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Abstract: Determining reliable groundwater natural background levels (NBLs) in
heterogeneous mountainous regions remains challenging because multiple flow
domains (pore, fracture, and karst) generate complex hydrochemical patterns governed
by recharge—flow—discharge processes. A critical yet unresolved question is whether
predefined hydrogeological units are consistent with hydrologically controlled
groundwater organization. In this study, we develop a process-informed framework that
integrates unsupervised Self-Organizing Maps (SOM) and supervised K-Nearest
Neighbors (KNN), and use this combined SOM-KNN approach as a diagnostic tool to
evaluate whether statistical zonation reflects hydrologically meaningful groundwater
organization and to quantify transitions between flow regimes. The framework is
applied to a mountainous aquifer system in North China, where 480 groundwater
samples were collected across six predefined units. The SOM analysis reveals a
dominant mineralization gradient that reflects progressive groundwater evolution from
recharge-dominated zones to flow and discharge zones, while trace elements exhibit
localized signatures associated with lithological heterogeneity. Projection of

hydrogeological unit labels onto the SOM topology demonstrates that most predefined
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units are consistent with the underlying hydrologically organized structure, while
transitional zones emerge at unit boundaries. The KNN classification further quantifies
inter-unit separability and identifies overlapping regions that correspond to
hydrologically mixed flow regimes. These overlaps provide a quantitative basis for
refining hydrogeological zonation and improving the delineation of NBLs. Cross-
validation with conventional statistical approaches confirms the robustness of the
identified outliers and transitional samples. Overall, the proposed framework moves
beyond purely data-driven classification by explicitly linking hydrochemical patterns
to hydrological processes and by providing a transferable approach for validating
conceptual hydrogeological models. This contributes to more reliable NBL estimation
and supports groundwater quality assessment in complex aquifer systems.

Key words: Groundwater natural background levels; Self-Organizing Map; K-Nearest

Neighbors; Hydrogeological heterogeneity; Statistical characterization
1 Introduction

Determining reliable groundwater NBLs is essential for distinguishing natural
hydrochemical signatures from anthropogenic pollution and for supporting water
quality assessment, source apportionment, and sustainable groundwater management
(Bondu et al., 2022; Voutchkova et al., 2021). In mountainous terrains, this task is
complicated by pronounced hydrogeological heterogeneity, where pore, fracture, and
karst media coexist and produce complex, high-dimensional hydrochemical
fingerprints that are inherently difficult to interpret using conventional statistical
approaches (Ayed et al., 2017; Hartmann et al., 2014). The coexistence of multiple
water-bearing media not only amplifies spatial variability but also generates nonlinear
interactions among chemical components, which traditional univariate or weakly
multivariate methods cannot adequately resolve (Bi et al., 2023; Khadra et al., 2022).
Consequently, reliable NBL characterization in such settings demands analytical
techniques capable of handling non-linearity, multi-media complexity, and
high-dimensional data structures (Huang et al., 2023). Such capabilities lie beyond the
reach of conventional parametric frameworks, which in turn motivates the adoption of

data-driven machine learning strategies (Haggerty et al., 2023). This study addresses
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this need by developing a hybrid unsupervised-supervised machine learning framework
(Shang et al., 2024).

Early efforts to establish groundwater NBLs relied primarily on univariate
statistical techniques. The iterative Grubbs test, the mean + 2- or 3-standard-deviation
criterion, and cumulative probability distribution methods were widely applied across
various hydrogeological settings (Busico et al., 2024; Preziosi et al., 2021). For instance,
in Xingtai City of the North China Plain, cumulative probability statistics combined
with multivariate techniques were employed to determine NBLs for major ions,
successfully identifying groundwater over-extraction and industrial activities as
primary drivers of contamination (Q. Wang et al., 2025). While such approaches
provided a quantitative basis for distinguishing natural from anthropogenic influences,
they suffer from a fundamental limitation: they assume that the underlying data follow
a specific distribution (e.g., normality) and that the predefined spatial units are
chemically homogeneous, assumptions frequently violated in heterogeneous
mountainous terrains where pore, fracture, and karst media coexist (Parrone et al., 2022;
Zanotti et al., 2022). Consequently, these methods risk either retaining anthropogenic
outliers as “natural” extremes or excluding genuine natural variability as “anomalies,”
leading to biased background estimates (Vieira et al., 2026). To address these
shortcomings, we gradually employed multivariate approaches such as hierarchical
cluster analysis, principal component analysis, and pre-screening procedures (Sako &
Ouangaré, 2023). In the Pinggu basin of Beijing, for example, a combined approach of
cluster analysis, iterative Grubbs’ test, median £ 2MAD, and nitrate isotopes
successfully distinguished industrial, agricultural, and domestic sources of groundwater
contamination (L1 et al., 2021). Similarly, in the Guadalhorce River basin of southern
Spain, the iterative 2¢ technique and distribution function method were compared,
providing recommendations for their respective application under varying
hydrogeological conditions (Urresti-Estala et al., 2013). However, these approaches are
not formulated as integrated modeling frameworks, which limits their ability to capture
complex data structures and to provide consistent classification across heterogeneous

hydrogeological settings.
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More recently, machine learning algorithms have begun to appear in NBL studies,
primarily for outlier detection (e.g., Isolation Forest) or hydrochemical pattern
recognition (e.g., KNN, random forest)(Haggerty et al., 2023; Q. Liu et al., 2026). In
the Pearl River Delta, a coupled CI/Br ratio, KNN algorithm, and empirical Bayesian
kriging approach was applied to quantify nitrate NBLs across hydrogeological units,
revealing substantial spatial heterogeneity linked to permeability and redox variations
(R. Liu et al., 2026). While these studies demonstrate the applicability of machine
learning, they are typically not designed as integrated modeling strategies, limiting their
ability to jointly represent data structure and classification behavior in complex
hydrochemical systems. As a result, the modeling consistency and interpretability of
hydrochemical zonation remain insufficiently addressed.

This leaves three interconnected research gaps that must be addressed to advance
NBL characterization in heterogeneous mountainous settings. First, existing methods
predominantly estimate background values within predefined zones, but they lack an
independent, data-driven means to verify whether those zones truly reflect underlying
hydrochemical clusters rather than arbitrary administrative or geometric partitions (Y.
Wang et al., 2025; Zhou et al., 2023). Second, the degree of chemical overlap between
adjacent statistical units has never been systematically quantified, leaving uncertainty
as to whether current unit boundaries should be refined, merged, or completely
redefined (Li et al., 2025; Zhou et al.,, 2023). Third, these two deficiencies are
particularly acute in terrains where pore, fracture, and karst media coexist, precisely the
settings where conventional univariate and multivariate methods are most prone to
failure due to violated distributional assumptions and unaccounted spatial heterogeneity
(Costanzo et al., 2026). Together, these gaps highlight the urgent need for a framework
that not only validates the hydrochemical coherence of statistical units but also
quantifies inter-unit transitions, thereby providing a robust basis for background value
determination in hydrogeologically complex regions.

