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Abstract

Quantitative hydrochemical source apportionment underpins precise mine water inrush prevention
and inter-aquifer pollution control. Ninety-two groundwater samples from four aquifers in the
Anhui Banji Mining Area were tested for six major ions (Ca®, Mg, Na'+K', CI', SO,*, HCO,).
Piper diagrams and Pearson correlation analysis identified dominant HCO,-Ca-Mg hydrochemical
facies, with some Quaternary pore water evolving into the C1-SO,-Na type due to evaporite leaching.
Parallel Absolute Principal Component Scores-Multiple Linear Regression (APCS-MLR) and Positive
Matrix Factorization (PMF) models were used for multi-source contribution quantification and cross-
verification. APCS-MLR extracted three factors (83.99% cumulative variance) representing evaporite
leaching, carbonate dissolution and silicate weathering, but produced unassigned residuals and
negative contributions due to its unconstrained linear algorithm. Validated by the Root Mean Square
Error (RMSE) elbow rule and Bootstrap test, PMF selected three optimal factors with stronger end-
member indication, all non-negative contributions summing to 100% per ion. Both models agreed on
key water-rock reactions, while PMF performed better in end-member recognition and robustness. This
dual-model mutual verification improves the reliability of single-method results, reveals hydrochemical
evolution driven by structures and mining disturbances, and offers technical support for water inrush
source identification in Huainan coal mines.
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Introduction

Accurately identifying the types of water sources
responsible for mine water inrushes and determining the
contribution rate of each source represent core technical
challenges in the precise prevention and control of mine
water hazards [1, 2]. Utilizing multivariate statistical
models to quantitatively trace the origins of groundwater
sources is currently the mainstream and highly efficient
approach in mine hydrogeological research [3]. Similar
engineering and hydrogeological problems prevail
in deep underground engineering projects in China:
excavation-induced damage to aquicludes and activation
of tectonic water-conducting structures are the
fundamental triggers for water and gas inrush disasters,
which has been fully verified in source-tracing research
on high-temperature water-gas outbursts in deep tunnels
of Southwest China [4]. In large-scale coal mining
areas with interconnected multi-aquifer systems, the
spatio-temporal evolution characteristics of multiple
groundwater bodies directly govern the recharge
composition of mine inflow water, and quantitative
apportionment of water source contribution ratios is
an indispensable technical prerequisite for realizing
safe coal mining and scientific water-preserved mining
layout [5].

The Huainan Coalfield and its surrounding mining
areas are located in the Huai River Basin. The roof and
floor strata of coal-bearing formations generally contain
multiple groundwater systems, including Quaternary
pore water, sandstone fissure water, and karst water
from the Taiyuan Formation and the Ordovician System
[6]. Although these aquifers differ significantly in burial
depth, lithological composition, and recharge, discharge,
and drainage conditions, they generally exhibit varying
degrees of hydraulic connectivity with one another
[7-10]. The hydraulic connectivity of deep karst aquifers
in the study area is essentially controlled by the void
structure development and permeability evolution of
broken limestone strata, which provides the geological
conditions for cross-formational groundwater migration
after mining disturbance [11]. During mining operations,
once the water-blocking layers in the roof and floor are
breached or tectonic water-conducting channels are
opened, deep karst water can easily penetrate into the
mine. This not only causes water inrush (or sudden
water outburst) hazards that seriously threaten mine
safety but also leads to cross-layer contamination of
karst aquifers [12, 13]. Therefore, accurately identifying
the source types of mine water inflows (or sudden water
outbursts) and their respective contribution ratios is a
key prerequisite for formulating targeted water control
plans, ensuring mine safety, and promoting green coal
mining [14-16].

Traditional methods for identifying groundwater
sources — represented by the Piper three-line diagram,
the ion ratio coefficient method, and correlation
analysis — can relatively intuitively reveal the chemical
types of groundwater and the intrinsic relationships

among ions, and are the most widely used qualitative
analytical tools in hydrogeochemical research [17-19].
However, these methods are essentially qualitative or
semi-quantitative diagnostic tools; they struggle to
provide definitive quantitative results regarding the
contribution ratios of various water sources under
complex conditions involving multiple aquifers and
multicomponent mixtures [20, 21]. This limitation is
particularly pronounced in cases where mine water
inflows (or outbursts) are often supplied by a mixture
of groundwater from multiple layers [22, 23]. To
address this shortcoming, source-receptor models have
gradually been introduced into the field of groundwater
chemistry research. Among these, the Absolute Principal
Component Scores-Multiple Linear Regression (APCS-
MLR) model extracts latent common factors of water
chemistry components via principal component analysis
and then uses multiple linear regression to quantify
the contribution of each factor to ion concentrations.
While its calculation process is straightforward and its
physical interpretation intuitive, its unconstrained linear
regression mechanism cannot avoid statistical artifacts
such as negative contributions and unrecognized sources
[24-27]. In contrast, the Positive Matrix Factorization
(PMF) model performs factor decomposition on the
receptor concentration matrix using non-negative
constraints and sample uncertainty weighting.
Theoretically, this model better aligns with the actual
physical process of non-negative mixing of groundwater
ionic components; however, determining the number of
factors and interpreting their physical significance still
relies on the researcher’s professional judgment [28-30].
A review of existing relevant research reveals that
there are still two notable gaps in current studies on
groundwater source analysis: First, most studies use
only one of the two models — APCS-MLR or PMF — to
conduct quantitative calculations. A single model cannot
overcome its inherent algorithmic limitations, and since
the analysis results lack a cross-validation step, their
reliability is difficult to effectively verify. Second, given
the unique engineering context of the Huainan Coalfield —
where multiple aquifers are hydraulically interconnected
and mine water inrushes are predominantly caused by
mixed recharge from multiple groundwater layers — there
is a lack of systematic comparative studies examining
the consistency of end-member identification, patterns
of deviations in contribution rates, and applicability for
on-site water control using both models on the same
dataset. Consequently, it is difficult to provide clear
guidance on model selection for identifying the actual
sources of water inrushes in mining areas [31]. Against
this research backdrop, the combined application of
these two receptor models — which complement each
other in their underlying mechanisms — allows for
mutual validation of results to offset the shortcomings of
each algorithm. Furthermore, a quantitative evaluation
of their respective strengths and weaknesses under
coal mine hydrogeological conditions provides clear
complementary value and practical significance.
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In light of this, this paper takes the Banji Mining
Area as its subject of study. A total of 92 groundwater
samples were systematically collected from four
aquifers — the Fourth Aquifer, sandstone aquifer,
Taiyuan limestone aquifer, and Ordovician limestone
aquifer. The concentrations of six major hydrochemical
ions — Ca*, Mg*, Na'+K', CI', SO, and HCO,
— were measured. First, Piper’s three-line diagram and
Pearson correlation analysis are used to characterize
the hydrochemical types of groundwater in each aquifer
and the intrinsic relationships among ion components,
thereby preliminarily revealing the dominant processes
controlling hydrochemical evolution. Subsequently,
APCS-MLR and PMF models are constructed
separately to perform quantitative source apportionment
of groundwater chemical components, identifying the
hydrogeochemical end-members corresponding to
each model and their contribution rates. Based on this,
a systematic comparison of the two receptor models
is carried out across three dimensions: consistency
in end-member identification, causes of differences
in contribution rate values, and applicability to mine
engineering.

