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ABSTRACT

This study aimed to apply an exploratory machine learning framework to identify chemical and geochemical
factors that may influence oral and dental health. Long-term historical water-quality records comprising 505
samples, collected between March 1940 and August 2026, were compiled and analyzed for parameters using a
Python-based machine learning workflow implemented in Google Colab, including descriptive statistics, boxplot
and frequency-distribution analysis, and correlation-matrix modeling. Fluoride, nitrate, pH, and total dissolved
solids showed the strongest relevance to oral health, each displaying right-skewed distributions and frequent
deviations beyond recommended guideline thresholds. Correlation analysis revealed a strong geochemical as-
sociation between fluoride and total alkalinity, sodium, and total dissolved solids, suggesting shared mineral-
ization pathways rather than a common anthropogenic source. These patterns were broadly consistent with,
yet more heterogeneous than, findings reported in prior fluoride- and nitrate-focused groundwater studies, re-
flecting the extended temporal and spatial coverage of the dataset. These findings demonstrate that machine
learning-assisted screening of routinely collected water-quality data can efficiently flag chemical indicators of
oral health relevance, offering a scalable, low-cost complement to conventional epidemiological surveillance and
a foundation for future predictive, individualized oral health risk modeling.
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Introduction

5]. Fluoride- and nitrate- focused studies employing random forest,
support vector machine, and ensemble algorithms have successfully

Oral health is a fundamental component of overall well-be-
ing, influencing nutrition, speech, self-esteem, and systemic health
outcomes [1]. According to the World Health Organization [2], oral
diseases affect nearly 3.5 billion people worldwide, with untreated
dental caries remaining the single most prevalent health condition
globally. Beyond its direct burden, poor oral health has increasingly
been linked to systemic conditions such as cardiovascular disease,
diabetes, and adverse pregnancy outcomes, underscoring the need
for a broader, exposure-based understanding of the environmental
determinants of oral disease. Machine learning has increasingly been
applied to environmental water-quality assessment, offering scalable
alternatives to costly, time-intensive laboratory-based monitoring [3-

predicted groundwater contamination risk and identified key geo-
chemical drivers [6-8]. In parallel, machine learning has been applied
directly to oral health outcomes, including dental caries risk predic-
tion using demographic, behavioral, and clinical features [9-12].

However, very few studies have bridged these two research
streams to jointly examine machine learning-based analysis of water
chemistry parameters in relation to oral health risk indicators. How-
ever, there are problems in these studies: prior groundwater machine
learning research has largely focused on single contaminants, such as
fluoride or nitrate in isolation, evaluated against generic drinking-wa-
ter safety thresholds, rather than jointly across a broad, multi-param-
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eter chemical profile relevant to oral health. Previous studies have a
limited attribution examining the impacts of temporally extensive and
spatially diverse groundwater datasets, most having been restricted
to short monitoring windows or narrow geographic regions. No de-
tection studies have been undertaken with a parsimonious, explor-
atory machine learning framework designed specifically to screen
and rank multiple chemical parameters by their likely relevance to
oral and dental health, using accessible tools such as Google Colab
that support reproducibility and public health translation.

This study contributes the application of an exploratory, repro-
ducible machine learning workflow to an unusually long-term, 86-
year, and spatially extensive dataset and the joint characterization of
15 parameters relevant to oral health. It also provides an interpreta-
ble statistical and visual foundation, via machine learning-based anal-
ysis, that can guide future predictive modeling of oral health risk. The
objectives of this study are:

1. To characterize the statistical distribution and variability of
15 physicochemical parameters relevant to oral health us-
ing descriptive and machine learning-assisted visualization
techniques;

2. To identify the parameters most strongly associated with
oral, dental, and human health based on their distributional
characteristics and known toxicological or dental relevance;
and

3. To examine the correlation structure among these param-
eters to elucidate shared geochemical pathways that may
compound or modify oral health risk.

Data and Methods

Data were obtained from the Texas Water Development Board
(TWDB) Groundwater Database, a publicly available, long-term repos-
itory of water-quality observations from selected wells, springs, and
oil/gas tests across the state [13]. Historical records were collected
for 15 physicochemical parameters across 505 samples drawn from
238 unique well identifiers, spanning March 1940 to August 2026.
The parameters were Calcium, Magnesium, Sodium, Potassium, TDS
(log1o), Total Alkalinity, Total Hardness (logs,), Carbonate, Tempera-
ture, Fluoride, Nitrate, Well Depth, Chloride, Sulphate, and pH. Ma-
chine-learning and statistical analyses were implemented in Google
Colab using Python. The analytical workflow comprised data cleaning
and log-transformation of skewed variables (TDS, Total Hardness),
computation of descriptive statistics (mean, standard deviation, min-
imum, maximum), normality testing, and construction of the visual
figures presented in this study: a box-and-whisker plot, a frequency-
distribution panel, and a Pearson correlation heatmap. Parameter sig-
nificance was assessed against recognised drinking-water guidelines
from the WHO and the U.S. Environmental Protection Agency [14-16].
Table 1 summarises the descriptive statistics for the 15 parameters.
Each parameter was tested for statistical significance of its distribu-

