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Abstract Early childhood caries (ECC) continues to pose a significant challenge for
preschoolers worldwide, with a global prevalence of 46.2% in 2020. In the modern world of
telehealth prominence, addressing ECC screening efficiently can be achieved through the
integration of Al technology and saliva sample analysis. This framework allows parents and
teachers to collect saliva samples from the children remotely to reduce the need for in-person
healthcare visits. These samples will then be sent to healthcare facilities for analysis and attention
will be given to screening results that indicate medium to high caries risk. In this study, a cohort of
104 kindergarten students have voluntarily provided saliva samples, along with additional
parameters like pH, viscosity, quantity of saliva and hydration. The saliva was analyzed using the
laser-induced breakdown spectroscopy (LIBS) and the results were used for artificial neural
network (ANN) development to classify ECC severity. Two ANN models were developed with
Model | used multivariate inputs consisting of pH, viscosity, hydration and spectroscopic saliva
results whilst model 1l is developed based on spectroscopic saliva results only. Both ANN models
are capable of effectively predicting ECC risk categories. The first model with multivariate inputs
achieved performance accuracy of 91.8% whilst the second model, which relies solely on saliva
spectroscopic data, exhibited performance accuracy of 92.7%. This study concluded that the use
of telehealth and modern technologies such as LIBS and Al for ECC screening is helpful in
ensuring a more accessible and efficient healthcare for young children by revolutionizing the
healthcare approach.

Keywords: Early childhood caries, saliva, artificial neural network, laser-induced breakdown
spectroscopy, telehealth.

Introduction

Early Childhood Caries

Early childhood caries (ECC) is a dental condition that predominantly impacts children under the age of
six. Recently, the WHO has reported that a concerning proportion of children experience decay and
destruction of their teeth due to dental caries [1]. For instance, in 2020 alone, the global prevalence of
dental caries in primary teeth stands at 46.2% while for permanent teeth is 53.8% [2]. Despite being
largely preventable, ECC still stands as the most prevalent chronic condition affecting children worldwide
[3, 5-7]. The WHO also reports a significant increase in ECC, particularly in economically disadvantaged
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communities of low to mid-income countries [1] making ECC a significant global noncommunicable
disease (NCD) with profound medical, social and economic implications [1,8]. Several studies reported
higher ECC prevalence in developing countries or among disadvantaged children [3, 9-12]. Evidence
also suggests that the actual prevalence depends on a country's ECC data availability, which, in turn,
correlates with the number of dentists and physicians in the country and its economic development [13].

The term 'early childhood caries' is used to better encapsulate the multiple factors contributing to dental
caries in young children, moving away from the earlier association of ECC solely with feeding methods
[3,4]. ECC refers to tooth decay that includes cavities, missing teeth caused by decay, or teeth with
fillings in primary teeth [4]. Concerning clinical presentation and diagnosis, ECC is a result of erosion of
tooth enamel and dentin caused by acids produced by bacteria present in dental plaque, which builds
up on the tooth surface. This erosion is a consequence of bacterial metabolism breaking down dietary
sugars [1]. At an early stage, ECC manifests as dull white spots on the occlusal or gingival enamel
surfaces of the teeth. This is followed by the first signs of decay which commonly appear on the four
maxillary incisors as cavitated yellow or brown areas. Untreated lesions may progress further, creating
black collars on the teeth surface and causing substantial hard tissue loss [3,5].

As caries lesions tend to progress more rapidly in primary dentition compared to permanent teeth, early
detection of these lesions is crucial to effectively manage ECC and mitigate its associated complications
[14]. Early detection is advantageous as it is not only likely to be painless for the child but also less costly
[15]. Hence, caregivers of children under six years old play a vital role in this process together with
healthcare professionals in ensuring a smooth early detection process [15]. Many countries have
adopted the practice of incorporating oral health check-ups into preschool programs as a proactive
measure to detect ECC at an early stage [14,16]. Dental teams are dispatched to preschools to conduct
these check-ups, with the aim to facilitate ECC early diagnosis and promote oral health awareness
among young children [17-18]. However, the implementation of this routine has been disrupted during
the pandemic period due to movement restrictions and safety concerns.

