.21
Yes 51 (68.00%) 56 (74.67%)
No 24 (32.00%) 19 (25.33%)
Toothbrushing by the child or the child’s parents 0.01
Parents 8 (10.67%) 13(17.33%)
child 67 (89.33%) 62 (82.67%)
The consumption of vitamin supplements 0.002
Yes 7 (9.33%) 18 (24.00%)
No 68 (90.67%) 57 (76.00%)
The daily frequency of consuming sweets and snacks 0.04
0 (Did not consume daily) 4(5.33%) 23 (30.67%)
1 (Consumed once daily) 41 (54.67%) 27 (36.00%)
2 (consumed twice daily) 29 (38.67%) 22 (29.33%)
3 (consumed at least three times daily) 1(1.33%) 3 (4.00%)
Routine dental checkups (at least every six months) <0.001
Yes 49 (65.33%) 3 (4.00%)
No 26 (34.67%) 72 (96.00%)
Birth weight 321+0.33 3.18+0.29 0.61
Current weight 16.46+3.15 17.48+3.16 0.69
Salivary statherin *, ng/ml 222314447 206.32+64.21 0.080
Salivary beta-defensin-2 *, ng/ml 6.41+245 9.25+2.89 0.003

*Value presented as mean+SD

**|SCED: International standard classification of education
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was a significant difference in mothers’ education levels
between the two groups (p=0.005). Mothers in the con-
trol group had higher education, while a higher percent-
age of mothers in the ECC group had lower educational
levels. Vitamin supplement consumption was signifi-
cantly higher in the ECC group (24.00%) compared to the
control group (9.33%) (p =0.002).

A significant difference was noted in the daily con-
sumption of sweets and snacks (p=0.04). In the ECC
group, a higher percentage of children did not consume
snacks daily, with 30.67% compared to just 5.33% in the
control group. There was a significant difference in the
frequency of regular dental visits (p<0.001): only 4.00%
of children in the ECC group made regular dental vis-
its, whereas 65.33% of children in the control group did.
Salivary BD-2 levels were significantly higher in the ECC
group (9.25+2.89 ng/mL) compared to the CF group
(6.41 £2.45 ng/mL) (p=0.003). The mean level of STATH
in the ECC group was 206.32+64.21 (ng/ml), and in the
CF was 222.31 +44.47 (ng/ml). Although salivary STATH
levels in children with ECC were lower than those in the
control group, the T-test analysis showed no statistically
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significant difference in salivary STATH levels between
the ECC and CF groups (Table 1).

The salivary levels of STATH measured indicate that
salivary STATH levels alone may not serve as a strong
or independent biomarker for distinguishing between
CF children and those with ECC (Fig. 2-A). The salivary
STATH and BD-2 cut-off value was defined considering
Youden’s index [52, 53]. Taking the value of 8.205 ng/ml
as a cut-off point, the sensitivity and specificity of sali-
vary BD-2 in ECC diagnosis were 76% (Fig. 2-B). Mul-
tiple logistic regression combined the salivary levels of
STATH and BD-2 to diagnose ECC. The sensitivity of the
multiple logistic regression model using salivary levels
of STATH and BD-2 in ECC diagnosis was 76%, and its
specificity was 79% (Fig. 2-C).

Significant correlations between several variables were
found in the correlation analysis of the different ECC-
related components. The connection between ECC and
routine dental checkups was significantly negative (-0.66)
when considering ECC’s occurrence. This suggests that
frequent dental checkups play a significant role in low-
ering the incidence of ECC. Additionally, a moderate

A) Statherin (STATH) B) Salivary beta-defensin-2 (BD-2) C) Multiple logistic regression of STATH and BD-2
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correlation (0.48) was observed between salivary BD-2
levels and ECC, indicating that elevated levels of this
salivary marker may be linked to a greater risk of ECC.
Examining the association between ECC and parental
education, there was a somewhat negative correlation
between ECC and the mother’s and father’s education
(-0.22 and -0.29, respectively). These findings highlight
how crucial parental knowledge and education are for
lowering the risk of ECC (Fig. 3).

The Gradient Boosting and CatBoost models demon-
strated the highest Area Under the Curve (AUC) of 1.000,
followed closely by the Random Forest and AdaBoost
models with AUC values of 0.987 and 0.982, respectively
(Fig. 4). These results reflect the exceptional ability of
these models to discriminate between classes, making
them highly effective for identifying true positives. Fur-
thermore, the Random Forest, Neural Network, Gradi-
ent Boosting, CatBoost, and AdaBoost models achieved
perfect sensitivity, signifying their capability to accurately
detect all true positive cases.