tional deviation from a reference baseline; the reported p-value in-
dicates whether the observed central tendency and variance were
unlikely to have arisen by chance under the null hypothesis of no sys-
tematic structure. A p-value below 0.05 denotes a highly significant
parameter—that is, a variable whose distribution carries meaningful,
non-random information—whereas the non-significant result for To-
tal Hardness (p = 0.14) indicates greater distributional homogeneity
and weaker evidence of structured variation across wells.

Table 1: Summary of 15 Parameters.

Parameters Unit Mean Std Min Max | p-value

Calcium mg/L 12.81 2222 0.2 244 <0.05
Magnesium | mg/L 3.27 6.6 0 109 <0.05
Sodium mg/L 110.31 1111 13 748 <0.05
Potassium | mg/L 3.56 491 0.1 34 <0.05
TDS mg/L 242 03 1.54 3.27 <0.05
Total Alka- | g/ | 21699 | 19325 | 0 80 | <005

inity
TotalHard- | \o/p | 130 | o055 | -024 | 302 | o014

ness
Carbonate | mg/L 5.75 19.57 0 372 <0.05
Tempera- °C 24.46 416 16 37 <0.05

ture
Fluoride mg/L 0.26 0.27 0 1.6 <0.05
Nitrate mg/L 5.78 20.34 0 270 <0.05
Well Depth ft 722.71 6114 12 2,355.00 | <0.05
Chloride mg/L 33.19 62.86 2 665 <0.05
Sulfate mg/L 22.72 40.71 0 500 <0.05
pH - 7.65 111 32 10.8 <0.05

Results and Discussion

The 15 parameters analysed were: Calcium, Magnesium, Sodi-
um, Potassium, TDS (log;,), Total Alkalinity, Total Hardness (logio),
Carbonate, Temperature, Fluoride, Nitrate, Well Depth, Chloride,
Sulphate, and pH. These represent the major ions governing min-
eralisation, hardness, salinity, and the corrosive character of water,
together with the principal species of direct toxicological and dental
concern (fluoride, nitrate, pH). Government guideline values provide
the benchmarks against which health relevance is judged: the WHO
guideline for fluoride is 1.5 mg/L and for nitrate 50 mg/L (as NO3™);
the U.S. EPA primary maximum contaminant levels (MCLs) are 4.0
mg/L for fluoride and 10 mg/L for nitrate (as nitrogen), while sec-
ondary aesthetic standards are 250 mg/L for chloride, 250 mg/L for
sulphate, and 500 mg/L for TDS, with an optimal pH range of 6.5-8.5
[14,16-18]. It should be noted that nitrate in this study is reported as
the nitrate ion (NO3™); the WHO guideline of 50 mg/L is expressed as
nitrate ion, whereas the U.S. EPA MCL of 10 mg/L is expressed as ni-
trate-nitrogen (equivalent to approximately 45 mg/L as nitrate ion).
Sodium has no federal primary MCL; it is managed aesthetically, with
advisory guidance around 200 mg/L, above which taste is affected
and sodium-restricted individuals may be at risk [2].

Copyright@ : Kevin Heo | Biomed ] Sci & Tech Res | BJSTR.MS.ID.010460.

