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Abstract

Dental fluorosis is a significant public health concern caused by excessive intake of groundwater fluoride contamination,
particularly in regions with high natural fluoride deposits. This study systematically explores various Machine Learning
(ML) approaches used in predicting dental fluorosis risk, focusing on key techniques such as Support Vector Machine
(SVM), Multilayer Perceptron (MLP), and Extreme Gradient Boosting (XGBoost). Following a comprehensive literature
search from 2019 to 2024 using databases like Scopus, IEEE, Web of Science, and Springer, this analysis adheres to
PRISMA guidelines to ensure methodological rigor. Studies demonstrated promising results, with advanced models like
SVM and MLP achieving high prediction accuracy rates of up to 97.4%. The key observation of this study is that these
advanced models outperform traditional methods in predicting fluoride contamination risks. However, challenges remain,
particularly in developing region-specific models, improving data collection, and addressing computational inefficiencies.
This study provides a detailed comparative analysis of these techniques and identifies research gaps, including the need
for scalable models and improved real-time prediction for effective public health interventions.
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1. Introduction

The element fluorine is never found in nature in its
elemental form since it is the most electronegative
chemical element [1-3]. As a chemical aggregate of
fluorides, it makes up around 0.06 to 0.09% of the
Earth's crust and ranks seventeenth among the elements
that make up the crust [4]. The most abundant materials
are hornblende, fluorapatite, mica, and cryolite. The
high levels of fluoride in natural waters are caused by
mica minerals, volcanic rocks, and thermal causes [5,6].
The typical concentration of fluoride in surface waters
is below 1 mg/L. Such concentrations can reach 20-53
mg/L in hot spring waters or deep underground water
sources that have come into touch with fluoride-rich
rocks [7-9]. Fluoride is present in the human body, in
rocks and soil, in the air and water, and in plants and
animals. While teeth and bone growth can benefit from
low fluoride intake, fluorosis, bone and teeth loss, and
other health issues (e.g., negative effects on children's
intellectual development) can result from long-term
excessive fluoride absorption [10-13].
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There are several potential sources of high fluoride
levels in humans, including companies that generate
minerals, coal combustion, volcanic ash, brick tea (a
type of compressed tea), and water that is polluted with
fluoride [14—-17]. Although it is most prevalent in areas
with limited access to water, fluorosis is quickly
becoming an environmental toxicological concern
worldwide.

Most of the fluorine that enters the human body comes
from fluoride that is naturally present in drinking water.
Individuals residing in regions with fluoride
concentrations higher than the daily optimum dose are
at increased risk of developing endemic fluorosis, a
serious public health concern. Food and water are the
most common entry points for fluoride to enter in
human body [18-21]. Studies show that the majority of
people's daily fluoride consumption comes from
drinkable water, which is a significant source of soluble
fluoride. Ion chromatography, spectrophotometry, an
ion-selective electrode, and inductively coupled plasma
are some of the chemical analytical tools used to
determine the amount of fluoride in water [22-26].
Groundwater fluoride contamination poses significant
dental health risks, particularly dental fluorosis, which
occurs when excessive fluoride is ingested during the
development of teeth [27-30]. Fluoride levels exceeding
1.5 mg/L, commonly found in regions with high natural
fluoride deposits, lead to dental fluorosis, manifesting
as discoloration and damage to tooth enamel. In mild
cases, it appears as white streaks, but in severe cases
results in brown, pitted teeth, compromising both
aesthetics and enamel strength [31-33]. Children are
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most vulnerable, especially in fluoride-affected areas
where untreated groundwater is a primary drinking
source. While fluoride at optimal levels (0.7-1.2 mg/L)
prevents dental caries by strengthening enamel,
excessive amounts cause long-term damage. Regions
with water-stressed conditions, such as parts of Africa
and Asia, are particularly impacted, as they often lack
resources to mitigate fluoride levels [34-37]. Figure 1
shows different types of fluorosis.
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Figure 1: Different types of fluorosis [38]

Dental fluorosis remains a significant public health
concern, particularly in regions with high natural
fluoride deposits, where excessive fluoride intake can
lead to substantial dental damage. This issue
underscores the critical need for effective water
management and continuous monitoring of fluoride
levels to prevent overexposure.