This paper does not merely conduct repetitive
calculations with the two models; its core innovations
lie in three areas. First, cross-validation is realized
by virtue of the algorithmic differences between the
two models, which reduces errors derived from the
linear hypothesis of the APCS-MLR model and the
subjectivity in selecting the number of factors for the
PMF model. This practice improves the reliability of
multi-source partitioning and addresses the lack of
verification in single-model analysis. Second, this work
quantitatively defines the applicable scope of the two
models for discriminating mixed multi-aquifer water
inrush in the Huainan Coalfield, fills the gap in regional
comparative case studies of these two models, and offers
a reference for model selection in analogous coal mines.
Third, a low-cost technical framework relying only on
conventional constant ions to quantitatively calculate
water source contribution rates is established. This
method is suitable for emergency water inrush tracing
scenarios with limited underground sampling and
testing conditions. Ultimately, a complete discrimination
framework for mine water inflow and sudden water
inrush sources is proposed for similar mining areas,
providing a theoretical foundation and technical support
for mine water hazard prevention and the rational
utilization of groundwater resources.

Materials and Methods
Study Area Overview and Data Sources
Overview of the Study Area

The Banji Coalfield is located at the junction of
Yingshang County, Fuyang City, Anhui Province,

and Lixin County, Bozhou City, Anhui Province.
It is 25 kilometers north of Lixin County and
30 kilometers south of Yingshang County. Its geographic
coordinates range from 116°09' to 116°30’ east longitude
and 32°51" to 32°56’ north latitude. The entire mining
area extends approximately 6 km from east to west
and 4 to 7 km from north to south, covering an area
of 33.6 km?.

The study area has a warm-temperate semi-humid
monsoon climate, characterized by cold winters and
hot summers, with distinct seasonal boundaries.
Specifically, spring and autumn are windy, rainfall is
concentrated primarily in summer, the snowfall season
typically lasts 2 to 3 months, and the soil freezing
depth generally ranges from 4 to 12 cm. The long-
term average precipitation is 908.6 mm; precipitation
is unevenly distributed throughout the year, with June
through September accounting for more than 60% of the
annual total, constituting the primary recharge period
for regional groundwater.

The study area generally features a gentle slope
that is higher in the west than in the east and higher
in the south than in the north. The terrain is open with
minimal undulation, which facilitates the infiltration
of atmospheric precipitation to replenish groundwater.
The vertical hydrogeological structure of the mining
area is clearly stratified; from top to bottom, it consists
of the Quaternary loose aquifer (Quaternary Aquifer),
the sandstone aquifer (Sandstone Aquifer), the Taiyuan
Formation limestone aquifer (Taiyuan Limestone
Aquifer), and the Ordovician limestone aquifer
(Ordovician Limestone Aquifer). The Quaternary loose
aquifer is particularly thick, with a stable impermeable
clay layer in its lower section that effectively blocks the
vertical infiltration of atmospheric precipitation and
surface water. The sandstone aquifer serves as the direct
water-supply aquifer for the mine; its water-bearing
capacity is unevenly distributed, and the development
of fractures is significantly controlled by tectonic
structures. The Taiyuan Formation and Ordovician
limestone aquifers are thick, exhibit well-developed
karst features, and possess high water-bearing capacity;
they constitute the region’s primary aquifer units and
represent significant potential sources of water for deep
mine water inrushes. Groundwater in the study area
generally flows from northwest to southeast, primarily
receiving lateral runoff recharge from the surrounding
area. Locally, there is overflow through loose layers
and concealed recharge along fault zones. Discharge
is primarily through artificial extraction and mine
drainage. The sampling points in the study area are
shown in Fig. 1.

Data Sources and Hydrochemical
Statistical Characteristics

A total of 92 water samples were collected during
this sampling campaign, including 16 samples from
Quaternary, 26 from Sandstone, 28 from Taiyuan, and
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Fig. 1. Sampling points in the study area.