To fill these gaps, this study presents a hybrid SOM—-KNN modeling strategy that
integrates unsupervised mapping and supervised classification to improve the

representation and interpretation of complex hydrochemical data. The unsupervised
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SOM extracts inherent hydrochemical topologies to verify whether predefined units are
chemically meaningful, directly addressing the first gap. The supervised KNN
quantifies inter-unit separability through classification accuracy and identifies
compositional outliers, directly addressing the second gap. Together, this integrated
approach offers three major advances over conventional methods: explicit validation of
statistical unit rationality, data-driven outlier verification, and quantification of
inter-unit overlaps. The framework provides a transferable, data-driven methodology
for NBL characterization in hydrogeologically complex regions, supporting
science-based groundwater quality assessment and pollution source identification.

2 Study Area
2.1 Geographical and geological setting
Situated between latitudes 39°40’-40°28'N and longitudes 117°31'- 118°55E, the

study area lies in the northern sector of Tangshan City, Hebei Province, China. The
mountainous area of Tangshan City covers approximately 5131 km?, with ground
elevations generally ranging from 50 to 842 m above sea level; the highest point is the
Bameian Peak in Qianxi County at 842 m. The landscape has been shaped by prolonged
erosion and denudation, resulting in complex mountainous terrain characterized by
rugged ridges and incised valleys (Dang et al., 2025; Ma et al., 2014). Several large
intermountain basins are developed within the area, including the Zunhua Basin, the
Qian'an Basin, and the Hazelzizhen Basin. These basins are topographically open and
flat, with rivers meandering through their central parts and well-developed river
terraces. Regional groundwater flow is intrinsically governed by topography and
geomorphology. In mountainous areas, the dominant flow direction is from north to
south, closely following the elevation gradient that declines from highlands toward
basins and alluvial plains (C. Wang et al., 2025); in the basin areas, flow converges
from the periphery toward the center, with the Qian'an and Zunhua basins exhibiting a
dominant northwest-to-southeast flow direction. Historical water quality data indicate
that the predominant hydrochemical type in the mountainous area is bicarbonate-rich
water, with only localized occurrences of sulfate-type water; TDS are generally below

0.5 g/L in most of the area(Wen et al., 2025).
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The study area spans multiple stratigraphic units from the Proterozoic to the
Cenozoic (Fig. 1). The Jixian and Qingbaikou systems (Mesoproterozoic) are
predominantly composed of dolomite and sandy conglomerate, which serve as the
primary carbonate aquifers in the recharge zones (Xiao et al, 2014). The
Cambrian-Ordovician carbonate sequences occur extensively across the central and
northern sectors of the study region. These sequences include the FuJUNSHAN
Formation (thick-bedded leopard limestone, dolomitic limestone, and dolomite) and the
Majiagou Formation (limestone and dolomite). These carbonate units are the principal
sources of Ca**, Mg?*, and HCOs through calcite and dolomite dissolution, governing
the dominant bicarbonate-rich hydrochemical type observed in most statistical units
(Wu et al., 2025). The Carboniferous-Permian coal-bearing sequences, which contain
significant pyrite (FeS2) and are associated with the Kailuan coalfield, are distributed
in the eastern and southern basin margins. Oxidation of pyrite within these strata
releases SO4* and H*, which likely accounts for the elevated sulfate levels observed in
the transitional zones (Cai et al., 2025). The Quaternary system is composed of
Pleistocene loess, gravel, coarse-medium sand, and sandy clay. In the basin areas, these
lithologies contain unconsolidated pore water and constitute the principal groundwater

storage units for the unconfined aquifers.
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Fig. 1. Location and elevation of the study area in the Tangshan mountainous area

Based on geological structure, stratigraphic distribution, and groundwater
drainage conditions, the mountainous area of Tangshan is divided into four level
hydrogeological zones (Fig. 2)(Dang et al., 2025): (1) the Luanhe River Basin
magmatic and metamorphic rock area, characterized by low-permeability crystalline
rocks that serve as localized recharge zones with limited aquifer storage (Dang et al.,
2026); (2) the East Hebei coastal Zhuhe metamorphic rock area, dominated by fractured
metamorphic rocks with moderate permeability; (3) the Chaobaiji Canal magmatic and
metamorphic rock area, where magmatic intrusions have created complex fracture
networks that facilitate groundwater flow (Wen et al., 2025); and (4) the Zunhua Basin
unconsolidated sediment area, composed of thick Quaternary alluvial deposits that form

the primary groundwater reservoir and discharge zone in the northern basin.
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Fig 2. Geological and hydrogeological setting of the Tangshan mountainous area

2.2 Hydrogeological zoning and statistical units

The division of statistical units followed the technical requirements of the
Statistical Characterization of Groundwater Environmental Background Values (Trial),
combined with local hydrogeological conditions(Ministry of Ecology and Environment,
2023). The basis for unit division included: (1) distribution of hydrochemical types, (2)
TDS concentration contours (generally grouped into <0.5,0.5-1,1-3,3-5,>5g/L),
and (3) abrupt zones of aquifer and groundwater runoff conditions (e.g., alluvial fan
fronts)(He et al., 2022). Areas with similar hydrochemical types and TDS ranges were
first grouped together, followed by fine-tuning based on the geographic patterns of each
background component.

In the study area, groundwater chemical types are broadly similar and TDS is
consistently below 5 g/L. Based on a four-level hydrogeological zoning framework and
the distinction of water-bearing media (pore water, fracture water, karst water), the area
was preliminarily divided into six statistical units (Fig. 3), hereafter referred to as Units

I-VL
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Fig.3. Statistical units and sampling sites in North Tangshan mountainous area
3 Materials and Methods