Determining the amount of dental fluorosis requires a
thorough clinical examination of the entire oral cavity,
with a particular focus on the morphology of the teeth.
Appearance is significant in diagnosis. It can vary from
minute, barely noticeable small white spots or flecks to
much more serious discoloration, pitting, and enamel
loss [39-41]. Severity is categorized on a scale from 0,
or no fluorosis, to 9, which reflects severe fluorosis
using the Thylstrup-Fejerskov index [42]. This index
takes into account the size, color, and position of
damaged areas on the teeth. A dentist can use some
dental imaging techniques, for example, X-rays or
radiographs, along with a direct visual inspection to
diagnose how severe this condition is or to detect other
potential issues in dental health [43].

Dental fluorosis is primarily morphological, but it is
painless. However, dental damage can be rehabilitated
through restorative procedures for better function and
aesthetics in more severe cases. Minor therapies applied
in the mild moderate to severe cases of dental fluorosis
might be the use of treatment techniques such as teeth
whitening or microabrasion [44]. In contrast to
microabrasion, which includes the removal of a very
thin layer of enamel to improve the look of the teeth,
tooth whitening uses bleaching solutions to lighten the
afflicted teeth [45,46]. Restoration of both form and
function can be necessary in more extensive cases,

necessitating restorative dental procedures such as
dental bonding, veneers, or crowns. It can be required to
extract the tooth and replace it with an implant if the
enamel deterioration is significant [47-49].

Treating dental fluorosis rectifies the harm incurred but
does not resolve the fundamental issue of excessive
fluoride consumption from environmental sources.
Consequently, alongside treatment, it is imperative to
avert additional excessive fluoride consumption to
diminish the prevalence of fluorosis [50-52].

1.1 Machine Learning (ML) for Dental
Fluorosis Risk Prediction

ML techniques have also seen extensive application in
the field of medicine in the last several years [53—55].
The previous methods are precise and quantitative, but
they are often time-consuming, difficult, and costly. To
take advantage of ML's cost-effectiveness, chemical
measurements or analysis are required. These chemical
analytical approaches, however, are becoming less
common as a result of advancements in ML [56].
Consequently, researchers, technical workers, and
medical personnel must be able to detect fluoride
quickly and affordably [57-59]. For applications such
as speech recognition, autonomous vehicles, and
complex data analysis, ML teaches computers to
emulate human cognitive functions [60,61]. Biological
nervous systems, such as the brain, inspire Artificial
Neural Networks (ANNs), a paradigm for information
processing [62]. ANNs represent an information
processing framework derived from biological nervous
systems, such as the human brain. ANNs are employed
in the problem-solving processes analogous to those of
the human brain [63]. Support Vector Machine (SVM)
is a classification technique grounded in statistical
learning theory, relying on two fundamental concepts. It
constructs a hyperplane that optimally distinguishes the
two classes and maximizes the separation between them
[64]. The Naive Bayes classifier is a method that
calculates the likelihood of a new observation fitting
into a specified category, utilizing a probability model
based on Bayes' theorem [65].

Figure 2 illustrates a general ML model process for
dental risk prediction, utilizing patient data from an
Electronic Dental Records (EDR) database. The model
draws on various categories of patient information,
including demographics, medical history, periodontal
charting, and dental history. After an initial collection
phase, patients with incomplete or missing critical data
are excluded, refining the pool of eligible cases. The
remaining dataset is divided into training and testing
sets, with a focus on numerous unique features. The
model is trained using an advanced algorithm,
XGBoost, and its performance is assessed through
metrics like the Receiver Operating Characteristic
(ROC) curve, aiming to accurately predict dental risk
outcomes [66].
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Figure 2: General framework for dental risk prediction using ML [66].

Over the last years, ML has become one of the most
promising tools for predictive analytics that promises to
open new possibilities in the prediction of the risk for
dental diseases, including those that carry an ecological
dimension, such as the contamination of groundwater
[67]. Dental fluorosis caused by fluoridation during the
period of development of teeth is a health problem in all
parts of the world, particularly in regions where the
content of fluoride in the groundwater is significant
[68]. This is a game changer to use ML techniques in the
field because by accessing huge databases, ML models
can predict more efficiently at a faster speed and on an
enormous scale [69]. It is important to consider this,
especially for dealing with environmental health issues
where one needs to predict the disease burden caused by
toxic substances present in the environment. In
populations where groundwater is exposed to increased
fluoride contamination, ML systems can successfully
target geographic regions at high risk of fluorosis and
estimate prevalence levels, enabling effective public
health campaigns [70,71].