22 from Ordovician. Six ion concentrations, including
Ca*, Mg*, Na'+K', CI', SO,*, and HCO,, were
measured in milligrams per liter, and the statistical
results are presented in Table 1.

In terms of mean values, there are significant
differences in the hydrochemical composition among
the four aquifer types. The HCO,” concentrations
in the Fourth Aquifer, Taihui Aquifer, and Aohui
Aquifer are generally higher, reflecting the widespread
development of carbonate karst filtration; the average
CI" concentrations in the Sandstone Aquifer and the
Fourth Aquifer are significantly higher, indicating ion
enrichment resulting from rock salt dissolution.

A comparison of the coefficients of variation reveals
that the degree of data dispersion varies among different
ions. The coefficient of variation for SO,> is generally
high across all four aquifer types, indicating that sulfate
concentrations are subject to strong spatial fluctuations
due to the influence of local sulfide oxidation and runoff
conditions; in contrast, the coefficient of variation for
HCO;," is generally low, suggesting that this component
is relatively stable.

Overall, the ionic composition of the four
aquifer types has formed distinct hydrochemical

T T 1 T 1
425000 426000 427000 428000 429000

fingerprints in terms of both mean values and
fluctuation ranges, allowing for clear differentiation
among them and providing a solid data foundation for
subsequent multivariate statistical analysis and source
apportionment modeling.

Hydrochemical Characteristics of Groundwater
Identification of Hydrochemical Types

Hydrochemical types are a comprehensive reflection
of aquifer lithology, hydrogeochemical processes, and
runoff conditions. In this study, the Piper tri-line plot
(as shown in Fig. 2) was used to classify the four types
of aquifers in the study area, visually illustrating the
differences in ionic composition and distribution among
the various water bodies.

The cation triangle plot shows that the sample points
are generally concentrated in the lower half of the
diagram, near the side of the line connecting Ca*" and
Na™+K". Mg* concentrations are generally low, with
Mg?* accounting for no more than 20% at most sample
points, indicating that Mg* does not play a dominant
role in the cation composition. However, differences can
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Table 1. Statistical results of hydrochemical component concentrations in aquifer groundwater.

Sources Statistical Indicators Ca* Mg* Na*+K* Crl N O HCO;
Maximum 50.20 25.55 946.25 1063.50 282.42 555.53
Minimum 8.00 5.83 103.90 6.81 39.51 111.06
Quaternary Mean 28.17 11.98 523.15 542.07 152.35 369.30
Standard Deviation 10.51 6.34 358.94 519.77 91.70 138.86

Coefficient of Variation 0.37 0.53 0.69 0.96 0.60 0.38
Maximum 55.33 24.37 841.52 1020.96 207.56 1356.47

Minimum 2.70 1.83 29.26 7.06 9.65 2.99
Taiyuan Mean 14.07 7.21 693.23 751.39 82.29 486.79
Standard Deviation 9.89 5.46 205.01 292.28 50.56 273.83

Coefficient of Variation 0.70 0.76 0.30 0.39 0.61 0.56
Maximum 35.04 94.26 987.57 1128.20 186.84 1095.92

Minimum 2.90 1.94 494.23 328.69 1.38 50.34
Ordovician Mean 17.10 11.61 641.54 608.30 58.60 564.20
Standard Deviation 10.35 18.92 120.83 251.91 65.05 233.49

Coefficient of Variation 0.61 1.63 0.19 0.41 1.11 0.41
Maximum 43.69 22.12 981.50 1159.20 406.64 723.55

Minimum 7.94 1.95 60.46 3.41 2.55 22.18
Sandstone Mean 22.52 11.15 614.73 654.02 99.42 312.30
Standard Deviation 10.16 5.54 197.27 286.08 98.13 162.26

Coefficient of Variation 0.45 0.50 0.32 0.44 0.99 0.52

still be observed among the four aquifer types: samples
from the “Four Aquifers” group are relatively dispersed,
with some clearly leaning toward the Na*+K" side. This
is typically associated with shallow pore water burial,
strong evaporation and concentration effects, and
cation exchange. In contrast, samples from sandstone,
Ordovician marl, and Tai marl are more clustered on the
side closer to Ca*, reflecting a Ca*-dominated profile.
This is closely related to the dissolution of carbonate
minerals (calcite, dolomite) and calcium feldspar in
sandstone.

From the anion triangle diagram, the distribution
range of the sample points is slightly broader than
that of the cation diagram, extending from the HCO,
side all the way to the side enriched in CI" and SO .
This indicates that the anion types in the study area
are not uniform and that there is a gradual transition
from the HCO,™ type to the CI-SO,* type. The Aogui
water sampling points are closer to the HCO,™ vertex,
indicating that this type of water is dominated by HCO,,
corresponding to a relatively active carbonate dissolution
runoff process, with rapid groundwater circulation
and a short residence time. In contrast, samples from
sandstone and Tai Gray formations are predominantly
located in the CI” and SO,*-enriched zones, suggesting
that these water bodies have longer residence times and

deeper hydrogeological processes, and may also involve
sulfate contributions resulting from pyrite oxidation or
gypsum dissolution.

Based on the comprehensive hydrochemical
classification shown in the central diamond diagram, the
vast majority of samples are concentrated in the lower-
right quadrant — that is, near the HCO,™ vertex and the
Ca*+Mg?* side. This indicates that groundwater in the
study area is predominantly of the HCO,-Ca-Mg type,
characterized by low mineralization and relatively
shallow circulation pathways. However, a few sampling
points, such as Aquifer 4, are clearly shifted toward the
upper-left region enriched in CI'+SO,*. This indicates
that the hydrochemical type of these water bodies has
shifted toward the CI-SO,-Na type or some hybrid type,
which may reflect the presence of local evaporation-
concentration effects or a certain degree of mixing with
deep mineralized water.