3.1 Groundwater sampling and analysis

Twelve hydrochemical parameters were selected for background value
characterization: eight major ions (Na*, K¥, Ca*", Mg?*, CI', SO4*", HCO5s", CO3*), TDS
and three trace components (F°, Mn, As). The major ions and TDS serve as the primary
indicators for evaluating conventional groundwater quality and identifying
anthropogenic contamination signals (Voutchkova et al., 2021). F- and Mn were
selected as trace components due to their prevalence in local carbonate aquifers and
their sensitivity to pH and redox variations, which are critical for assessing the
vulnerability of groundwater to geogenic contamination (Amiri et al., 2021). Arsenic,
though present at ultratrace levels, was included because of its potential mobilization
under reducing conditions, a phenomenon documented in neighboring basins of the
North China Plain that warrants systematic evaluation in the Tangshan mountainous

area (Li et al., 2024).
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According to the requirements of the Statistical Characterization of Groundwater
Environmental Background Values (Trial), the study area, characterized by complex
mountainous terrain with an existing survey accuracy of 1:100,000, requires no fewer
than 6 survey points per 100 km?. Following these guidelines, sampling points were
arranged to collect groundwater samples from the six statistical units. In the field, the
collected samples were passed through 0.45 pm membrane filters, then placed into
pre-rinsed polyethylene bottles, and finally delivered to the laboratory at 4 °C within
48 h. Major ions were analyzed by ion chromatography, TDS was determined
gravimetrically, and trace components were measured using inductively coupled
plasma mass spectrometry (ICP-MS). Quality control was ensured by analyzing reagent
blanks, certified reference materials, and duplicate samples every 20 samples, with
relative standard deviations consistently below 5 %.

Data screening followed the Statistical Characterization of Groundwater
Environmental Background Values (Trial), excluding samples with unknown layer
information, suspected contamination, anion-cation imbalance, abnormal
macro-component content, incomplete test results, or unreliable analytical data. After
this screening, a total of 480 groups of samples were retained for statistical
characterization of groundwater background values, meeting the minimum sample size

and spatial distribution density requirements for background value statistics (Fig. 3).
3.2 Data preprocessing and initial outlier identification

Normality of the background data in each statistical unit was examined using the
Shapiro-Wilk test. For data that deviated significantly from normality (p < 0.05),
transformations including Box-Cox, logarithmic, square root, reciprocal, or square root
arcsine were applied to approximate a normal distribution (Joseph & Bhaumik, 1997).
Only data that conformed to normality (after transformation, if applied) were subjected
to subsequent parametric outlier identification methods.

Outliers for major ions and TDS were initially flagged by visual inspection of
Piper trilinear diagrams. Quantitative outlier removal then followed a sample-size
dependent strategy: for statistical units with < 100 samples, the Grubbs test (a = 0.05)

was applied iteratively; for units with > 100 samples, the mean + 36 criterion was used
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(He et al., 2022). When a sample was identified as an outlier for any major component,
all its hydrochemical parameters (including TDS) were excluded. For trace components
(F, Mn, As, NO3"), samples with a detection rate >75% had undetected values replaced
by half the detection limit, and the same Grubbs/3c procedure was applied. For
components with a detection rate between 25 % and 75 %, only detected values were
retained; if the detection rate was < 25 %, the detection limit itself was taken as the
upper bound of the NBL. Given the non-point agricultural influence in the study area,
NO3™ concentrations exceeding 10 mg/L were directly removed as anthropogenic
outliers (Parrone et al., 2019).

All removed outliers were manually checked against field records, local geology,
and potential pollution sources to confirm that they did not represent natural extreme
values (He et al., 2022). Samples from small areas with hydrochemical characteristics
distinctly different from their assigned statistical unit were excluded from that unit and
considered separately. After the above preprocessing and outlier removal, a total of 405
clean samples were retained for subsequent statistical characterization and machine

learning analysis.
3.3 Statistical characterization of natural background levels

According to the distribution of each background value index, the rationality of
the division of statistical units is analyzed, and the unreasonable statistical units are
adjusted (Zhou et al., 2023). The background value data in each statistical unit after
adjustment were counted. Analyze the causes of background values within the scope of
investigation (Sako & Ouangaré, 2023). The maximum value, 5 % quantile and 95 %
quantile of the fractional data of each group in each statistical unit after adjustment are
used as the data basis to characterize the groundwater environmental background value
(Masciale et al., 2021). The lower limit of the groundwater environmental background

value is 5 % quantile and the upper limit is 95 % quantile (Parrone et al., 2019).
3.4 Self-organizing map (SOM)
The SOM is defined as an unsupervised ANN that transforms high-dimensional

input vectors into a low-dimensional (commonly two-dimensional) topological grid

while retaining the topological relations of the original data (Lazarev et al., 2025). In
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this study, SOM was applied to reveal the intrinsic clustering structure of groundwater
samples according to their hydrochemical signatures (Rahman et al., 2022). The
network architecture of a SOM comprises an input layer and a mapping layer, the latter

also termed the competitive layer. For each input vector in Eq. (1) and Eq. (2).

X=(x,,%,, X )T (1)

Wj :(xlj s Xp ot Ky )T (2)

where m is the number of input variables (12 hydrochemical parameters), each neuron
Jj in the mapping layer is associated with a weight vector.

First, the Euclidean distance between the input vector X and W, each weight vector
is calculated, as shown in Eq. (3), and the neuron with the smallest distance is declared

the winner.

d.i:DX_W/D:\/i(xz(t)_wu(t))z 3)

i=1
Second, the weight vectors of the BMU and its neighboring neurons are adjusted
to move closer to the input vector according to the following update rule in Eq. (4) and
Eq. (5).

sz'j :"sz(t'l'l)_""};(t):p(t)(xi(t)_wzj(t)) (4)

po)= )
where 0 < p(?) <1 and p(?) decreases to 0 with time change, and x;(?) and wy;(?) denote
the input signal and the connection weight between input neuron i and map neuron j at
iteration t, respectively.
Third, the final output for a given input is the BMU’s position on the grid, as shown
in Eq. (6).
0~ (minx -1, ©
where O is a nonlinear function (here a simple assignment to the BMU coordinates).
After training, each sample is assigned to a specific neuron, and neurons that are close
on the grid represent samples with similar hydrochemical characteristics.

To determine the appropriate SOM grid size, we followed the heuristic guideline
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of 5x\N, where N is the number of samples (D’Urso et al., 2020). For the 405 clean
samples retained after outlier removal, this yields approximately 100 neurons. However,
considering the relatively limited spatial extent and the need for a sufficiently detailed
yet interpretable topological representation of the six predefined statistical units, a 5x6
hexagonal grid (30 neurons) was selected. This configuration ensures that each neuron
represents approximately 13 samples on average, providing adequate resolution to
capture the primary hydrochemical gradients while maintaining visual clarity for
subsequent cluster interpretation. To validate this choice, we evaluated the mapping
accuracy and topological preservation across a range of grid sizes (Bayat et al., 2025).
The selected grid yielded a quantization error of 1.7511 and a topographic error of
0.0099, indicating that the 5x6 configuration effectively preserves the intrinsic
nonlinear structure of the high-dimensional hydrochemical dataset (Rahman et al.,
2022). The exceptionally low topographic error demonstrates that hydrochemical
similarities among samples are consistently translated into spatial proximity on the
SOM grid, providing a robust foundation for the subsequent validation of statistical unit
rationality while avoiding over-fitting associated with excessive neurons.