The objective of this study is to review and evaluate
various ML techniques used to predict dental fluorosis
risks  associated  with  groundwater  fluoride
contamination. It aims to assess the predictive accuracy,
scalability, and utility of different ML algorithms in
identifying high-risk populations and regions.
Additionally, the paper explores challenges related to
data collection and processing, especially in resource-
limited settings, and examines how predictive models
can contribute to public health interventions and
policies focused on reducing fluoride exposure and
preventing dental fluorosis.

The contribution of this study lies in identifying gaps in
current research, such as the lack of region-specific
predictive models, challenges in data collection, and
limitations in existing model performance. The review
outlines avenues of future research work including more

advanced and refined ML models concerning the non-
linear relationship between fluoride exposure and health
outcomes, better techniques for collecting data, and
real-time monitoring data for sharp predictions. These
make the applications of public health, policy-making,
and preventive strategies more feasible for areas
affected by fluoride.

2. Literature review

In this section, various studies and research focused on
Predicting Dental Fluorosis Risk from Groundwater
Fluoride Contamination using ML are discussed.
Mohammed et al., (2024) [72] analyzed groundwater
contamination through supervised and unsupervised
machine algorithms, namely, Multilayer Perceptron
Artificial Neural Networks (MLP-ANN) and Principal
Component Analysis (PCA), to identify sources of
fluoride problem as well as the non-carcinogenic health
risk due to nitrate and fluoride contaminant exposure.
All the produced models were tested for performance
concerning their Coefficients of Determination (R?) as
well as the Root Mean Square Error (RMSE). The
model exhibited results to be excellent by ensuring an
R? higher than 97% along with a maximum RMSE of
less than 4% within both training and validation
sessions. Similarly, Mallik et al., (2023) [73] estimated
the performance of hybrid Monte Carlo ML (MC-ML)
models through the hazard quotients used for health
hazards. Physical parameters, along with nitrates, were
determined through the analysis of 32 groundwater
samples. The hybrid Monte Carlo-Deep Neural
Network (MC-DNN) model was considered to perform
better in comparison with other models in both test and
train phases from the output of the prediction model
based on error and performance metrics. Before this,
Wongkhuenkaew et al., (2023) [74] proposed an
automated approach for image segmentation and
classification of dental fluorosis images. While
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classifying the features, researchers considered the
fuzzy k-nearest neighbor method, and for optimizing the
cluster number cuckoo search algorithm was accounted
for. Finally, the criterion was developed based on ratios
of opaque-to-brown pixels for the four-class
classification of fluorosis. Experimental results carried
out on 128 blind test images reported average pixel
accuracy in all four classes of fluorosis as 92.24%. Apart
from that, Nafouanti et al., (2023) [75] proposed a new
estimation method of fluoride in the groundwater:
Hybrid Random Forest Linear Model (HRFLM). The
capability of multiple models in predicting subsurface
water fluoride contamination was estimated by taking
202 samples of groundwater. Based on the outcome, the
hybrid HRFLM attained an accuracy rate of 95%. In
addition to that, the Area Under the Curve (AUC) value
of the HRFLM was observed to be 0.98. However,
Sarkar et al., (2023) [76] examined the relationship
between fluoride and the tectonic framework using a
multi-model strategy. Based on fluoride data taken all
around India, researchers have used three models based
on ML to forecast groundwater fluoride levels. With a
93% accuracy rate, the random forest model was the
best. Along with "depth to the water table," tectonics
were determined to be a significant factor.

Cao et al., (2022) [77] employed a technique called
Siamese Network-Based Transfer Learning (SNTL) to
determine the chances of dangerous compounds being
present in groundwater above a certain level using
sparse and unequal data. To remove the detrimental
impacts of class-imbalanced data on prediction model
performance, SNTL drastically cut down the amount of
training data that was needed. Compared to other
benchmark models, SNTL models offered better
sensitivity and specificity (approximately 80%).
Moreover, Ling et al, (2022) [78] evaluated
groundwater samples in Pakistan at a spatial resolution
of 250 m using ML algorithms to determine the
probability that fluoride concentrations would exceed
1.5 mg/L. Factors such as weather, soil, lithology,
terrain, and vegetation cover were found to be strong
indicators of elevated fluoride levels in groundwater.
With an AUC of 0.92 on non-modeling test data, a
random forest model was found to exhibit excellent
performance. Groundwater in the Thar Desert has been
reported to have the greatest quantities of fluoride.
Similarly, Pang et al., (2021) [79] developed a novel
model that incorporated both genetic and environmental
variables into teenage dental risk prediction using an
ML algorithm. Cohort 1 (the training cohort) yielded an
AUC of 0.78 for the researchers' random forest-based
caries risk prediction model. Using cohort 2, researchers
confirmed that this caries risk prediction model could