The rise of telehealth and remote healthcare solutions has indeed provided a unique and timely
opportunity to address health issues such as ECC more efficiently [27-30]. This shift towards remote
healthcare has been further accelerated by the challenges posed by the COVID-19 pandemic. While the
pandemic has highlighted the vulnerabilities of our healthcare systems, it has also propelled the
development and adoption of innovative solutions to ensure uninterrupted healthcare delivery in the post-
COVID era [31-32].

In this context, the emergence of an automated ECC detection system based on saliva analysis holds
great promise. This framework enables parents and teachers to remotely collect saliva samples from
children and students to minimize the need for physical visits to healthcare facilities. This not only
reduces the risk of exposure to infectious diseases, such as COVID-19, but also addresses the practical
challenges often associated with taking young children to healthcare appointments [27-30]. Additionally,
the ability to collect saliva samples at home or in a school setting for ECC screening simplifies the
process and makes it more convenient for both caregivers and children [28, 33-34]. Therefore, this
research attempts to propose a new framework for early diagnosis of ECC by leveraging remote
healthcare solutions and saliva sample analysis. Through this process, markers associated with an
increased risk of ECC are assessed to stratify children into different risk categories.

Laser-Induced Breakdown Spectroscopy (LIBS) for ECC Analysis Using

Saliva

Laser-Induced Breakdown Spectroscopy (LIBS), is a powerful spectroscopic technique utilizing high-
energy laser light for chemical analysis, irrespective of the sample's state [35-36]. Previous studies
reported that saliva contains various elements and microbial components that are relevant for assessing
caries risk and progression [19-22]. This is because, dental decay alters teeth's chemical components
and composition of saliva to reflect the decay level and provide clues to the status of oral health. For
instance, healthy teeth have high calcium and phosphorus levels whilst copper and magnesium may
accumulate in the saliva due to dentin demineralization caused by caries [37]. Additionally, salivary
quantity and flow rate also play crucial roles in the development of ECC. Flow rate affects the dilution
and removal of acids produced by bacteria. Flow rates below 0.3 mL/min (unstimulated) and 0.7 mL/min
(stimulated) are indicative of potential risk [19]. Similarly, the normal pH range of saliva (6.75-7.25)
prevents enamel demineralization occurring below pH 5.5. Saliva's high buffer capacity on the other
hand, helps stabilize plaque pH and promoting the remineralization of enamel [19, 23-26].

In 2017, Matsuura et al proposed a method to enhance the sensitivity of ECC through LIBS analysis.
The study demonstrates that early caries can be differentiated from healthy enamel by establishing a
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suitable threshold for the detected ratios [38]. Zahroh et al later, utilized LIBS to investigate the
relationship between cigarette consumption and calcium levels in saliva. Specifically, the study reported
that light, moderate, and heavy smokers exhibited 30%, 37%, and 51% increases in calcium emission
intensity, respectively, compared to non-smokers. These findings suggest a demineralization process
associated with smoking, where calcium dissolves from tooth lattice into saliva [39].

Machine Learning for ECC Classifications

Machine learning has become an essential tool in dentistry, by benefitting the advancements in big data,
computational power and sophisticated algorithms over the past two decades. It has found applications
across various dental disciplines, including operative dentistry, periodontics, orthodontics, oral and
maxillofacial surgery and prosthodontics [43]. In particular, machine learning has been used extensively
for diagnostic tasks, offering valuable assistance to dental professionals in disease classification, risk
assessment and treatment planning [40-43]. Specifically for Early Childhood Caries (ECC) classification,
Al techniques have shown great promise in enhancing diagnostic accuracy by identifying risk factors and
predicting caries development in children. For instance, Karhade et al. applied an automated machine
learning algorithm (AutoML) to classify children based on their ECC status using a dataset of 6,404
children aged three to five years. This study has also examined various predictors of ECC, such as age
and parent-reported oral health status as well as evaluated their impact on classification accuracy [41].
In another study, artificial neural networks (ANNs) were employed to detect salivary levels of cystatin S
in ECC patients and caries-free (CF) children. The study found that a logistic regression model
incorporating salivary cystatin S levels and birth weight showed promise for differentiating ECC from CF
children [42]. While these studies demonstrate the potential of Al in ECC classification, they also highlight
some key limitations, including limited generalizability across different populations and a lack of model
interpretability, which becomes the barriers to clinical application.