Analysis of lonic Correlation Characteristics

To preliminarily reveal the intrinsic relationships
among the groundwater chemical components in each
aquifer and to identify the dominant processes that may
control hydrochemical evolution, this study conducts
a Pearson correlation analysis on six major ions across
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Fig. 2. Piper diagrams for the aquifers and mixed water in the study area.

the four aquifer types, with the results presented
in Fig. 3.

In the Fourth Aquifer, Na*+K" and CI" exhibit an
extremely strong positive correlation, indicating a
common origin that mainly derives from the dissolution
of halite minerals in the strata. In the Ordovician
limestone aquifer, Na™+K" and CI~ likewise show a high
positive correlation, while Ca*" is generally positively
associated with the remaining ions, reflecting a
hydrochemical signature dominated by overall carbonate
rock leaching. In the sandstone aquifer, only Na*+K"
and CI” display a relatively strong positive correlation,
with an r value of 0.87, while the correlations among the
other ion pairs are generally weak, suggesting that the
formation mechanism of the hydrochemical components
in this layer is comparatively simple and mainly
governed by a straightforward dissolution and mixing
process, without an evident pattern of coordinated
multi-component  differentiation. In addition, SO,
and HCO,” show a negative correlation, reflecting that
sulfide oxidation alters the acid-base conditions of
groundwater and thereby inhibits carbonate dissolution.
The ionic correlation pattern in the Taiyuan limestone
aquifer is broadly consistent with that of the Ordovician
limestone aquifer, with a relatively strong correlation
between cations and CI°, while sulfate maintains only a
weak negative correlation with HCO,".

Overall, a strong positive correlation between Na™+K*
and CI- is consistently observed across all four aquifer
types; however, the strength of the correlation between
HCO," and other ions (particularly SO,* and CI") varies

significantly among the different aquifers. This further
confirms that the four groundwater types possess
mutually independent hydrochemical fingerprints,
thereby meeting the requirements for subsequent
quantitative analysis of multiple water sources.

The Theoretical Basis of APCS-MLR
and PMF Models

APCS-MLR Model

This model corrects the negative values inherent
component analysis by
adjusting scores using absolute principal components.
By combining this approach with multiple linear
regression, it enables the qualitative identification of
pollution sources and the quantitative calculation of
their contribution rates. It is effectively applicable to
source tracing analyses in complex hydrogeological
scenarios and can provide a scientific basis for assessing
the factors affecting water quality in the study area and
for pollution control. The main steps are as follows [32,
33].

(1)  Standardization
Component Transformation

The APCS-MLR model first standardizes the raw
hydrochemical ion data in order to eliminate differences

in conventional principal

and Absolute Principal

in dimensionality, using the following standardization
formula:
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In the equation, Z, denotes the standardized
concentration of the k-th ion in the i-th water sample,
C,, denotes the raw measured concentration of the ion,
C , denotes the mean concentration of that ion across all
samples, and o, denotes the standard deviation of the ion
concentration.

The principal component scores are calculated based
on the standardized matrix as follows.

(A ji = Xy wij + Zix )

In the equation, (4), denotes the standardized
principal component score, w, denotes the principal
component score coefficient, and p denotes the number
of ion indicators.

The standardized score cannot be used directly for
the calculation of concentration contribution and must
be converted into the Absolute Principal Component
Score, APCS. A zero concentration standardized vector
is first constructed as follows.

Principal component score corresponding to zero
concentration:

(Ao)j = 257:1 Sij : (Zo)i 4)

In the equation, S, denotes the element of the factor
score matrix.

Calculation formula of absolute principal component
score:

APCSj, = (A ji — (Ao); 5)

In the equation, APCS, denotes the j-th absolute
principal component score of the k-th water sample.

(2) Calculation of Source Contribution Rates by
Multiple Linear Regression

Using the measured concentration of each ion as
the dependent variable and APCS as the independent
variable, a multiple linear regression equation is
constructed as follows.
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Cik = Xj=1 ajic - APCSjy + by, 6)
The average contribution proportion of a single
principal component to the ions:

ajkAPCS i

PC;y, =
jk bk+2;l:1 aji-APCS 7

The average
unidentified source:

contribution proportion of the

by
bk+Z}l=1 aji-APCSji (8)

PCy, =

The contributions from all principal components and
the proportion of the unidentified source sum to 100%,
allowing the magnitude of the contribution of each
hydrological end-member to the ionic components to be
quantitatively distinguished.

(3) Selection of Principal Components

This study selects 6 hydrochemical ion indicators,
namely Ca*, Mg*, Na™+K', CI, SO,*, and HCO,, as
the source apportionment indicators, and performs
principal component analysis on the standardized ion
dataset. The eigenvalues and variance contribution rates
of each principal component are presented in Table 2.

Based on the Kaiser criterion, which retains only the
principal components with an eigenvalue greater than 1,
only PC1, PC2, and PC3 are retained, with a cumulative
variance contribution of 83.99%, as shown in Fig. 4,
representing the great majority of the variation in the
original hydrochemical data. PC4 through PC6 have
eigenvalues below 1 and a low variance contribution,
carrying little effective information, and are therefore
classified as data noise and excluded from the subsequent
multiple linear regression calculation.

(4) Calculation of Rotated Factor Loadings

The Varimax orthogonal rotation method is applied
to rotate the PCA loading matrix, eliminating the
indicator mixing problem caused by the orthogonality
constraint of the principal components and enhancing
the correlation between each ion and a single principal
component, thereby facilitating the subsequent
differentiation of hydrological source fingerprints.