discriminate and calibrate. With an AUC of 0.73 in the
testing group, the caries risk prediction model
demonstrated strong discriminatory power.
Additionally, Podgorski et al., (2018) [80] modeled
12,600 groundwater fluoride concentrations across
India using a random forest ML technique, with the use
of spatially continuous predictor factors mainly about
geology, climate, and soil parameters. Fluoride
surpassing 1.5 mg/L at 1 km resolution has been
accurately predicted globally using this method.
Predictions estimate the overall number of individuals
in danger of fluorosis from groundwater fluoride at
about 120 million, or about 9% of the population. Lastly,
Sajedi et al.,, (2018) [81] formulated an innovative
approach for assessing the risk of nitrate pollution in
groundwater by combining chemical and statistical
analyses for an arid environment. Three ML models
were employed to assess the chances of groundwater
pollution occurrence. The models were validated using
AUC, with values exceeding 80 percent. The results
demonstrated that the accuracy of the three models
varied between 0.81 and 0.87; therefore, all models
were considered suitable for the ensemble modeling
procedure.

ML has revolutionized environmental risk prediction
models, particularly for fluoride contamination-related
dental health risks such as dental fluorosis. Traditional
detection methods are often labor-intensive and costly,
but ML models offer more efficient, scalable, and cost-
effective alternatives. By analyzing large datasets,
algorithms like random forests, neural networks, and
decision trees can predict fluoride contamination in
groundwater and assess health risks with high accuracy.
These models integrate complex environmental data,
enabling the identification of high-risk populations and
informing public health interventions. Additionally,
ML-driven models reduce the reliance on expensive
chemical analyses, making fluoride monitoring more
accessible, especially in resource-limited regions, while
improving the speed and precision of risk assessments.

3. Review Methodology

The Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) statement is utilized as a
set of criteria for screening and refining research. A
detailed literature assessment on this phenomenon was
conducted using the SCOPUS database, which includes
records published from 2019 to 2024. This review
includes all records categorized as articles, journals, and
publications from the Scopus database. Table 1 shows
the keywords that are used in the Scopus database to
find the papers related to the topic:
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Table 1: Searching Keywords

Source.: Authors own elaboration

Databases

Keyword used

Scopus

TITLE-ABS-KEY ("Machine Learning" AND "Dental Fluorosis" OR "Groundwater"
AND '"Risk Prediction" OR "Environmental Health" OR "Predictive Analytics" OR
"Public Health" OR "Water Quality" OR "Fluorosis Prediction Models")

In literature analysis, only records categorized as articles are subjected to further analysis and assessment, as they are
considered for evaluation purposes. The below-presented table 2 exclusively examined records that met the specified
inclusion and exclusion criteria:

Table 2: The criteria for determining what is Included and Excluded

Source: Authors own elaboration

Criterion Inclusion Exclusion
Keywords Eecords conferring the relationship between machine | Eecords excluded in which
learning (ML) approaches for predicting dental fluorosis | variables have no relation.
risk from groundwater fluoride contamination.
Type of Journals, Review Articles Book, book series, book chapter.
Literature
Language Englizh Other than English
Timeframe Concerning 2012-2024 2019
Category Open Access Paid Access
3.1 Prisma Model 401 were further evaluated for eligibility against

3.2The PRISMA statement assists the reviews
“preferred reporting items for systematic reviews and
meta-analyses”. PRISMA demonstrates the review's
caliber and enables readers to grasp its advantages and
disadvantages as well as replicate review strategies.

Figure 3 depicts the comprehensive PRISMA flow
diagram outlining the process of study identification,
screening, eligibility assessment, and inclusion. The
process begins with the retrieval of 17,400 studies from
previous reviews, alongside new records sourced from
databases such as IEEE, Web of Science, Scopus,
ResearchGate, ScienceDirect, and Springer, collectively
yielding 5,432 records. Following this, an automated
deduplication process resulted in the exclusion of
16,968 records deemed ineligible. The remaining 432
records were subjected to an initial screening phase,
during which 16 records were excluded based on the
inclusion timeframe of 2019-2024. Subsequently, 416
reports were identified for full-text retrieval, of which

predefined criteria. At this stage, 11 reports were
excluded due to their publication status, while 1 report
was excluded due to language incompatibility.
Ultimately, 30 studies met all inclusion criteria and were
incorporated into the systematic review, ensuring the
relevance and rigour of the evidence base for the
research question. Figure 4 depicts the number of
selected papers from the top 6 research areas.
Environmental Science takes the lead with 291
documents, which presents it as an important branch in
ecological and sustainability studies. In any general
development concerning economics and industry,
engineering makes 64 documents outlining its
involvement in such fields as infrastructure, technology
and industrial development. Moreover, 63 documents
from the Social Sciences stream recommend the
analysis of people, their society and culture, as well as
the environment.
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Figure 3: Selected papers from the top 6 Areas.
Source: Authors own elaboration