The SOM was trained using the selforgmap function in MATLAB's Deep Learning
Toolbox, with the grid configured as a 5x6 hexagonal topology. After training, the
neurons were further clustered using hierarchical clustering with the Ward linkage
method, and the optimal number of clusters was determined by the Davies—Bouldin
index (S. Liu et al., 2023). The resulting SOM-derived clusters were then compared
with the original six hydrogeological statistical units to evaluate the consistency
between data-driven clustering and predefined zonation (Shang et al., 2024).

3.5 Outlier detection using K-nearest neighbor (KNN)

The KNN algorithm was employed as an independent, non-parametric verification
of the outlier removal procedure described in Section 3.2. KNN is a distance-based
method (Euclidean distance) that makes no assumptions about the underlying data
distribution (Chen et al., 2021), making it particularly suitable for hydrochemical data
that often deviate from normality (R. Liu et al., 2026). The fundamental principle

involves sequentially calculating the average distance between each sample point and
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its K nearest neighbors and then comparing the computed distance against a threshold
to identify potential anomalies.

To avoid subjective judgment in parameter selection, the elbow method based on
variance stability was applied to automatically determine the optimal K value for each
statistical unit (Rhyu et al., 2024). The total variance change across all candidate K
values is defined as in Eq. (7) and Eq. (8).

S, = S|Var(Ki+1 )— Var (X, )| (7)

where Var (K;) represents the local variance of average neighbor distances for a given

K.
k
> |Var(K,,, ) Var(K,) 2 0.8S, (8)
i=1

where, |Var(Ki+1)-Var(Kj)| is an absolute difference in variance at two neighboring
values of K; S; is the total variance change. This criterion identifies the “elbow point”
where the incremental gain in variance stabilization diminishes, and 80% of the total
variance change has been accumulated.

The 80% threshold in Eq. (8) is a commonly adopted empirical value in
variance-based elbow methods for anomaly detection, as it balances sensitivity and
robustness by capturing the point where the marginal gain in variance stabilization
substantially diminishes (Elumalai et al., 2017; Ramos Marinho et al., 2020). To assess
the sensitivity of this threshold, we performed a sensitivity analysis by varying the
cumulative variance ratio from 70 % to 90 % at 5 % intervals. The number of detected
outliers remained stable across this range (varying by less than 5 % for most units),
confirming that the 80% criterion is not overly sensitive to the specific threshold value
and that the elbow detection is robust against minor perturbations of this parameter(R.
Liu et al., 2026). This automated approach eliminates subjective judgment in parameter
selection and ensures consistent outlier detection across the six hydrogeological
statistical units. Samples with average distances exceeding a pre-defined threshold
(mean plus three standard deviations of the average distance distribution) were flagged

as potential anomalies. Importantly, this KNN-based anomaly detection was used solely
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for cross-validation purposes to assess the robustness of the parametric outlier removal
applied earlier; no samples were excluded from the dataset based on this KNN detection.
The classification experiments presented later in this study were conducted on the
samples that passed the initial Grubbs or 3o screening only, without further KNN-based
exclusion, to provide an unbiased estimate of unit separability.
4 Results and discussion
4.1 Hydrochemical facies of the delineated statistical units

The Piper trilinear diagrams of the six statistical units reveal the overall
hydrochemical characteristics of groundwater in the mountainous area of Tangshan
(Fig. 4)(Sako & Ouangaré, 2023). On the ternary diagram for cations, most of the
sample points are concentrated close to the Ca** apex, which suggests that calcium
prevails as the dominant cation across nearly all statistical units. In the anion ternary
plot, most samples plot in the HCO3 region, while a subordinate fraction shifts toward
the SO4* corner, suggesting bicarbonate-dominant water with sporadic sulfate
enrichment. Overall, two major hydrochemical facies are identified: HCO3-Ca-Mg type
and Cl-SO4-Ca-Mg type. The HCO3-Ca-Mg type is the most widespread, characterizing
the background water chemistry of most units (Dang et al., 2025). The Cl-SO4-Ca-Mg
type, however, is primarily observed in the northern parts of the Qian’an Basin and the
Zunhua Basin, mainly corresponding to the upper halves of Units I, III, and IV in Fig. 3,
where enhanced evaporation or water-rock interaction involving evaporites may occur
(Liu et al., 2025). Units I, III, and IV exhibit a mixed hydrochemical signature with both
HCOs-Ca-Mg and Cl-SO4-Ca-Mg types. In the anion ternary plot, these samples drift
from HCO; toward SO4> and CI, indicating enhanced evaporation, evaporite
dissolution, or prolonged water-rock interaction (Filipovi¢ et al., 2024). In contrast,
Unit II is tightly clustered in the HCO3-Ca-Mg field, reflecting carbonate dissolution
and short flow paths without anthropogenic signals (Zhang et al., 2025). Units V-VI
remain dominated by HCO3-Ca-Mg type with a minor transitional shift. In the cation
ternary plot, some samples from Units I, III, IV deviate from the bicarbonate corner
toward the no-dominant region, suggesting local Mg?* or Na" enrichment via ion

exchange or mixing (Liu et al., 2025).
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Fig. 4. Piper three-wire distribution for each statistical unit

4.2 Background value statistics

The background value statistics for the six statistical units are summarized in Table
1. According to the national groundwater quality standard (GB/T 14848-2017), each
background value corresponds to a certain water quality class (General Administration
of Quality Supervision & Standardization Administration of the P.R.C., 2017). Overall,
TDS shows a clear increasing trend from the mountainous recharge zones (Units I-1II)
towards the basin-margin areas (Units I[V-VI). A unit-by-unit comparison reveals
distinct hydrochemical signatures. These differences validate the necessity of separate
statistical treatment (Zhou et al., 2023).