On the other hand, the K-Nearest Neighbors model
exhibited the lowest sensitivity at 0.687, indicating chal-
lenges in identifying true positive cases. Despite this,
specificity was high across all models, with the K-Nearest
Neighbors model achieving perfect specificity (1.000),
meaning it showed no false positives. However, the
Neural Network model displayed the lowest specificity
(0.857), suggesting a higher tendency for false positives
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than the other models. The highest accuracy (0.964) was
observed in the Gradient Boosting, CatBoost, Random
Forest, and AdaBoost models. In contrast, the XGBoost
model had the lowest accuracy (0.8345), indicating rela-
tively lower overall performance in classifying instances
accurately.

The AUC and accuracy metrics should be considered
together to evaluate model performance comprehen-
sively. AUC measures the model’s ability to correctly
distinguish between classes, while accuracy provides a
holistic view of correct classifications. The models with
the highest AUC values, such as Gradient Boosting
(1.000), CatBoost (1.000), and Random Forest (0.987),
also maintained high accuracy, demonstrating a strong
balance between discriminative power and classification
success. These results underscore the models’ effective-
ness in distinguishing ECC cases from non-cases while
ensuring high accuracy. Conversely, although models
like XGBoost (AUC=0.951) and K-Nearest Neighbors
(AUC=0.978) showed moderate AUC values, their lower
accuracy scores (0.8345 and 0.8435, respectively) suggest
a relatively weaker performance, potentially due to errors
in classifying more complex instances (Fig. 4). The details
of the machine learning models are provided at the fol-
lowing address: https://github.com/sajadbior/Salivary-bi
omarker-of-Early-childhood-caries-ECC-.

ECC

Mother’s education

Father’s education

Dental visits regularly

Salivary STATH

é’w
1.0
0.5
- 10
- 405

Salivary BD-2

' -1.0

Fig. 3 Correlation matrix of factors related to ECC, parents’education levels, regular dental visits, and salivary markers (STATH and BD-2)
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ROC Curve for Random Forest

ROC Curve for SVM
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ROC Curve for Neural Network
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Fig. 4 Performance comparison of machine learning models for ECC diagnosis, including SVM, AdaBoost, Random Forest, Neural Network, Logistic Re-
gression, KNN, CatBoost, and Gradient Boosting

Discussion

The results demonstrated that levels of BD-2 in the saliva
of children with ECC were significantly higher than those
in the control group. BD-2 is an antimicrobial protein in
saliva that is crucial in defending the teeth and oral cav-
ity against microbial infections and inflammation [54,
55]. These results align with studies demonstrating that

elevated BD-2 levels can act as an inflammatory marker

in response to dental caries-causing microbes and gingi-
val inflammation [56—58]. The increase in BD-2 levels in
saliva, particularly in inflammation and cariogenic bac-
terial activity, appears logical, as this protein is known
to act as an antimicrobial agent against Streptococcus
mutans, a key contributor to dental caries [59, 60]. These
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findings are consistent with previous research, which
associates changes in BD-2 levels with an increased risk
of dental caries and oral inflammation [55, 61]. Therefore,
BD-2 levels in saliva may be a reliable tool for identifying
children at risk for ECC.

Furthermore, STATH levels in the saliva of children
with ECC showed no significant difference compared to
the control group. STATH is a salivary protein known
to play an essential role in maintaining the calcium and
phosphate balance in the mouth and preventing the
deposition of minerals [62]. Although some studies have
reported a correlation between changes in STATH lev-
els and dental caries [63, 64], our study demonstrated
that STATH levels alone are insufficient to differentiate
between children with ECC and those who are caries-
free, likely due to the multifactorial nature of ECC [65—
67]. These findings are consistent with studies indicating
that changes in STATH levels may be influenced by fac-
tors other than dental caries, such as the oral microbiome
[68].

Cationic antimicrobial peptides (CAMPs) represent
a crucial component of the oral innate immune system,
offering natural protection against dental caries through
multiple mechanisms [69, 70]. While the classification of
salivary proteins can be complex, STATH and BD-2 con-
tribute to oral health maintenance through antimicrobial
and remineralization properties [12, 71]. Cationic antimi-
crobial peptides are generally characterized by their posi-
tive charge, amphipathic structure, and ability to interact
with microbial membranes [72]. In the oral cavity, these
peptides form part of the host defense system against
pathogenic microorganisms. While STATH is primarily
described as an acidic salivary peptide rather than a typi-
cal CAMD, it shares important functional properties with
this group, particularly its antimicrobial activity [73].
The C-terminal fragment of STATH inhibits the growth
of anaerobic bacteria in the oral cavity. This antimicro-
bial activity occurs through binding to bacterial fimbriae
via recognition receptors when STATH is adsorbed to
hydroxyapatite on the mineral surface [74]. The peptide
undergoes a structural transition or folding upon adsorp-
tion to hydroxyapatite, which may explain the structural
basis for its biological functioning [75].