While Al and spectroscopy have been applied to dental diagnostics, the use LIBS in ECC classification
remains largely underexplored. This study seeks to fill this gap by integrating LIBS with ANN to improve
diagnostic accuracy for ECC. LIBS, with its potential for non-invasive, real-time analysis of saliva mineral
composition, offers a novel approach to enhance the classification of ECC.

Materials and Methods

Overview

This research was conducted in accordance with ethical approval from the Medical Research Ethics
Committee (MREC), National Medical Research Register (NMRR), Ministry of Health, Malaysia, with
approval number NMRR 18-2017-40905 IIR. A cohort of 104 kindergarten students aged 5 to 6 from
Johor Bahru, Johor, Malaysia, participated in this study and voluntarily contributed their saliva samples
for further analysis. Written informed consent was obtained from the parents prior to data collection. LIBS
analysis was conducted on fresh saliva to provide insights into saliva mineral composition. The severity
of dental caries in the subjects was evaluated by dentists at a government dental clinic in Johor Bahru,
where mouth score values were assigned for each saliva sample. Overall, the LIBS analysis data,
supplementary parameters and mouth score values collectively constitute the dataset for this study.

ECC Data Distribution Based on Severity

Following dentist evaluation through physical oral examination, out of the 104 subjects, 61 (58.6%)
showed no signs of caries. Thirty-one (29.8%) exhibited mild cases, while six (5.8%) each displayed
moderate and severe cases. The data distribution and sampling are outlined in Table 1 and Table 2
respectively.

Table 1. Data distribution based on dental assessment by dentist for mouth scoring

Severity category Count Percentage (%)
Sound 61 58.6
Mild 31 29.8
Moderate 6 5.8
Severe 6 5.8
Total 104 100
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Table 2. Data Sampling

Category Total Training Testing Validation
Sound 61 41 10 10
Mild 31 21 5
Moderate 6 4
Severe 6 4
Total 104 70 17 10
Percentage 100 67.3 16.3 16.3

For the purpose of ANN development, the dataset was divided into training, testing and validation sets
using a commonly adopted ratio to ensure model robustness and generalizability. The training set
comprised nearly 70% of the data to allow the ANN to learn patterns effectively. The testing set
accounted for nearly 15% of the data to enable performance evaluation on unseen data, while the
validation set also constituted around 15% to fine-tune hyperparameters and prevent overfitting. This
division aligns with best practices in machine learning applications in healthcare [53-54] to ensure a
balance between model training, performance assessment and generalization ability.

Saliva Collection and Data Analysis Using LIBS

Saliva samples were collected in the morning by using the passive drool technique. Collection was timed
at least 30 minutes before meals and 10 minutes after brushing or rinsing to minimize diurnal variability
effects. Prior to collection, a parental agreement form was distributed to be filled up by parents along
with the health status assessment questionnaire. Upon collection, the samples were refrigerated
immediately at 4°C and processed within 2 hours to prevent bacterial growth. Saliva pH was analyzed
using a digital meter after standardization with pH 10 solution. LIBS was employed for multi-elemental
analysis. SpectraSuite and Spectragryph software were used for spectrum processing. The saliva
sample underwent at least 4 measurements to confirm the presence of detected elements. Finally, the
saliva spectroscopic data from LIBS analysis with other parameters namely hydration, viscosity, pH,
buffering capacity, and the quantity of stimulated saliva were then used as input for the development of
ANN model.

ANN Development

In this study, the ANN development phase was divided into training, testing and validation. The training
phase stands as a critical stage to ensure that the model could effectively learn the intricate relationship
between inputs and target. During training, a few ANN parameters were iterated to find the optimum
values as shown in table 3 and once the optimal networks were established, they were saved and
subjected to testing datasets to evaluate the performance accuracy of the model. Subsequently, the
same model was applied to a distinct validation dataset to ensure it doesn't under or overfit the data and
can reliably predict caries severity across new datasets.

Table 3. ANN parameters iterated during training stage

Parameter Range No. of variations
Training functions TRAINGDM vs 2
TRAINLM
Number of Neurons 6-20 9
Epochs 500 - 20000 6
Learning Rate 0.01-0.5 6
Momentum Constant 0-1 8

The backpropagation neural network (BPNN) algorithm was chosen due to its established reliability in
medical and dental applications, particularly in classification tasks [44-48]. BPNN enables efficient weight
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adjustments through iterative learning to improve model accuracy over multiple training cycles.During
the initial optimization process for the number of neurons, two training functions namely TRAINGDM and
TRAINLM, that are based on BPNN algorithms were tested. In this very first iteration stage, TRAINGDM
yielded lower mean square error (MSE) and higher performance accuracy across the complete dataset,
leading to its adoption for all subsequent optimization phases compared to TRAINLM functions.