UnitI (n=199) has the largest sample size. Its TDS range is moderate (P5-P95:
219-915mg/L), corresponding to Class I-IIl water. The cation composition is
dominated by Ca** (43.5-179 mg/L) and Mg?* (11.9-54.1 mg/L). HCO5™ (88-343 mg/L)
is the predominant anion. This represents a typical HCO3-Ca-Mg type background. F
(P95=0.43 mg/L), Mn (P95=0.01 mg/L) and As (P95=0.0014 mg/L) all fall within
Class I. With the widest background interval and the largest sample size, UnitI
represents the most typical natural groundwater background of the study area, with

minimal anthropogenic disturbance. Unit Il (n=79) exhibits a slightly narrower TDS
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interval (280-809 mg/L, Class I-III). Its CI- and SO4> background levels are lower than
in Unit . Ca®" (57.9 - 132 mg/L) and Mg** (24.7 - 66.3 mg/L) remain dominant. HCOj3"
(146 - 383 mg/L) is even more dominant, indicating stronger carbonate dissolution
control (T. Zhang et al., 2023). F* (P95 = 0.91 mg/L), Mn (P95=0.01 mg/L) and As
(P95=0.0013 mg/L) are all Class I. Unit II represents a “cleaner”, low-mineralization
groundwater endmember compared to Unit I. Unit III (n=42) has a TDS range (236 -
779 mg/L, Class I-IIT) similar to UnitII, but its upper TDS values approach those of
Unit VI. Elevated P95 values of Na* (49.9 mg/L), Cl" (176 mg/L), and SO4* (170 mg/L)
indicate a transition towards CI-SO4 type water (Du et al., 2026). F~ P95 reaches
1.29 mg/L (Class IV). Mn P95 is 0.02 mg/L (Class I). This transitional signature reflects
local evaporite dissolution or prolonged water-rock interaction. UnitlV (n =
40) displays a wide TDS range (162 - 968 mg/L, Class I-1V), indicating strong internal
heterogeneity. Its P5 Na™ (10.0 mg/L) is higher than in Units I-III. The HCO3 range (77
- 253 mg/L) is relatively narrow. This suggests a mixed HCO3-Ca-Mg type. F
(P95=0.43 mg/L, Class I), Mn (P95 = 0.13 mg/L, Class III), and As (P95 = 0.0089 mg/L,
Class I-IIT) show moderate enrichment. The low-TDS end has elevated Na*, and the
high-TDS end has elevated SO4/Cl. Unit5 (n = 39) records the lowest TDS P95
(697 mg/L, Class I-IIT) among all units. Its major ion concentrations are uniformly low.
Ca** (30.9 - 127 mg/L) and Mg** (9.1 - 46.7 mg/L) are relatively low, while HCO3"
(73.9 - 285 mg/L) dominates. F~ (P95 = 0.61 mg/L, Class 1), Mn (P95 = 0.01 mg/L,
ClassI) and As (P95 = 0.00076 mg/L, Class I) remain very low. Unit V represents a
weakly evolved, low-mineralization groundwater endmember. Unit VI (n = 6) has a
small sample size (Zhou et al., 2023). It shows the highest TDS range (320 - 1357 mg/L,
Class I-IV) and the highest P95 values for most ions (Ca>" up to 319 mg/L, HCOs™ up
to 549 mg/L, CI" up to 197 mg/L). F~ P95 reaches 1.57 mg/L (Class IV). Mn P95 is
0.75 mg/L (Class III). As P95 is 0.0010 mg/L (ClassI). These elevated background
values are natural, reflecting prolonged water-rock interaction and evaporative
concentration. The limited sample size (n = 6) warrants caution in interpreting these
statistics.

Trace components (F-, Mn, As): Across all units, F~ background upper limits (P95)
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are generally below 1.0 mg/L (Class I-III), except for Unit III (1.29 mg/L, Class IV) and
Unit VI (1.57 mg/L, ClassIV). Mn remains low (ClassI) in Units [-V but reaches
Class III in Unit VI. Arsenic stays within Class I-III across all units. These patterns
indicate that trace elements are controlled by local redox conditions or mineral sources
rather than by the regional TDS gradient (Zhou et al., 2023). In summary, the six units
show distinct background ranges and hydrochemical signatures. They range from
low-TDS HCO3-Ca-Mg type with Class I-III water (Units I-II), through transitional
mixed types with occasional ClassIV F (UnitsIII-V), to the high-TDS
HCOs-dominated endmember with ClassIV F~ and Class I[II Mn (Unit VI). This
provides a robust quantitative baseline for groundwater quality assessment. The distinct
water quality classes derived from unit-specific background values highlight that using
a single fixed threshold for the entire region would lead to erroneous conclusions. This
underlines the necessity of a unit-specific approach for reliable background

characterization in heterogeneous mountainous terrains (Zanotti et al., 2022).

Table 1. Descriptive statistics of the 12 hydrochemical parameters for each statistical unit (mg/L).

unit TDS Na' K' ca | Mg* cr so# | HCoOs | cos F Mn As
Min 135 293 | 031 252 | 783 | 373 13.1 38 0.002 | 0.1 0.01 | 9.00E-05
Max | 1237 118 46.7 237 98.2 193 298 47 1.8 073 | 074 | 3.36E-03
Unit [
P5 2194 | 581 054 | 4349 | 1189 | 81 | 2349 88 0.03 | 001 0.01 | 9.00E-05
(n=199)
P95 | 9154 | 491 | 1084 | 179 | 5405 | 1289 | 215 | 3434 | 085 | 043 | 001 | 1.44E-03
Med 392 177 | 212 | 757 | 266 | 224 | 739 201 024 | o021 0.01 | 3.00E-04
Min 159 245 | 038 | 298 | 878 | 548 10.4 66 0.007 | 0.006 | 001 | 1.20E-04
Max | 1066 | 686 | 373 150 84.3 104 232 476 116 | 091 0.09 | 2.94E-03
Unit 1T
P5 2798 | 3.04 05 | 5794 | 2468 | 745 | 1725 | 1456 | 009 | 0.1 0.0 | 1.50E-04
(n=79)
P95 | 8092 | 50.06 | 11.82 | 1323 | 66.33 | 9024 | 1345 | 383 0.91 0.65 | 001 | 1.27E-03
Med 422 12.8 138 | 783 | 409 | 234 | 576 289 048 | 031 0.01 | 4.10E-04
Min 21 441 044 | 357 | 889 | 495 12 74 0.02 | 0006 | 001 | 9.00E-05
Max | 1338 189 16 279 78.1 569 217 514 2.06 185 | 003 | 1.67E-03
Unit IIT
P5 2357 | 619 | 049 ) 1455 | 13.83 | 3223 | s8. 0.04 | 0006 | 001 | 9.00E-05
(n=42)
P95 | 778.6 | 4993 | 1067 | 185.1 | 5457 | 1755 | 169.8 | 4165 | 0.84 120 | 002 | 1.28E-03
Med 504 | 2415 | 165 | 852 30 41.05 | 9265 | 192 015 | 022 | 001 | 2.20E-04
Min 127 803 | 037 | 203 | 428 | 635 | 921 59 0.0l | 0006 | 001 | 9.00E-05
Unit IV
Max | 1339 | 784 | 5.00 239 61.7 284 645 268 120 | 074 | 065 | 1.55E-02
(n=40)
P5 162 | 1003 | 048 | 3617 | 752 | 1087 | 246 | 7695 | 002 | 0006 | 001 | 1.10E-04
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P95 968.1 | 5579 | 3.76 177.2 | 5497 | 121.7 | 2014 | 2534 | 075 0.43 0.13 | 8.94E-03
Med 455 19.5 1.46 91.4 258 | 2735 | 97.9 179.5 0.25 0.2 0.01 | 5.95E-04
Min 133 9.25 0.72 26 7.39 2.8 135 63 0.03 0.006 | 0.01 | 9.00E-05
Max 1539 109 27.7 200 118 148 210 404 0.91 1.23 0.01 | 2.22E-03