Agricultural and Biological Sciences and Earth and
Planetary Sciences contain 55 each that represent
science practice and geological study respectively.
There is technology, data processing and computational
research in Computer Science with 47 documents.

Figure 5 illustrates the distribution of various keywords
relevant to research in the field of water resource
management using advanced techniques. “Machine
Learning" leads with 320 documents, reflecting its
significant role in predictive modeling, optimization,
and data analysis across various applications. "Water
Quality" follows closely with 295 documents,

emphasizing the focus on assessing and maintaining
water standards through advanced methodologies.
"Ground Water" is featured in 137 documents,
highlighting its importance in the study of underground
water reserves and their sustainable management.
Lastly, "Prediction" appears in 102 documents,
showcasing its relevance in forecasting trends and
outcomes in water resource studies. This data
underscores the significant intersection of ML and water
quality research, with a particular focus on groundwater
studies and predictive capabilities.

List of Various Keywords

Prediction

Ground Water

Water Quality

Machine Learning

0 50 100 150 200 250 300 350

Figure 4: List of various Keywords
Source: Authors own elaboration

Figure 6 offers valuable information regarding the years in which the papers were published. For this systematic literature
review, the search terms were selected specifically to explore risk prediction models for dental fluorosis from groundwater
fluoride contamination using ML and deep learning techniques.
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3.3 Research questions

The following are the research questions (Q1 - Q3)
derived from the objectives of this SLR:

Q1: What machine learning techniques have been used
to predict dental fluorosis risk from groundwater
fluoride contamination?

Q2: What are the main environmental and chemical
factors considered in the predictive models for dental
fluorosis?

Q3: How can machine learning models help improve
public health efforts and prevent dental fluorosis risk?
4. Machine learning techniques to predict dental
fluorosis risk

ML techniques have shown significant potential in
predicting dental fluorosis risk due to their ability to
analyze complex datasets. Ogwo et al., (2024) [82]
applied various ML models in the prediction of dental
risk in young adults, including Generalized Boosting
Machines (GBM), Least Absolute Shrinkage and
Selection Operator (LASSO) regression, XGBOOST,
and Negative Binomial (NegGLM). In the evaluation of
the prediction analysis, it was found that LASSO was
the best model, with a minimum RMSE of 0.70 and a
maximum R? of 0.44. Accuracy, precision, recall, and
AUC for classification results were 83.7%, 85.9%,
93.1%, and 68.2%, respectively. Similarly, Bomfim et
al., (2024) [83] utilized an XGboost, logistic regression,
and decision tree for the prevalence of untreated dental
caries for teenagers. Eight major predictor factors were
cross-validated against the epidemiological base to
classify the patients affected by untreated dental care.
The analysis was undertaken using the R software tool,
and XGboost carried out better performance than a
decision tree algorithm at a level of 84 % AUC. Various
ML algorithms are used by Ciftci et al., (2024) [84] to
predict factors determining adult oral health. 25% of the
dataset is used for testing, and the rest 75% was applied
to train the model. The F1-score achieved was 96%,
accuracy was 95.8%, with recall and precision rate
being 96%. The output was also concluded that the
highest success rate belongs to the Multilayer
Perceptron model. In addition, Gad et al., (2024) [85]
evaluated the quality of the groundwater through
various indexing methods like Drinking Water Quality
Index (DWQI). Through the simulation model using a