Furthermore, different activation functions were experimented with for both the hidden and output layers
of the ANN. However, the default function settings in MATLAB, where purelin is used in the output layer
and log-sigmoid (logsig) in the hidden layer, outperformed other configurations and produced results
which aligned with findings in existing literature [48].

During the training phase for both models, five training parameters underwent optimization as shown in
Table 3. Following each cycle of parameter adjustments and iterations, the best network which exhibits
the lowest MSE value was identified [48]. The corresponding optimal parameter values from each cycle
were then utilized for the subsequent parameter optimization. The table below outlines the utilized value
ranges during the ANN training for all the five ANN parameters.

This iterative process allowed for the fine-tuning of training parameters to enhance model performance.
The training phase was conducted separately for each model, each employing distinct data inputs. The
NNTOOL in Matlab is used to facilitate network training as shown in Figure 1.

<\ Meural Metwork Training (nntraintool) — (] >
Neural Netwaork
Hidden Layer OutputLayer
Input Output
& 1
11 1
Algorithms

Data Division: Randorm (dividerand)

Training: Gradient Descent with Momentum  (traingdm)
Performance: Mean Squared Error  (mse)

Calculations:  MEX

Progress

Epoch: o 5000 iterations 5000
Time: 00016

Performance: 0.151 | 0.0385 0.00
Gradient: 0.361 0.00266 1.00e-05
Validation Checks: v] 4937 Il 5000

Plots

Performance (plotperform)
Training State (plottrainstate)
Regression (plotregression)
Plot Interval: ' 1 epochs

V Maximum epoch reached.

@ stop Training & Cancel

Figure 1. ANN model training facilitated by Matlab ANN Toolbox

For Model |, ten 1D input features were provided to the MATLAB trainer toolbox, while the output,
representing the four severity classes earlier identified by professional dentists, served as the training
target. The inputs are hydration, saliva quantity, viscosity, pH, and six LIBS spectral features
corresponding to multiple isotopes of sodium, calcium, and copper. The training process was optimized
by systematically adjusting the training parameters mentioned earlier. The network producing outputs
closest to the actual targets was selected and saved as the model for the multiparameter model,
designated as Model I.

For Model Il training, the network input was restricted to the six 1D LIBS spectral features exclusively.
Model Il was trained following the same optimization regime and mirroring the process used in Model |
training. The resulting optimal network was saved and designated as Model Il.
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Visualisation and Analysis

Testing and Validation

Evaluating the true capabilities of the two optimized network models requires the utilization of a fresh
dataset that is distinctive from those employed during training. This process is used to gauge whether
the networks can effectively predict the outcomes of new datasets. Model | underwent testing and
validation using the Model | testing and validation datasets which comprises 10 inputs, while Model II
was subjected to the same process using the Model Il testing and validation datasets comprising 6 inputs.
The target outputs remained consistent for both Model | and Model Il which is the severity level decided
by professional dentists.

Performance Assessment of the Model

Performance accuracy and Mean Squared Error (MSE) value were used to measure the performance of
the developed models in each adjustment and iteration cycle. The top-performing network in each cycle
is chosen based on its highest accuracy and lowest Mean Squared Error (MSE) performance.

Results and Discussion

LIBS Spectrum for Saliva

A total of 104 saliva samples were collected from volunteers among kindergarten students aged 5 to 6
from Johor Bahru, Johor, Malaysia. LIBS was employed for multi-elemental analysis of the salivary
elements as shown in Figure 2. Small portion of the saliva sample was administered onto a stainless
steel spoon and each saliva sample underwent at least 4 LIBS measurements to confirm the presence
of any detected elements.