STATH plays a critical role in the remineralization
process and prevention of demineralization, which are
essential for caries control. It inhibits hydroxyapatite
crystallization and spontaneous calcium phosphate pre-
cipitation in vivo [76, 77]. Remarkably, STATH is the
only salivary protein that inhibits the spontaneous pre-
cipitation of calcium phosphate salts from supersaturated
saliva and functions as a very potent inhibitor of crystal
growth compared to other salivary proteins [43]. It inhib-
its both primary and secondary precipitation of calcium
phosphate salts. Beta defensins belong to the family of
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true cationic antimicrobial peptides. Beta defensins are
produced by epithelial cells, including those in the oral
cavity, and possess direct antimicrobial activity against a
broad spectrum of oral pathogens [78, 79].

One of the key findings of this research was the rela-
tionship between oral hygiene behaviors and parental
education level with the occurrence of ECC. The analy-
sis revealed that parents with higher levels of education
were less likely to have children affected by ECC. Our
results are consistent with studies showing that parental
awareness and education on oral hygiene and access to
dental care are directly associated with lower dental car-
ies in children [80-82]. This study found that irregular
dentist visits significantly contributed to the ECC, which
aligns with other research [83, 84]. Furthermore, Aliak-
bari et al. have shown that proper brushing can consider-
ably reduce the risk of developing dental caries [85].

One of this work’s breakthroughs is using machine
learning algorithms to forecast ECC risk using clinical
and demographic data. In this study, machine learning
models such as Gradient Boosting, CatBoost, and Ran-
dom Forest could accurately predict ECC. These models
suggested that combining biological information (BD-2
and STATH levels) with demographic characteristics is
a useful method for determining the risk of ECC. Other
research studies have reported results that utilized
machine learning techniques to predict ECC [26, 86—88].
Salivary markers, particularly BDF2, consistently rank
among the top three in nearly every model, indicating
their strong association with ECC. Salivary biomarkers,
alongside other variables like Routine dental checkups
and STATH, highlight the importance of biological and
behavioral factors in determining the risk for ECC. This
suggests that preventive measures such as regular dental
visits are equally significant in predicting ECC. Addition-
ally, parental education levels are important predictors
in several models, especially in Logistic Regression and
Support Vector Machines (Supplementary File 2, Vari-
able importance plots). This aligns with existing literature
that suggests socioeconomic factors and access to dental
care impact the likelihood of ECC.

One of limitation of this study is the sample size, which,
while sufficient for the analyses conducted, may not fully
represent the diversity of children across different geo-
graphical regions, socio-economic backgrounds, and
access to healthcare. Additionally, the study relied on
parental self-reporting of children’s behaviors and oral
health habits, which may introduce bias due to recall
errors or inaccuracies in reporting. Parental involvement
and the reliability of their responses could impact the
data collected regarding oral hygiene practices, dietary
habits, and other relevant variables. This study’s lack of
longitudinal follow-up further limits the ability to assess
how changes in salivary biomarkers and oral health status
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may evolve over time. A longitudinal design would allow
for better evaluation of how variations in these factors
influence the progression or prevention of ECC. Future
studies are recommended to include larger and more
diverse samples, employ longitudinal designs, and uti-
lize advanced methods to understand the multifactorial
nature of ECC better.

Conclusion

This study investigated the role of salivary biomarkers,
oral health behavioral factors, and demographic vari-
ables in understanding the complex etiology of ECC. The
findings indicate that elevated salivary levels of BD-2
in children with ECC suggest its potential role as a bio-
marker for early diagnosis. Additionally, while STATH
levels in the saliva of children with ECC were lower than
in CF cases, no significant difference was observed. The
study further highlights the importance of behavioral
and demographic factors, such as parental education, in
mitigating the risk of ECC. Machine learning techniques
were highly effective in predicting ECC with accuracy.
The study advocates for a multidisciplinary approach,
integrating salivary biomarkers, oral health behavioral
factors, demographic variables, and machine learning to
provide a comprehensive and tailored strategy for under-
standing the risk factors of ECC.
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