Recurrent Neural Network (RNN), the indices regarding
health and water quality, both for training and testing,
were well predicted. With an R? value of 0.96
accompanied by an RMSE value of 2.73, the model
proved to be a phenomenal fit for the training set.
Alongside this, Khusulio et al., (2024) [86] applied
complex  techniques, comprising  Geographic
Information Systems (GIS), along with the ML
algorithms to predict the fluoride contamination and
compute the Water Quality Index (WQI). The model
constructed using the Random Forest (RF) technique
yielded a high predictive capability concerning fluoride
contamination with AUCs of 81%, 82%, and 94% in the
districts of Muktsar, Bathinda, and Moga, respectively.
Moreover, Gad et al., (2024) [87] explored the potential
of using artificial intelligence in predicting dental health
based on variables such as health behaviors and
orthodontic treatment. The Exploratory Data Analysis
(EDA) methods were employed first, followed by the
Artificial Intelligence (AI) algorithms. The cross-
validation method was used to test the accuracy and
generalization ability of the prediction models. In both
online datasets, the study was able to achieve nearly
90% accuracy of predictions. Additionally, Mohseni et
al., (2024) [88] calculated the Weighted Arithmetic-
Water Quality Index (WA-WQI) to assess groundwater
quality. Four ML models were created to forecast the
WQI in Ujjain, Madhya Pradesh, India. All ML model
findings were validated using the AUC curve for
optimal model selection and achieved the highest value
of 0.9048. Likewise, Venkatesh et al., (2024) [89]
developed a Water Quality Index (WQI) using
mathematical and ML analysis. Results from ML
experiments showed that a model combining Ridge
Regression (RR) and Random Forest (RF) performed
better than other ML models, with a validation accuracy
0f 99.9 percent.

Similarly, Ibrahim et al., (2023) [90] assessed the
quality of the Ground Water (GW) for agricultural land
in Egypt's Western Desert, specifically in El Kharga
Oasis. In order to forecast eight different Irrigation
Water Quality Indices (IWQIs), two ML models were
created. According to the results, the majority of the
GW samples were rated as excellent (100%), good
(57.85%), or excellent to good (65.71%). Further,
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Paneerselvam et al., (2023) [91] designed the
Agriculture Suitability Index (ASI) model and
combined it with the Radial Basic Function (RBF)
model to determine the most important parameter in the
chemical equilibrium of groundwater for agricultural
use. The groundwater's nitrate concentration degraded
its overall quality, and the results demonstrated that
more than 85 percent of sample sites were acceptable
for human consumption. According to the RBF model,
the R? values for summer were 0.84, and for winter, they
were 0.85. Furthermore, Hussein et al., (2023) [92]
evaluated the water's potability and irrigation potential
using the WQI. In order to choose the most effective
classifier from among the available ML methods, the
classification learners were applied to both normalized
and raw data sets. According to the findings, SVM
outperformed all other classifiers for both raw and
normalized data. With raw data, the anticipated
accuracy level was 90.8%, while with normalized data,
it was 89.2%. Along with this, Sadegh et al., (2022)
[93] explored the possible risk factors for dental caries
and lifestyle choices in children younger than five.
Using two evaluation approaches (K-fold and Leave-
One-Out) and 10 ML modeling techniques, a highly
accurate classification model was built to forecast the
likelihood of caries. With a 97.4 percent success rate,
MLP and RF were the most accurate of the ML
algorithms put into practice. Compared to Extreme
Gradient Boosting, SVM utilizing Radial Basis
Function (RBF) Kernel achieved a higher accuracy of
97.4%. Additionally, Cao et al., (2022) [94] employed
the artificial neural network to forecast the
contamination of geogenic groundwater with fluoride in
China. The results indicated that the model's accuracy
and AUC in the test dataset were 80.5% and 0.86%,
respectively. The most effective predictors were
climatic variables.

Awais et al., (2021) [95] developed a new approach to
evaluate the potential for nitrate pollution of
groundwater. In order to determine the possibility of
groundwater pollution, three ML models were
employed. According to the findings, the models'
accuracy ranged from 0.82 to 0.87. Moreover, Tran et
al.,, (2021) [96] analyzed the impact of several

parameters on groundwater salinity prediction using
ML techniques. The results demonstrated that the Cat
Boost Regression (CBR) model outperformed the others
on both the training and testing datasets, with R?> = 0.999
and RMSE = 29.90 and R? = 0.84 and RMSE = 205.96,
respectively. Likewise, Aysegiil et al., (2021) [97]
investigated a more economical method that made use
of ML technology. In addition, the Simulated Annealing
(SA) search method was used to choose the input
parameters. With correlation coefficient values of
0.731, the subgroup chosen by the SA algorithm was
highly correlated. Experiments showed that by reducing
feature size significantly, learning models' prediction
performance was enhanced using carefully chosen
feature subsets. Alongside this, Leong et al., (2021)
[98] estimated WQI via the use of a Least Square-
Support Vector Machine (LS-SVM). The model's
output was further examined using the R2. Results
showed that the polynomial kernel function, with an R?
0f 0.8796, was the most effective kernel function for the
support vector machine model. However, Khosravi et
al., (2020) [99] evaluated the utility of new data mining
techniques for predicting fluoride concentrations in
groundwater, including lazy Learners Instance-Based
K-Nearest Neighbors (IBKNN). Two portions of the
complete dataset were extracted, one for model training
(the calibration) and another for model evaluation
(verification). The IBK model was found to be more
effective than competing models in predicting the
presence of fluoride contamination. Lastly, Chen et al.,
(2019) [100] proposed a novel hybrid integration
approach for assessing groundwater potential that
combined the Fisher's Linear Discriminant Analysis
(FLDA) with Rotation Forest (RFLDA) and Bagging
(BFLDA) ensembles. To assess the components'
predictive ability, researchers utilized the classifier
attribute evaluation approach on the FLDA model. The
BFLDA model outperformed the RFLDA and FLDA
models in terms of prediction competence, with a value
of 95%.