PexlLabels tpe: X4Y v T bng, Theeshold: 50 5 % Promnence: § 5 Digts:x 6 5y 6 5 ange: N Malgpectn SKI

486041 275808

260 280 300 320 340 360 380 400 420 440 460 480 SO0 520 540 560 S8 600 620 640 66

Wavelength [m]

Figure 2. Sample of results from LIBS saliva analysis

Figure 2 displays the spectrum of the saliva sample against a stainless-steel background. From the
results, it is shown that elements of Calcium (Ca), copper (Cu) and sodium (Na) were detected in the
saliva sample. Calcium exhibited peaks at 399 nm and 391 nm, and this is consistent with findings by
Choi et al. [11]. Additionally, copper (Cu) peaks at 324 nm whilst sodium showed three peaks, at 330
nm, 500 nm and 568 nm. The intensity of LIBS signals from these 6 different wavelength peaks make
up the 6 LIBS elements inputted into the 2 models. For model |, additional oral parameters are added
namely hydration, saliva quantity, viscosity, pH.

ANN Development Result

The training, testing and verification results of the two developed models were presented and compared
in this particular section. The ECC dataset was partitioned into training, testing, and validation sets,
approximately in a 70%:15%:15% ratio. Specifically, 70 samples were allocated to the training set, while
17 samples each were assigned to the testing and validation sets.

e-ISSN 2289-599X | DOI: https://doi.org/10.11113/mjfas.v21n2.3758 1801



MJFAS

Mohd Hashim et al. | Malaysian Journal of Fundamental and Applied Sciences, Vol. 21 (2025) 1796-1807

The initial training process was executed by comparing the performance of both the TRAINLM and
TRAINGDM transfer functions as shown by the results in Figure 3 for Model I. The training results clearly

show that the TRAINGDM function is capable of producing lower MSE values for all neuron count
compared to the TRAINLM function for the same number of neurons. This suggests that TRAINGDM is

more effective in minimizing prediction errors and improving model accuracy. This consistency has led
to the decision of adopting TRAINGDM as the transfer functions of the developed ANN for further stages
of the process.

Optimization of transfer function TRAINLM vs TRAINGDM in
model 1
0.16

10

11 12 13 14
Neuron count

--@--MSETRAINLM  --®--

MSETRAINGDM

Figure 3. Optimization of Transfer functions TRAILM vs TRAINGDM for Model |

The optimization of the neuron counts in the hidden layer was conducted right after the transfer function
optimization. The results shown in Figure 4 demonstrated a clear trend of decreasing MSE values with
higher neuron counts for Model I. As the number of neurons in the hidden layer increases from 6 to 20,
the MSE values decrease. Specifically, the optimal MSE of 0.0443 is achieved with 14 neuron counts.
On the other hand, there is no clear trend of MSE observed for Model Il as the MSE values fluctuate with
changes in the number of neurons. However, the lowest MSE was observed with 11 neuron counts at

0.0821.

Optimization of neuron counts in the hidden layer
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Figure 4. Optimization of neuron counts in the hidden layer

To optimize the iteration rate, the previously optimized number of neurons was kept constant while
varying the epochs value over the selected range for both Model | and II. Figure 5 show that the best
epoch for Model | is indicated by the lowest Mean Squared Error (MSE) value of 0.0448, occurring at
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10000 epochs. Conversely, for Model 11, the epoch with the lowest MSE value of 0.0722, observed at
5000 epochs. These results concluded that Model | has achieved its optimal performance after a longer
training period, while Model Il reaches its best performance relatively earlier in the training process.
These findings suggest different learning dynamics and convergence rates between the two models.

In the process of learning rate optimization, the previously determined number of neurons and epochs
for both models remained constant, while the learning rate values were systematically adjusted from
0.01to 0.5, as depicted in the results in Figure 6. It is demonstrated that both models achieved its lowest
MSE at a learning rate of 0.4. For Model |, MSE of 0.0285 was observed whilst for model Il, the MSE is
0.0661. This finding suggests that a relatively moderate learning rate of 0.4 has contributed to a more
efficient learning and improved the performance of both models.

Optimization of Iteration rate
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0.02
0
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Figure 5. Relationship between lteration rate and MSE in both models

Optimization of Learning rate between Model | and Model Il
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Figure 6. Relationship between learning rate and MSE
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Optimization of Momentum Constant
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Figure 7. Relationship between MC and MSE for both models

In this study, the final training optimization was the momentum constant (MC). The momentum constant
was fine-tuned across the range from 0 to 1 whilst the other ANN parameters determined earlier were
kept constant. As shown in Figure 7, the results of the momentum constant optimization in this study
reveals interesting insights into the performance of both Model | and Model Il. For Model I, the MSE
values generally decrease as the momentum constant increases up to the value of 0.7, indicating
improved performance with higher momentum. However, beyond a momentum constant of 0.7, there is
a slight increase in MSE, suggesting potential instability in the training process. On the other hand, for
Model 2, the lowest MSE value is observed at a momentum constant of 1.0, indicating that higher
momentum contributes to better performance in this case. Importantly, it's essential to balance the
benefits of momentum with the risk of instability or overshooting, as observed with extremely high MSE
at momentum values of 1.0 for Model I.