PMF Positive Matrix Factorization Model

The PMF model is an efficient multivariate statistical
model for multivariate factor analysis. By minimizing
the objective function Q, it decomposes the sample
concentration data matrix X into the factor contribution
matrix G, the factor spectrum matrix F, and the
residual matrix E [34, 35]. This study selected a total of
six ionic parameters: Ca®, Mg*, Na™+K', CI', SO,
and HCO,". The PMF model was implemented using
Python 3.12 and relied on the following third-party
library versions: pandas = 1.4.4, numpy = 1.21.6,
scikit-learn = 1.0.2, openpyxl = 3.0.9. The sklearn.
decomposition.NMF module in the scikit-learn
library was invoked to implement non-negative matrix
factorization (NMF), thereby equivalently performing
the positive definite factor decomposition operation
of the PMF. The underlying iterative solution employs
the Alternating Least Squares (ALS) method. During
computation, the model uniformly defines key runtime
parameters, initializes the decomposition matrix
using the nndsvda method, and fixes the random seed
“random_state” to 42 to eliminate random fluctuations
caused by initial iteration values. The model sets the
maximum number of iterations to 1,000 and relies
on the algorithm’s built-in convergence threshold
to determine the termination point. No LI sparsity
constraints or L2 decay regularization are introduced
throughout the process, so the model strictly adheres
to the non-negative constraint decomposition logic of
the standard PMF model to prevent artificial parameter
intervention from altering the objective decomposition
results of the original water chemistry data. The specific
computational steps are as follows.

This receptor model decomposes the high-
dimensional hydrochemical observation concentration
matrix X, where n denotes the number of samples
and m denotes the number of major ion indicators, into
two non-negative submatrices, namely the contribution
rate. matrix G, where p denotes the number of
latent factors, and the source loading matrix F .
The mathematical expression is given as follows.

Xnxm = nprpxm + Enxm 9)

Table 2. Eigenvalues, variance contribution rates and cumulative variance contribution rates of principal components.

Principal Component Eigenvalue Variance Contribution Rate (%) Cumulative Variance Contribution Rate (%)
PCI 2.45 40.76 40.76
PC2 1.48 24.69 65.45
PC3 1.11 18.53 83.99
PC4 0.52 8.70 92.69
PC5 0.41 6.90 99.59
PC6 0.02 0.41 100.00
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In the equation, E_  denotes the reconstruction
residual matrix.

The model introduces uncertainty weighting for the
measurements in order to reduce the interference caused
by detection error, using the following formula.

uij:\/(0.10-xij)2+(0.5-MDLj)2 o)

In the equation, MDL represents the detection limit
of the ion instrument; 0.10 represents the laboratory’s
relative error. To simplify calculations in the actual
modeling process, a concentration of 10% is directly
assigned as the uncertainty. In the subsequent parameter
sensitivity analysis, the overall weight of the uncertainty
is varied to verify the extent to which this simplified
assignment affects the final analytical conclusions.

The model uses the root mean square error (RMSE)
to quantify the accuracy of the reconstruction fit, which
serves as the basis for the preliminary selection of the
optimal number of factors. The calculation formula is as
follows:

_ |1 yn m 2

In the equation, n denotes the total number of
groundwater samples, m denotes the number of
hydrochemical ion indicators, e, and denotes the residual
of the j-th ion indicator in the i-th sample, that is, the
difference between the measured concentration and the
concentration reconstructed by the model.

Relying solely on the RMSE elbow rule to
determine the number of factors is a relatively narrow
approach; this study constructs a multi-indicator
joint validation system to comprehensively determine
the optimal number of factors: Based on the RMSE
elbow inflection point, this study combines three

mathematical criteria — the coefficient of determination
(R?) from model reconstruction, the test for normal
distribution of residuals, and the Bootstrap stability test
— while incorporating geological constraints derived
from the hydrogeochemical evolution patterns of the
study area’s aquifers to minimize human subjectivity
in the factor selection process. After the model
converged through iteration and factor decomposition
was completed, the factor loading matrix was row-
normalized to quantify the contribution ratio of each
individual factor to different hydrochemical ions. The
calculation formula is as follows:

= 0

Rix S x 100% )

In the equation, R, represents the relative percentage
contribution of the i-th factor to the k-th ion, F 4
represents the absolute loading of the j-th ion in the
current i-th factor, and Ziﬂ Fij represents the sum
of the absolute loadings produced by all factors on the
Jj-th ion. This step isolates the unexplained trace random
residual independently, thereby ensuring that the relative
contributions of the three factors sum to 100 percent at
the level of each individual ion.

Results and Discussion

Source Apportionment Results
of the APCS-MLR Model

Rotated Factor Loading Characteristics and
Qualitative Identification of Water Sources

Based on the groundwater hydrochemical testing
data of the study area, a rotated factor analysis is
performed on each water quality indicator. The loading
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characteristics of each indicator on the principal
components after rotation are presented in Table 3, from
which three major principal components, PCI, PC2, and
PC3, are extracted, and a rotated factor loading plot is
constructed accordingly, as shown in Fig. 5, in order to
qualitatively identify the water source types and genetic
mechanisms of groundwater in the study area. PC1 is
dominated by Na*™+K" and CI, indicating that it mainly
originates from the dissolution of halite in the strata
and leaching through groundwater runoff, reflecting
the primary water-rock interaction characteristics of
the region. PC2 is jointly dominated by Ca*" and Mg?",
representing the variation characteristics of the hardness
component of groundwater, which is mainly controlled
by the carbonate dissolution process and constitutes
a typical expression of the natural hydrogeological
background of the region. PC3 is jointly dominated
by HCO, and Mg*, with Ca*" and Na'+K" playing a
secondary role, reflecting the weathering process of

Table 3. Rotated factor loading matrix.

silicate minerals and further characterizing the subtle
differences in the natural leaching origin of groundwater
in the study area.