Table 3 presents a summary of various ML and hybrid
techniques applied by different authors for risk
prediction of Dental Fluorosis.

Table 3: Performance analysis of various ML and hybrid technologies used for risk prediction of Dental Fluorosis

Author ;Fjeszl(linlque Accuracy | Dataset Used Research Gaps

Ogwo et al. | LASSO 83.7% Iowa Fluoride | The lack of predictive models for dental caries in

(2024) [82] dataset young adults using diverse, longitudinal datasets
limits generalizability across demographics.

Bomfim et al. | XGBoost, | 84%, Epidemiological | Models lack generalizability across diverse

(2024) [83] survey dataset populations, limiting broader applicability.

Ciftci et al. | Multilayer | 95.8% Oral dataset Lack of focus on long-term follow-up and clinical

(2024) [84] Perceptron applicability

Gad et al. | RNN ~90% Primary dataset | Insufficient use of integrated ML and GIS models

(2024) [85] for predicting groundwater quality risks across
diverse geochemical regions.

Khusulio et al. | RF 94% - Lack of comprehensive predictive modeling

(2024) [86] combining GIS and ML for fluoride contamination
risk assessment.
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Gad et al. | EDA ~90% Primary dataset | Lack of a dedicated ML model specifically for

(2024) [87] predicting dental fluorosis risk based on fluoride
exposure patterns.

Mohseni et al. | XG-Boost | 90.48 - Limited exploration of  model-specific

(2024) [88] performance, interpretability, and adaptability in
predicting dental health issues.

Venkatesh et | RF 96.9% Primary dataset | Lack of comprehensive exploration into the long-

al. (2024) [89] term predictive accuracy and interpretability of
ML models.

Ibrahim et al. | SVM 67.85% Primary dataset | Inadequate focus on long-term impact assessment

(2023) [90] of groundwater contamination on agricultural
practices.

Paneerselvam RBF 84% Agriculture Limited seasonal focus, lacking extended time

et al. (2023) suitability frame analysis

[91] dataset

Hussein et al. | SVM 90.8% Primary dataset | Limited exploration of ML model optimization for

(2023) [92] water quality index prediction, especially in
varying geographic regions

Sadegh et al. | SVM with | 97.4%, Primary dataset | Limited focus on regional dietary patterns and

(2022) [93] RBF, their effect on caries

Cao et al. | ANN 80.5% - Limited high-resolution models combining socio-

(2022) [94] environmental factors for precise fluoride risk
assessment across China

Awais et al. | DRASTIC | 87% Primary dataset | Specific to nitrate, lacking cross-contaminant

(2021) [95] comparison

Tran et al. | CBR 84% Groundwater Limited evaluation of ML models specifically for

(2021) [96] salinity dataset groundwater salinity prediction in complex, multi-
layer coastal aquifer systems

Aysegiil et al. | SA 73.1% Primary dataset | Limited research exists on cost-effective, rapid

(2021) [97] prediction of groundwater fluoride levels using
optimized ML models in geogenic fluoride-prone
areas.

Leong et al. | LS-SVM 87.96% - Need for more accurate and standardized ML

(2021) [98] models to predict the WQI efficiently across
diverse environmental conditions.