At the end of the optimization process, the overall architecture of the ANN is summarized in Table 4.

Table 4. Summary of optimal training parameters

ANN parameters Model | Model Il
Number of neurons 14 11
Epochs 10000 5000
Learning rate 0.4 0.4
Momentum constant 0.7 1.0

ANN Testing and Validation

Table 5. Summary of Models Performances during training, testing and validation

Accuracy Model | Model Il
Training (%) 96.7 92.9
Testing (%) 93.3 93.1
Validation (%) 91.8 92.7

Table 5 shows the results of the artificial neural network (ANN) training, testing and validation for both
models. From the result, it is shown that in terms of training performance accuracy, Model | which is
trained using 10 input parameters surpasses Model Il which employs only LIBS data as input with a
higher accuracy of 96.7% compared to Model II's accuracy of 92.9%.
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This may indicate that Model | is more proficient at learning from the given training data and capable of
capturing its underlying patterns. In the testing phase however, despite Model I's superior training
accuracy during training, its accuracy slightly edges out Model II's accuracy, with Model | achieving
93.3% and Model Il achieving 93.1%. This may suggest that while Model | excels in training, it may not
be able to generalize as well to new data as Model Il does during the testing phase. This trend may also
be observed in previous studies on ANNs, where models exhibit varying generalization capabilities
across different datasets and tasks [47-49]. Similar trends are observed in the validation phase, where
Model Il demonstrates a slightly higher accuracy of 92.7% compared to Model I's accuracy of 91.8%.
This consistency across testing and validation phases [50] reinforces the facts that Model Il exhibits
slightly better generalization capabilities compared to Model .

The overall high accuracy values obtained from both models show the reliability of the employed
methodology and the substantial potential of the new framework as a new way of handling ECC in the
post-pandemic era with the integration of Al and benefitting the concept of remote healthcare. This
finding is consistent with previous studies where integrating multiple factors or data sources has been
shown to enhance model performance [51]. This findings has also proven the feasibility of modifying the
existing way of ECC management by introducing a screening process using saliva. This new framework
which benefits the concept of telehealth [52], allows parents and teachers to collect saliva samples from
their children and students for ECC screening remotely, to reduce the need for in-person healthcare
visits. These samples will then be sent to healthcare facilities for further analysis and automated ECC
severity screening interpretation. From this process, attention will be given to screening results indicating
medium to high caries risk for further diagnosis and treatment.

Lastly, the dataset used in this study is subject to certain limitations. One notable issue is the presence
of class imbalances, particularly regarding the distribution of moderate and severe ECC cases. A smaller
number of samples in these categories may lead to biased model predictions, as the ANN could become
more attuned to the more prevalent classes and could potentially reducing its sensitivity in detecting less
common, yet clinically significant, severe cases. Class imbalance can result in the model to achieve high
overall accuracy while underperforming in minority classes [53-54].

Conclusions

In conclusion, this research has demonstrated the efficacy of integrating ANN models in predicting the
severity levels of ECC. Two distinct ANN models were successfully developed to classify ECC severity
in this study. Model I utilized multivariate inputs consisting of pH, viscosity, hydration and spectroscopic
saliva results and has achieved the accuracy of 91.8%, while Model Il, which relied solely on saliva
spectroscopic data exhibited a slightly higher accuracy of 92.7%. The superior performance of Model Il
highlights the significant influence of saliva spectroscopic data in determining ECC severity and
demonstrated the potential of LIBS-based analysis as a standalone predictive tool.

Furthermore, this study also supports the feasibility of modifying the existing ECC management
approach by integrating Al-driven screening using saliva samples. The proposed framework enables
parents and teachers to remotely collect saliva samples from children for ECC screening, reducing the
dependency on in-person healthcare visits and promoting more accessible and efficient early detection.
The findings reinforce the potential of telehealth and modern technologies, such as LIBS and Al, in
revolutionizing pediatric oral healthcare and ensuring timely intervention for young children.
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