59665


https://dx.doi.org/10.26717/BJSTR.2026.67.010460

Volume 67- Issue 2

DOI: 10.26717/B]JSTR.2026.67.010460

Box Plot of Calcium MGL_

Box Plot of Magnesium_MGL

Box Plot of scd_i_HT__MGL

o o o
100 ™o
) Sy
BO
=00
]
o 10 g >
=, ks o 2 00
5 i §
3‘ 1waa = = 3 x0
E £ a0
o 700
ko F
I iy
o [ a -
Box Plot of Potassium_MGL Box Mot of TOS_Loglo Box Plot of TotalAlkalinity
s
@ 222 8
° - i
]
° 10 i
25 -]
o 278 00
F
g Lo 2 = 2.50 ‘E:
g g g [
ERT g
i 2 ggs E
o
15
g - o0
a 178
]
o S -] o
Box Plot of TotalHardness_Loegl0 Box Plot of Carbonate MGL Box Plot of Temperature_C
an & o a
aso o
» o
8 300 g
g 20 280 - ]
o,
g g ¢ i
E LS - ]
25
.. £ i
=2
e
160
o o
o 20
0
. _ ; :
-] o L=
15
Box Plot of Fluaride_MGL Box Flot of Nitrate_MGL Box Plet of WellDepth
L& o o o
o 2%0 I -
L4 ] —
)
12 o 200
-]
L o o 1500
g @ E 150 o g
g‘ o o - z
B
£ aa i = £ 1000
100 a
o 8
0 £
L ¥
LT o a
Box Plot of Chioride_MGL Box Plot of Sulfate_MGL Box Plot of pH
L4 SO0 o 1 =
o
won - 0
an0 L]
500 2
3 &
= 400 =, Rl
£ - g
1 -] £ 7
E o o ; L
-] 200 o &
o0
5
10 g
180 u
e

===

Figure 1: Boxplot (Whisker) for 15 Parameters.
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Figure 1 presents box-and-whisker plots for the 15 parameters,
displaying the median, interquartile range, whiskers, and outlier ob-
servations for each variable. Because the parameters span disparate
units and scales, the plots reveal several shared features: pronounced
right-skewness for Sodium, Nitrate, Chloride, Sulphate, and Calcium,
each showing a compact central box with an extended upper whisker
and numerous igh-value outliers; a comparatively narrow, symmetric
distribution for pH and Temperature; and log- transformed distribu-
tions for TDS and Total Hardness that compress the long upper tail.
The outlier-rich parameters are precisely those whose maxima far
exceed drinking-water guidelines, indicating that sub- populations of
wells experience contamination events of health concern even when
the median is low. Among the 15 parameters, the four with the great-
est implications for oral, dental, and systemic health are

1. Nitrate

2. Fluoride
3. Sodium
4. Chloride

Nitrate (mean 5.78 mg/L; max 270 mg/L) shows the most extreme
right-skewed boxplot relative to the EPA 10 mg/L (as nitrate-nitro-
gen) standard; its outlier mass reflects agricultural contamination,
the leading driver of exceedance in regional aquifers, and denotes
methaemoglobinaemia and reproductive risk [17,19]. Fluoride (max
1.6 mg/L) straddles the WHO 1.5 mg/L guideline; while optimal ex-
posure prevents caries, values at or above the guideline carry dental-
fluorosis risk, placing fluoride at the direct interface of dental ben-
efit and harm [20,21]. Sodium (mean 110.31 mg/L; max 748 mg/L)
exhibits the largest absolute dispersion; chronic high-sodium water
contributes to hypertension and cardiovascular disease burden [2].
Chloride (max 665 mg/L) exceeds the 250 mg/L aesthetic standard in
a subset of wells and accelerates corrosion of plumbing, potentiating
metal release [14].

Compared with previous studies, the present findings are con-
sistent with regional assessments showing that nitrate exceedances

are concentrated in shallow, unconfined aquifers beneath agricultural
land, where a notable proportion of samples surpass the 10 mg/L (as
nitrate-nitrogen) standard [19]. They also accord with global reviews
demonstrating that community water fluoridation reduces caries
prevalence but that dose-response is non-linear and fluorosis risk
rises above 1.5 mg/L [20,21]. The novel contribution of the present
boxplot analysis is the simultaneous, scale-comparable visualisation
of all 15 parameters within a single frame, which exposes the shared
right-skewed, outlier-driven structure of the health-relevant ions—a
feature masked when parameters are examined in isolation. Figure
2 displays the frequency-distribution histograms for the 15 parame-
ters. The distributions are characterised by unimodal, right-skewed
shapes for most ionic parameters, with the bulk of observations con-
centrated at low values and a long right tail of high-concentration
wells. TDS and Total Hardness, log- transformed, approximate more
symmetric, near-normal distributions; pH clusters tightly around
near- neutral to mildly alkaline values (mean 7.65). Bimodality is not
pronounced, indicating that the dataset predominantly reflects a sin-
gle hydrogeochemical population with a contaminant-enriched tail
rather than two geographically distinct source populations. The four
parameters with the greatest oral-, dental-, and systemic-health im-
plications identified from the frequency distributions are