Khosravi et al. | IBK - Primary dataset | Specific to fluoride, the lack of a broader

(2020) [99] contaminant focus

Chen et al. | FLDA 95% Groundwater Insufficient investigation of hybrid machine

(2019) [100] with potential dataset | learning models for mapping groundwater

RFLDA, potential.
BFLDA

Figure 7 illustrates the accuracy of different ML techniques. SVM with RBF Kernel achieves the highest accuracy at
97.40%, followed by Multilayer Perceptron at 95.80%. XGBoost and LASSO show competitive performance with 84%
and 83.70%, respectively. This comparison highlights that SVM with RBF Kernel and Multilayer Perceptron are the most
effective models.
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Figure 6: Comparative Analysis of various machine learning techniques

5. Discussion and Comparison

This section performs a statistical analysis of the ML
methods discussed in previous sections. It compares
techniques and accuracies of models for predicting
dental fluorosis risk, highlighting methods like SVM,
RF, MLP, XGBoost, and hybrid models. Furthermore,
the proposed AQs proposed in Section 3 are called to
present some analytical reports as follows:

Q1: What machine learning techniques have been used
to predict dental fluorosis risk from groundwater
fluoride contamination?

The machine learning techniques used to predict dental
fluorosis risk from groundwater fluoride contamination
include LASSO, GBM, NegGLM, XGBoost, Decision
Tree, and Logistic Regression. Advanced models like
MLP, Random Forest, and SVM with RBF Kernel were
also applied, along with Simulated Annealing for
feature selection. Among these, MLP and SVM with
RBF Kernel achieved the highest accuracy at 97.4%,
while XGBoost and LASSO showed competitive
performance with accuracies of 94.9% and 83.7%,
respectively. These approaches highlight diverse and
effective methods for dental fluorosis prediction.

Q2: What are the main environmental and chemical
factors considered in the predictive models for dental
fluorosis?

The main environmental and chemical factors
considered in predictive models for dental fluorosis
include fluoride concentration in groundwater, the
presence of fluoride-rich minerals such as mica and
volcanic rocks, and the characteristics of water sources,
such as whether they come from deep wells or hot
springs. Another factor is the availability of clean water
and rural/urban settings in socioeconomic and
demographic characteristics. Dietary factors like
fluoride ingestion through food and beverages and
climate-related factors, especially in arid areas where
the dependence on groundwater is higher, are also
important. These are considered in ML models to better
predict the risk associated with dental fluorosis.

Q3: How can machine learning models help improve
public health efforts and prevent dental fluorosis risk?
Machine learning models improve public health efforts
significantly and aid risk prevention of dental fluorosis
by allowing more accurate and early detection of
populations at risk. Analysis of big datasets like fluoride
concentration of  groundwater, demographic

information, and environmental factors for the
identification of existing patterns that would not be
exhibited by the traditional method can be done.
Advanced techniques like XGBoost, LASSO, and SVM
can predict risk factors of dental fluorosis more
accurately, so targeted interventions could be done in
those regions where fluoride is over the safe limits. In
addition, feature selection techniques such as Simulated
Annealing optimize the input variables by taking only
the relevant ones. This leads to an efficient use of
resources for the most vulnerable populations while
guiding public health policies towards preventive
measures such as the improvement in water
management and monitoring of fluoride. In this regard,
ML enhances the decision-making process so that
timely and effective action to mitigate the risk of dental
fluorosis can be performed.

6. Conclusion and Future Scope

This study presents a comparative analysis of machine
learning approaches applied to predict the risk of dental
fluorosis caused by fluoride contamination in
groundwater, based on 30 rigorously selected papers
published between 2019 and 2024, with strict adherence
to PRISMA guidelines. The study used to screen the
paper includes the type of document, language, and
publication year that would eventually lead to the
retention of only studies that have been instrumental in
explaining ML's role in the risk prediction of dental
fluorosis. In the traditional models, XGBoost, and
Decision Tree have been used to draw a solution for Q1
as well as the respective accuracy of each. The advanced
model applied in the previous sections is SVM with
RBF Kernel and Multilayer Perceptron, from which it
has been evident that 97.4% prediction accuracy was
obtained. Q2 focuses on incorporating some factors
related to environmental and chemical parameters, such
as fluoride concentration in the groundwater
characteristics, along with a few socioeconomic-related
variables, to enhance predictions. From Q3, the report
highlighted gaps in the research work: missing in the
study region-specific predictive models, limited
coverage of socio-economic influences on the outcome,
and problems in data collection and processing
procedures in resource-poor settings. Future research
should address these shortcomings by developing
regionally adapted models, improving collection
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methods of data, and real-time prediction models
towards the enhancement of public health interventions.
Models of ML at present have shown huge advancement
in the task of dental fluorosis prediction but efforts
should be towards such refinement of models that are
effective for real-world scalable efficiency and diversity
in practical scenarios of public health.
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