Unit V
P5 159.8 9.56 0.93 30.9 9.13 6.19 31.8 73.9 0.03 0.006 | 0.01 | 9.00E-05

(n=39)
P95 696.9 | 5008 | 5.74 127 46.69 | 7522 | 199.7 | 285.1 0.61 0.66 0.01 | 7.56E-04
Med 356 16.5 2.97 7.2 22.1 213 77 149 0.18 0.18 0.01 | 1.60E-04
Min 247 436 0.29 54.6 30.2 3.59 4.9 205 0.31 0.27 0.01 | 3.00E-04
Max 1414 89.4 228 349 72.9 213 247 556 1.66 0.8 0.02 | 1.19E-03

Unit VI
P5 32025 | 6.65 0.33 65.03 | 3095 | 9.89 | 2943 | 2552 | 0.39 0.28 0.01 | 3.25E-04

(n=6)

P95 1356.5 | 81.78 | 2.18 3192 | 7228 | 1967 | 2387 549 1.57 0.75 0.02 | 1.04E-03
Med 748 48.85 1.09 137 5565 | 75.15 | 1545 | 3685 1.05 0.41 0.01 | 4.20E-04

4.3 Unsupervised SOM clustering for hydrochemical pattern recognition

The SOM was applied to the entire cleaned dataset (n=405 samples, 12
hydrochemical parameters) to explore the intrinsic clustering structure of groundwater
chemistry without using any prior unit labels (Zhang et al., 2026; Zhong et al., 2022).
The SOM was configured as a 5x 6 hexagonal grid (30 neurons), trained with
PCA-initialized weights and a decaying learning rate over 200 epochs (Bayat et al.,
2025). The resulting component planes (Fig.5) visualize the distribution of each
parameter across the SOM grid, where warm colors (yellow to brown) indicate high
normalized values and cool colors (blue to green) indicate low values (Amiri &
Nakagawa, 2021).
4.3.1 Dominant hydrochemical gradient revealed by SOM

The component plane of TDS exhibits a clear and systematic gradient: low values
consistently occupy the lower left corner, while high values progressively increase
toward the upper right. This gradient represents the primary hydrochemical evolution
axis, reflecting increasing mineralization from recharge zones (southwestern mountains)
to discharge zones (northern basin margins)(Z. Liu et al., 2023). The major ions Na*,
Ca?", Mg?", CI', SO4*, and HCOs™ all show strong spatial concordance with this TDS
gradient, confirming that TDS is co-determined by these dominant ions.

This pattern is consistent with progressive water-rock interaction along the

regional flow path. In the recharge zones (Units I-III), groundwater has low TDS and is
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of HCO3-Ca-Mg type, reflecting active carbonate dissolution. The
Cambrian-Ordovician carbonate sequences serve as the primary sources of Ca?*, Mg?*,
and HCOs". These sequences include the FuJUNSHAN Formation (thick-bedded
leopard limestone, dolomitic limestone, and dolomite) and the Majiagou Formation
(limestone and dolomite). As groundwater flows from the southwestern recharge areas
toward the northern basin margins, residence time increases, allowing more extensive
carbonate dissolution. Simultaneously, dissolution of evaporite minerals (gypsum and
halite) progressively enriches groundwater with Na*, Cl, and SO4* (S. Liu et al., 2023).
This drives the evolution from HCOs-Ca-Mg type toward more mineralized Cl-SOg-
Ca-Mg type waters in downgradient areas (R. Wang et al., 2022). This evolution
sequence is consistent with regional patterns observed in other North China Plain
studies. In contrast, K" exhibited a weaker gradient and contributed less to the regional
TDS variation. Its relatively stable distribution suggests that K™ was mainly influenced
by localized mineral sources and adsorption processes rather than the dominant
groundwater evolution pathway.

In contrast, trace components (F~, Mn, As) exhibited weak or localized gradients,
indicating stronger controls from local geochemical conditions rather than regional
mineralization. F~ enrichment in localized areas may be associated with fluorite
dissolution under Na-HCO; type groundwater conditions, where elevated pH and
carbonate alkalinity enhance fluoride mobilization (S. Wang et al., 2025). Mn showed
scattered  hotspots, reflecting heterogeneous redox conditions; reducing
microenvironments can promote Mn oxide reduction and Mn release (X. Wang et al.,
2022). As enrichment occurred in restricted zones, likely related to reducing and high-
pH conditions that enhance As mobilization through the reduction of As(V) to more
mobile As(IIT) (Li et al., 2024). These localized distributions highlight the importance
of considering element-specific geochemical controls when establishing groundwater
NBLs.

The decoupling between major ions and trace components justifies separate
statistical treatment for background values of different parameter groups. Notably, the

elevated SO4* levels observed in Units III and VI (reflected in the upper-right region
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of the SO4*" component plane) may be linked to oxidation of sulfide minerals in local
coal-bearing sequences. The Kailuan coalfield contains Permian coal seams with
significant pyrite content and lies within the study area. Oxidation of pyrite (FeS)
releases SO+ and H' (Shang et al., 2024). The acidic byproducts of pyrite oxidation
would enhance carbonate dissolution, further contributing to the elevated TDS and
major ion concentrations in these units. Additionally, infiltration of groundwater from
coal-bearing strata may also contribute to the elevated SO+*". This hypothesis is
supported by the transitional mixed HCO3-Ca-Mg and Cl-SO4-Ca-Mg water types
observed on Piper plots for the upper sections of Units I, III, and I'V. It also aligns with
regional observations that coal-bearing strata significantly influence groundwater

chemistry in the North China Plain.

_TDS

Fig. 5. Self-organizing maps of variables in shallow groundwater

4.3.2 Relationship between SOM clustering and original hydrogeological units
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Fig. 6. SOM training and grid visualization. (a) Training convergence curve. (b) Sample counts per
neuron in the 5x6 hexagonal SOM grid.