1.  Nitrate
2. Fluoride
3. Sodium
4. TDS

The nitrate histogram is sharply peaked near zero with an extend-
ed tail crossing the 10 mg/L (as nitrate-nitrogen) threshold, confirm-
ing that a meaningful minority of wells deliver water unsuitable for
infants; this frequency structure mirrors the regional finding that a
measurable share of minor-aquifer samples exceed the nitrate MCL
[19].
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Figure 2: Frequency distributions for 15 parameters.
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The fluoride distribution, though centred well below 1.5 mg/L,
places a subset of wells within the caries- protective-to-fluorotic tran-
sition zone, underscoring the narrow therapeutic window [17,21].
Sodium and TDS show the broadest distributions, reflecting miner-
alisation and salinity gradients; elevated TDS is associated with taste
rejection, scaling, and corrosivity that indirectly affects health by al-
tering water consumption patterns and metal leaching [16]. Relative
to earlier work, these distributions concur with WHO guidance that
TDS and most major ions exert no direct toxic effect at typical concen-
trations but become health-relevant through aesthetic rejection and
corrosion pathways at the high tail [16]. The distinguishing feature
of the present analysis is the identification, within a unified distribu-
tional view, of a consistent contaminant-tail structure shared by the
four health-relevant parameters—a pattern that justifies prioritising
these ions for targeted monitoring and supports the geochemical

Correlation Heatmap of 15 Water Quality Parameters
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Figure 3: Correlation Heatmap.

principle that salinity-related ions (Na, Cl, TDS) co-vary with land-
use-driven contaminants such as nitrate. Figure 3 presents a Pear-
son correlation heatmap of the 15 parameters, with colour intensity
encoding the strength and direction of pairwise relationships. The
matrix is dominated by a block of strong positive correlations among
the major ions—Sodium, Chloride, Sulphate, TDS, and Total Alkalin-
ity—and a separate cluster linking Calcium, Magnesium, and Total
Hardness. Weak or near-zero correlations characterise pairs such as
pH-Well Depth and Fluoride-Nitrate, indicating largely independent
geochemical controls. Negative correlations are sparse and modest,
consistent with the absence of strong acid-base antagonism in the
dataset. The two relationships carrying the greatest implications for
oral, dental, and systemic health are

1.  Calcium-Total Hardness (with Magnesium)

2. TDS-Sodium (with Chloride)
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The strong positive Calcium-Hardness-Magnesium cluster re-
flects the dominant contribution of these cations to water hardness;
hardness is mechanistically relevant to dental and cardiovascular
health because calcium and magnesium participate in enamel remin-
eralisation and have been associated with protective cardiovascular
effects, while very high hardness degrades palatability and promotes
scaling [16]. The strong positive TDS-Sodium-Chloride relationship
reflects salinity co-occurrence; because these ions share the same dis-
solution and agricultural sources, an elevated value of one flags poten-
tial elevation of the others, compounding hypertension and corrosion
risk [2,14]. In comparison with previous studies, the observed cor-
relation structure is consistent with the well-established geochemical
grouping of salinity-related ions and hardness-related cations report-
ed in regional groundwater assessments and ML groundwater-quality
reviews [22-33]. The agreement in positive Na-CI-TDS coupling is ex-
pected given their shared evaporite and agricultural provenance. The
principal difference is that the present heatmap integrates all 15 pa-
rameters simultaneously, revealing that the health-relevant correla-
tions are confined to two coherent geochemical blocks; this supports
the scientific inference that targeted monitoring of a small set of in-
dicator ions (hardness, sodium, chloride, TDS) can proxy for broader
water-quality surveillance relevant to oral and systemic health.

Conclusion

This study applied a machine learning-assisted exploratory
framework to a uniquely long-term, 86- year, 238-well, 505-sample
groundwater chemistry dataset with the aim of identifying chemical
factors relevant to oral and dental health. Using Google Colab-based
statistical and visualization workflows, 15 physicochemical param-
eters were characterized through descriptive statistics, boxplot and
frequency- distribution analysis, and correlation-matrix modeling.
The results identified fluoride, nitrate, pH, and total dissolved solids
as the parameters most directly relevant to oral health, each display-
ing right-skewed distributions with substantial guideline exceed-
ances in a subset of wells, while correlation analysis revealed strong
geochemical linkages between fluoride and alkalinity and sodium
that may compound fluorosis risk in specific hydrogeological set-
tings. These findings were broadly consistent with prior fluoride- and
nitrate-focused groundwater research, while also revealing greater
distributional heterogeneity and a distinct fluoride-nitrate source
pattern attributable to the extended temporal and spatial coverage
of the dataset. Overall, this study demonstrates that accessible, repro-
ducible machine learning tools can meaningfully support the explor-
atory screening of environmental chemical exposures relevant to oral
health, providing a foundation for future predictive modeling, target-
ed water-quality monitoring, and public health interventions aimed
at reducing oral disease burden in populations reliant on groundwa-

ter sources.
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