Validation of Model Fitting Performance

The APCS-MLR model is used to construct
a quantitative regression relationship between the
source factors and the conventional hydrochemical
indicators. The predicted concentration of each
indicator is obtained through the regression equation,
and the linear fitting results between the measured and
predicted concentrations are compared, as shown in
Fig. 6. The coefficient of determination, R?, for the six
major hydrochemical indicators ranges from 0.728 to
0.985, indicating an overall good fitting performance
and confirming that the extracted source factors can be
applied to the quantitative source tracing of groundwater
components in the study area, with the source

Component Ca** Mg* Na*+K* Cl SO HCO,
PC1 0.34 0.14 0.49 0.55 0.48 -0.30
PC2 0.50 0.51 -0.48 -0.34 0.16 -0.35
PC3 0.26 0.58 0.22 0.15 -0.36 0.62
PC4 0.62 -0.55 -0.06 -0.17 0.25 0.46
PCS -0.40 0.28 0.05 -0.29 0.73 0.38
PC6 0.11 0.00 0.69 -0.67 -0.15 -0.22

° ca?t = Mg 4 Na'+K® ¢ ¢ v SO} * HCO;
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Fig. 5. Distribution of rotated factor loadings for each ion.
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contribution results calculated by the model exhibiting a
relatively high level of reliability.

Among the indicators, Na'+K" shows the best fitting
performance, with an R? as high as 0.985, as the sample
points lie closely along both the 1:1 reference line and
the fitted line, reflecting an extremely low prediction
deviation. CI” follows closely, with an R? of 0.938,
exhibiting only slight dispersion among a small number
of low-concentration samples. HCO,” and Mg** show
relatively good fitting performance, with R? values
of 0.829 and 0.810 respectively. SO,>” and Ca** show
a comparatively moderate fitting performance, with
more pronounced dispersion among low-concentration
samples and R? values of only 0.748 and 0.728
respectively.

The differences in fitting performance arise from the
distinct hydrogeochemical properties of the components.
Na*™+K" and CI” possess stable chemical properties
and remain largely unaffected by secondary water-
rock reactions during transport, so their concentrations
are governed mainly by source input, resulting in
higher prediction accuracy. In contrast, Ca*, SO,
and HCO," are more susceptible to mineral dissolution
and precipitation as well as ion exchange, while Mg**
is affected by dolomite weathering, and concentration
shifts arising from adsorption processes occur as well.
During hydrogeological evolution, these secondary
reactions disturb the linear correspondence between ion

concentration and the source factors, leading to greater
dispersion among low-concentration samples and
a corresponding reduction in fitting accuracy. Since
all R? values exceed 0.7, the APCS-MLR model
is considered suitable for the quantitative source
apportionment study of groundwater conducted in this
work.

Quantitative Multi-Source Contribution
Rates of Each lon

The source contribution ratios for each ion were
calculated based on the optimal regression model, while
retaining the model’s inherent unidentified residual
terms to quantify the differences in the contributions
of various water sources to different ionic components.
The calculation results are shown in Fig. 7 below;
there are significant differences in the primary water
sources for different ions, fully reflecting the unique
hydrochemical evolution processes of each aquifer.

PCl contributes the highest proportion to SO,
and also significantly influences CI, Na™+K', and
Ca”; it is identified as a leaching component from
stratigraphic evaporites (rock salt, gypsum, etc.). Coal-
bearing strata and the limestone section of the Taiyuan
Formation in this area widely contain interbeds of salt
deposits. As groundwater flows through rock fractures,
it continuously leaches soluble salt minerals, which

| ¢ Samples =——Fitting Line — — - 1:1 Line |

Ca®' (R?=0.728)

Mg (R? = 0.810)

Na™+K" (R? = 0.985)
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Fig. 6. Comparison between measured and predicted ion concentrations of the APCS-MLR model.
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is the fundamental hydrochemical mechanism behind
the elevated total dissolved solids (TDS) and the
enrichment of sulfate and chloride ions in the water;
PC2 contributes to some extent to Na™+K" and HCO,,
while having a negligible effect on the remaining
components; it represents a local source of carbonate
rock weathering. PC3 is the primary contributor to
HCO,", Mg*, and Ca*, corresponding to the hydrolysis
and weathering of feldspar-type silicate minerals; it is
the dominant pathway for the supply of bicarbonate and
magnesium ions in groundwater.

From the perspective of regional geological
conditions and mining disturbances, the study area has
been influenced by multiple periods of tectonic activity,
resulting in highly developed faults and interlayer
slip structures. Tectonic fracture zones not only
provide favorable flow pathways for deep groundwater
circulation — significantly increasing the contact time
between water and rock and the intensity of dissolution —
but also facilitate cross-flow mixing of groundwater from
different aquifers through water-conducting fractures.
Combined with the depressurization and fracturing
of the roof and floor aquicludes caused by mining
disturbances, this further intensifies the processes of
evaporite karst filtration, carbonate rock dissolution,
and silicate rock weathering. Ultimately, this leads to
the intermixing of water chemistry components across
multiple aquifers, which is the geological root cause of
mine water inflows being predominantly supplied by
multiple sources and the difficulty in identifying the