The training convergence curve (Fig. 6(a)) shows that the average BMU distance
decreased rapidly and then stabilized after 150 epochs, confirming that the SOM
effectively captured the structure of the 12-dimensional hydrochemical data without
overfitting (Rahman et al., 2022). The trained SOM grid (Fig. 6(b)) exhibits highly
uneven neuron occupancy: a dense high-count region in the lower-left corner (up to 50
samples) and sparse low-count neurons in the upper-right and central areas (3-6
samples). This non-uniform distribution indicates that the SOM has compressed the
chemical space into a meaningful topology, concentrating similar samples into specific
neurons (Y. Zhang et al., 2023).

Projecting the original six statistical unit labels onto the SOM grid reveals a clear
spatial segregation. Units I-III (recharge zones, HCOs-Ca-Mg type) map predominantly
to the low-TDS, high-density lower-left region, whereas Units IV-VI (transitional and
basin-margin areas) concentrate in the high-TDS upper-right and right-central regions.
The upper halves of Units I, III, and IV, which contain CI-SO4-Ca-Mg water in the Piper
diagrams, partially overlap the high-TDS zone, confirming that SOM captures internal
heterogeneity within these units (Shang et al., 2024). The overall consistency between
the SOM-driven clustering and the predefined statistical units demonstrates that the
hydrogeological zoning is largely supported by the natural chemical clustering of
groundwater (Fan et al., 2024), with only minor overlaps that suggest boundaries could
be refined with higher-resolution data (Mia et al., 2023). Notably, the SOM-derived

clusters show that these overlaps are not randomly distributed but systematically occur
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along the TDS gradient axis (from lower-left to upper-right of the SOM grid),
suggesting that the transitions between adjacent hydrogeological units follow a

progressive chemical evolution pathway rather than sharp discontinuities.
4.4 KNN-based outlier identification and classification validation

The KNN algorithm was applied for two complementary purposes: (1) to detect
potential outliers within each statistical unit using the optimal neighbor number
determined by elbow curves, and (2) to evaluate the overall separability of the six
hydrogeological units via a supervised classification framework (R. Liu et al., 2026).
The analysis used the same cleaned dataset (n=405) and standardized 12
hydrochemical parameters as in the SOM clustering. All computations were performed

in MATLAB.
4.4.1 Unit-specific KNN anomaly detection and optimal K selection
For each statistical unit, the optimal number of neighbors K for KNN-based

anomaly detection was determined from the elbow curve of distance variance (Fig. 7).
The elbow point, where the variance growth changes from steep to gentle, balances
sensitivity and robustness (Jones et al., 2020). The optimal K values varied considerably
across units: Unit I required K = 14, Unit II: K =9, Units [II-V: K = 6, and Unit VI: K
= 2. This variation is not arbitrary but reflects fundamental differences in the internal

hydrochemical structure of each statistical unit.
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Elbow Curves for KNN Anomaly Detection (All Units)
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Fig. 7. Optimal k selection for KNN anomaly detection using distance variance elbow curves
across Units [-VI
The red dashed line marks the 80% cumulative variance threshold used to identify the elbow point

for each unit. The selected K values are annotated for each unit.

Unit I, with the largest sample size (n = 199) and the widest background interval
(P5-P95 TDS: 219 - 915 mg/L), required the largest K value (K = 14). This indicates
that Unit 1 contains the most diverse hydrochemical compositions, encompassing the
full range of natural variability from low-TDS recharge waters to more evolved
transitional waters. A larger K is necessary to capture this internal heterogeneity and to
ensure that the neighborhood-based distance calculation is not overly influenced by
local fluctuations. In contrast, Unit VI (n = 6) required the smallest K (K = 2), consistent
with its highly compact chemical cluster, as evidenced by its uniform HCO3-dominated
high-TDS composition in the Piper diagram and its exclusive projection onto the
high-TDS region of the SOM grid (Tian et al., 2025). Units III-V, with intermediate
sample sizes and transitional hydrochemical signatures, required moderate K values (K
= 6), reflecting their intermediate positions in the chemical evolution sequence. The
systematic decrease in optimal K from Unit I (K = 14) through Units [II-V (K = 6) to

Unit VI (K = 2) thus mirrors the progressive chemical homogenization from the most
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heterogeneous recharge unit to the most uniform discharge endmember (Basharat et al.,
2025). This pattern validates the conceptual model of hydrochemical evolution along

the regional flow path.
KNN Distance Distributions with Qutlier Threshold (All Units)
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Fig. 8. Frequency histograms of KNN distances and outlier counts for each hydrochemical unit
The red dashed line indicates the anomaly threshold (mean +30 of the distance distribution); samples
to the right of this line are flagged as potential outliers. The number of detected anomalies is shown

in each panel.

Using the respective optimal K values, the average KNN distance was calculated
for each sample. The concentration profiles (Fig. 8) show unimodal right-skewed
distributions in all units, where the majority of samples cluster at low distances
(representing the normal background population) and a small number of tail points
exceed the threshold (Ma et al., 2021). The numbers of detected anomalies were: Unit I:
14, Unit II: 8, Units [II-V: 3 - 5, and Unit VI: 0. Notably, Unit 6 showed no anomalies,
reinforcing its chemical homogeneity and consistent with its very small K value. The
higher anomaly counts in Unit I (14 samples) are consistent with its larger sample size
and greater internal diversity. This inevitably increases the probability of encountering
statistical outliers (Dhapre et al., 2025). Some of these outliers may represent genuine

natural extremes rather than measurement errors or anthropogenic contamination.
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4.4.2 Supervised KNN classification for unit separability

(a) )]

KNN Classification (K=7, Accuracy=65.19%

Optimal K = 7 (Accuracy = 56.79%)

0.57
o I EE 13 | 2 4 2
s 2| 24 | @ | 4 2

kT 3|l 23 | a4 | 12| 1 2

)

o

g .

g 03 A o [N 1 15

Zos

@] s| 19 | 2 8 1 9

2 051

A s 6| 4 1 1
)

0.49 -

VA 100.0%

0.48 -

047 L L |
0 5 10 15 20
Number of neighbors (K) 1 2 3 4 5 6

Fig. 9. KNN classification results. (a) 5-fold cross-validation accuracy as a function of K, with the
optimal K=7 marked by a red circle. (b) Confusion matrix for the KNN classifier at K=7; rows
represent true unit labels; columns represent predicted labels. Diagonal cells show correctly
classified samples; off-diagonal cells indicate misclassifications. Color intensity reflects the number

of samples.