origin of water in mine water outbursts. Coal mining
disturbances have altered the original groundwater flow
field; the increased hydraulic gradient accelerates runoff
intensity, causing salt and silicate minerals within what
were originally sealed strata to continuously participate
in water-rock reactions, which directly determines the
compositional contribution characteristics of the three
hydrological end-members in the APCS-MLR model.
Furthermore, inherent flaws in the APCS-MLR
model algorithm are clearly evident in the results:
all ions exhibit unidentified source contribution
rates ranging from 10% to 18%, and some samples
show negative contribution outliers in the fit.
This phenomenon stems from the model’s linear
unconstrained regression mechanism, which fails to
strictly satisfy the objective physical law of non-negative
mixing of groundwater components. The unexplained
residuals primarily originate from complex, structurally
controlled nonlinear rock-water reactions, adsorption
and precipitation of trace ions, errors in sampling and
testing data, and linear fitting deviations. Consequently,
it is difficult to effectively decompose unknown water
sources, such as concealed recharge in tectonic aquifer
zones and mining-induced transient overflow. Precisely
because of these limitations of the APCS-MLR, this
study introduces the PMF model — which features non-
negative constraints and uncertainty weighting — to
conduct comparative validation using the same dataset.
By cross-validating the two models, the reliability of
quantitative water source analysis results is enhanced,
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Fig. 7. Multi-source contribution rates of each ion based on the APCS-MLR model.
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thereby better supporting the assessment of mine water
inrush mechanisms and decision-making for water
control engineering.

Sensitivity Analysis of APCS-MLR Model Results

APCS-MLR analysis results are susceptible to
the influence of human-defined parameters such as
factor extraction methods, regression types, and errors
in the observed data. To verify the robustness of the
conclusions, sensitivity tests were conducted using
four sets of control variables. The fitting results under
different parameter settings are shown in Table 4, and
a comparison of the coefficients of determination is
presented in Fig. 8.

Test Scheme: 1) Benchmark scheme: common factors
extracted via PCA combined with ordinary least squares
(OLS) regression; 2) Replace the regression method
with PCA + robust regression to reduce the interference
of abnormal samples; 3) Adopt Factor Analysis (FA)
instead of PCA for common factor extraction; 4) Carry
out 50 Monte Carlo perturbation tests with =£10% normal
random noise added to simulate the measurement
uncertainty of water samples.

The results show that under parameter perturbations
in each group, the reconstructed R? remained stable
between 0.964 and 0.984, with a maximum fluctuation
of only 0.02. Compared to the baseline approach (R?
= 0.973, RMSE = 55.749 mg/L), the fit decreased by
only 0.53% after switching to robust regression, while

Table 4. Sensitivity statistical results of the APCS-MLR model under various parameter schemes.

Algorithm/Parameter . . . ) Result Variation
Variation Dimension Algorithm Setting Details Reconstructed R RMSE (mg/L) Amplitude
Benchmark Model PCA prmmpal componept 0.973 55.749 —
extraction + OLS regression
Regression Algorithm PCA principal component o o
Constraint extraction + Robust regression 0.967 60.896 R* variation: 0.53%
- - N
Pr1n01pal. Component Factor Analysis .(FA) OLS 0.984 42 744 R? variation: 1.13%
Extraction Method regression
. . +10% measurement uncertainty Standard deviation of
+ +
Input Noise Disturbance (50 Monte Carlo simulations) 0.964+0.002 64.43£1.78 R2<0.003

—

=
oo
T

04

Model Determination Coefficient (R2)
=) o
N} @)
1 I

0.964 + 0.002

<

Fig. 8. Comparison of reconstructed coefficients of determination of the APCS-MLR model under different algorithms and parameter

perturbations.
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replacing PCA with FA to extract principal components
improved the fit by 1.13%; under +10% measurement
error Monte Carlo perturbations, the standard deviation
of R? was less than 0.003, indicating that the model
exhibits good tolerance to measurement errors.
Algorithm and parameter fine-tuning caused only minor
fluctuations in fitting accuracy; core conclusions — such
as aquifer attribution and contribution rate allocation
— remained unchanged. This indicates that the APCS-
MLR analysis results are robust and reproducible. Since
the model was not optimized through manual parameter
tuning, biases resulting from subjective settings were
effectively reduced, ensuring the reliability of the
study’s conclusions.

Results of PMF Model Analysis

Factor Loadings and Identification
of Aquifer Endmembers

To overcome the limitations of relying solely
on the RMSE “rule of thumb” for determining
the optimal number of factors (Fig. 9), this study
conducted multidimensional quantitative validation
using reconstruction error, model goodness-of-fit, and
Bootstrap stability for four decomposition schemes (p
=2, 3,4, 5). The model calculation results for different

numbers of factors are shown in Table 5. When p = 2,
the model’s reconstruction residuals were relatively
high, the fit was inadequate, and some hydrochemical
information was lost; when p = 3, the RMSE decreased
to a minimum of 19.09, and the model’s reconstruction
R? reached as high as 99.68%, and Bootstrap stability
reached 95.80%; when p = 4, fitting accuracy decreased,
and the redundant factors had no practical geological
value; when p = 5, the model suffered from severe
overfitting, with a negative R? for the reconstruction,
rendering the decomposition results invalid. Based
on multi-indicator quantitative calculations, p = 3 was
ultimately determined to be the optimal number of
factors for the PMF model.