The KNN classification was performed on the 405 samples that passed the initial
Grubbs/3c screening, without further exclusion based on the KNN anomaly detection,
to provide an unbiased estimate of the natural separability of the six statistical units. A
5-fold cross-validation was performed to select the optimal K for classification. The
cross-validation accuracy curve (Fig.9(a)) shows that the accuracy increased rapidly
from K =1 to K =7, reaching a peak of 54.8%, and then fluctuated downward. Thus K
=7 was chosen as the optimal value for classification, balancing under- and over-fitting.
The confusion matrix for K = 7 (Fig. 9(b)) yields an overall classification accuracy
of 65.2 %. While this accuracy is moderate and suggests that the six units are partially
distinguishable, the complementary 34.8 % misclassification rate is equally informative,
it directly quantifies the degree of hydrochemical overlap between adjacent units
(Adem et al., 2026). This overlap is not a methodological failure but rather a reflection
of the intrinsic geological reality that groundwater chemistry evolves gradually along
flow paths, and the boundaries between hydrogeological units are rarely sharp (Jalali et
al., 2024). The misclassification patterns reveal important insights into the nature of
these transitions.

Unit I shows the highest classification accuracy (89.4%, 178 correct samples),
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indicating that its HCOs-Ca-Mg type water is chemically distinct from the other units.
This is consistent with its role as the most typical recharge-zone endmember with
minimal anthropogenic disturbance. In contrast, Unit II is frequently misclassified as
UnitI (24 samples), suggesting that the hydrochemical signatures of these two units
substantially overlap. This overlap is geochemically plausible, as both units are
dominated by carbonate dissolution processes. However, their distinguishing
characteristics (specifically Unit II's slightly lower ClI" and SO4*> background levels)
may not be sufficiently pronounced for a distance-based classifier to separate them
reliably. Unit III also exhibits moderate misclassification, especially with Units IV and
VI, confirming the transitional nature of its hydrochemical signature as previously
identified in the SOM component planes and Piper diagrams. Units IV and V show
moderate accuracies (around 60 - 70 %), reflecting their intermediate positions in the
chemical evolution sequence. Unit VI (only 6 samples) shows 100% correct
classification, but this result is statistically unreliable due to the extremely small sample
size and should be interpreted with caution.

4.5 Complementarity of the SOM and KNN analyses

The unsupervised SOM and supervised KNN analyses were designed to address
distinct but complementary questions regarding the six-unit hydrogeological zoning.
Their integration within a single analytical framework is not merely additive but
synergistic, as each method compensates for the inherent limitations of the other while
reinforcing their respective strengths (Gholami & Sahour, 2024).

The complementarity is clearly illustrated by the specific findings. The SOM
component planes revealed that the overlaps between adjacent units are not random but
systematically occur along the TDS gradient axis, from the lower-left to the upper-right
of the grid. This suggests that the chemical evolution from recharge zones to basin
margins is a continuous process, and the boundaries between units are gradational rather
than abrupt. The KNN classification then quantified this gradation: the 34.8%
misclassification rate directly measures the extent of overlap, with Units I-II and
Units II-IV showing the highest confusion (Amiri & Nakagawa, 2021). Thus, SOM

provides the qualitative spatial context (where and along which gradient overlaps
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occur), while KNN provides the quantitative measure (how much overlap exists).
Together, they transform a qualitative observation into a statistically grounded
assessment.

Another layer of synergy lies in the outlier detection. The unit-specific KNN
anomaly detection, with its non-parametric distance-based logic, served as an
independent verification of the parametric Grubbs/3c removal. The > 90 % agreement
between the two methods confirms that the data cleaning was not arbitrary, while the <
10% discrepancies (samples flagged by only one method) highlight borderline cases
that deserve individual scrutiny. This cross-validation is rarely achievable with a single
method and significantly enhances the reliability of the cleaned dataset (Shang et al.,
2024).

The two methods also connect directly to the research gaps identified in the
introduction. The SOM addresses the first gap, which concerns whether predefined
statistical units are hydrochemically meaningful, by demonstrating that unit labels
projected onto the SOM grid form coherent, spatially distinct clusters. The KNN
addresses the second gap, which concerns whether inter-unit overlaps can be quantified,
by providing the confusion matrix and the 65.2% accuracy figure. The third gap, which
concerns the particular severity of these issues in heterogeneous mountainous terrains,
is implicitly addressed by the fact that both methods consistently reveal gradational
boundaries rather than sharp discontinuities, a finding that would be less pronounced in

hydrogeologically simpler settings.
S Conclusion

This study developed a hybrid SOM-KNN framework to validate groundwater
NBL zonation in a hydrogeologically heterogeneous mountainous area of Tangshan,
North China. By integrating unsupervised hydrochemical pattern recognition with
supervised quantitative evaluation, this framework provides a process-informed
approach for assessing whether predefined statistical units reflect meaningful
groundwater organization. Based on six predefined hydrogeological units, 480

groundwater samples were collected, and 405 samples with 12 hydrochemical
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parameters were retained after rigorous outlier removal.

The SOM analysis revealed a dominant hydrochemical evolution gradient
associated with groundwater recharge-flow-discharge processes. TDS increased from
219-915 mg/L in recharge-dominated units to 320-1357 mg/L in basin-margin units,
indicating progressive groundwater mineralization along the flow path. Major ions
exhibited consistent spatial patterns with this evolution trend, whereas trace elements
showed localized wvariations, suggesting stronger controls from lithological
heterogeneity and local geochemical processes. Projection of predefined units onto the
SOM topology demonstrated that most statistical units corresponded well with intrinsic
hydrochemical structures, while overlaps mainly occurred at unit boundaries, reflecting
transitional groundwater regimes rather than clearly separated hydrochemical domains.

The KNN analysis provided complementary quantitative validation of the
proposed zonation framework. Unit-specific anomaly detection showed >90%
agreement with conventional Grubbs/3c methods, supporting the reliability of the
identified anomalous samples. Supervised KNN classification achieved an overall
accuracy of 65.2%. The moderate classification performance does not indicate a failure
of the zonation scheme but instead reveals the continuous nature of groundwater
chemical evolution in heterogeneous mountainous aquifers, where rigid boundaries
may not fully represent gradual transitions between groundwater regimes.

Overall, the SOM-KNN framework advances conventional NBL assessment by
integrating hydrochemical organization, statistical validation, and hydrogeological
interpretation. The results highlight the importance of considering transitional or mixed
groundwater units when refining background-level delineation and improving
groundwater quality management. However, the limited sample size of Unit VI (n = 6)
may reduce the reliability of local NBL estimates and classification results. Future
studies should incorporate additional sampling, higher-resolution spatial information,
and complementary tracers (e.g., stable isotopes) to further refine groundwater zonation
and extend the framework to other groundwater quality indicators in complex aquifer

systems.
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