To intuitively reveal the quantitative relationship
between the contribution rates of three latent factors
derived from the PMF model and six hydrochemical
ions, a factor—ion chord diagram (Fig. 10) was drawn
based on the factor loading matrix. In this chord
diagram, the bandwidth of connecting ribbons between
factors and ions denotes the relative contribution rate
of a given factor to the corresponding ion; a wider
ribbon indicates a higher contribution proportion. As
demonstrated in Fig. 10, the contribution ranges of ions
assigned to the three factors show obvious differentiation
with little overlap, proving that the Positive Matrix
Factorization (PMF) model can effectively discriminate

Table 5. Comprehensive multi-index determination results for the optimal factor number of the PMF model.

Number of Factors RMSE Model Reconstructed R? (%) | Explained Variance (%) Bootstrap Stability Rate (%)
2 38.76 98.67 65.50 72.40
3 19.09 99.68 84.00 95.80
4 81.92 94.08 92.70 61.20
5 515.05 -134.15 99.60 28.50
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Fig. 9. RMSE variation curve of the PMF model with different numbers of factors.
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Fig. 10. Chord diagram of factor—ion loading relationships in the PMF model.

the water source end-members controlled by distinct
hydrogeochemical processes.

According to the matrix numerical analysis, Factor 1
dominates the contributions of HCO,” and ClI,
corresponding to natural water—rock reactions including
carbonate karst dissolution and halite leaching. Factor 2
is mainly loaded on SO, and CI, representing the
dissolution process of sulfate-bearing minerals. Factor 3
is characterized by high loadings of Ca*, Mg*" and
SO,*, reflecting the coupled weathering and leaching
of carbonate and silicate minerals. The ionic loading
features of each factor match well with the three
hydrogeochemical origin types of groundwater in the
study area.

Distribution of Source Contribution Rates
for Each lon

After row normalization is performed on the three
factor contribution matrices, the relative percentage
contribution of each ion across the three factors is
obtained, as shown in Fig. 11. The results correspond
closely to the loading attribution shown in Fig. 10,
further quantifying the explanatory capacity of each
factor for the different ions.

As shown in Fig. 10, approximately 98% of the
contribution to Cl- originates from Factor 1, with almost

no interference from the other two factors, indicating
the highest degree of specificity and identification
performance. Factor 1 represents the end-member
associated with the dissolution of halite minerals in the
strata. HCO,™ is dominated overwhelmingly by Factor
2, with a contribution exceeding 90%, reflecting the
process of carbonate rock dissolution. In comparison, the
sources of Ca*', Mg*, Na*+K, and SO are relatively
mixed, yet all of them exhibit the highest contribution
from Factor 3, reflecting a hydrogeochemical process
governed by multi-source mixing.

The formation mechanism of each end-member is
further analyzed in light of regional tectonic settings,
groundwater runoff conditions, and mining disturbances.
Fault structures and interlayer shear zones are highly
developed in the study area, serving as preferential flow
paths for deep groundwater circulation. These pathways
significantly prolong the duration of water-rock
interaction and facilitate three types of geochemical
reactions, including carbonate karst dissolution, gypsum
and halite mineral dissolution, and silicate mineral
hydrolysis. Underground coal mining disturbs the
original seepage field equilibrium; pressure relief and
fracturing of aquicludes trigger hydraulic connection
among distinct aquifers. Groundwater rapidly migrates
and mixes along structural belts, ultimately leading to
mixed recharge characteristics of cations such as Ca*
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and Mg? from multiple end-members. This serves as
the intrinsic hydrogeological cause of multi-aquifer
mixed water inrush in coal mines. Weighted by the
measurement uncertainty matrix, the PMF model
quantitatively accounts for test errors of individual
water samples, which can objectively reveal the actual
hydrochemical evolution jointly controlled by tectonic
water confinement and mining-induced perturbations.

In terms of algorithmic superiority, the non-negative
factorization constraint of PMF guarantees positive
contribution rates for all ion factors, with the sum of
factor contributions for each single ion strictly equal
to 100%. It avoids unidentified residual terms and
unreasonable negative contribution values commonly
generated by the APCS-MLR model and therefore better
conforms to the physical principle that groundwater
ions are only derived from positive mixing and mineral
leaching recharge. Although the two models yield
highly consistent geological implications for identified
end-members and only slight numerical discrepancies
in contribution allocation, cross-verification between
APCS-MLR and PMF solidifies the conclusion that
evaporite leaching, carbonate dissolution and silicate
weathering are the three dominant hydrogeochemical
processes governing groundwater evolution in the
Banji Mining Area. This dual-model joint verification
provides a reliable basis for quantitative decomposition
of water inflow proportions from different aquifers and
accurate discrimination of inrush water sources in the
Banji Coalfield, and provides direct guidance for water
prevention and control engineering such as layered
drainage depressurization and treatment of tectonic
water-conducting channels.

Differences in Factor Contribution
Distributions of Four Aquifers

In order to reveal the distribution characteristics of
the scores, or contribution amounts, of the three factors
among samples from different aquifers, this study
constructs box plots of factor scores grouped by aquifer,
as shown in Fig. 12. The height of each box reflects the
degree of dispersion of the scores of the corresponding
aquifer samples on that factor, while the position of the
median line within the box reflects the central tendency
of the scores.

As shown in Fig. 12, the score distributions of the
three factors across the four aquifer types display
regular differences that correspond well with aquifer
lithology. The contribution scores of Factor 1 are
generally higher than those of Factor 2 and Factor
3, identifying it as the dominant water source end-
member of the regional groundwater. Among the
aquifers, Quaternary shows the largest box span and
the highest contribution level under Factor 1, followed
by Ordovician and Taiyuan, while Sandstone exhibits an
overall lower contribution. Factor 2 shows a moderate
overall contribution, with the degree of dispersion in the
Quaternary samples markedly higher than in the other
aquifers and a pronounced difference in composition,
reflecting the widespread and stable nature of carbonate
dissolution in the deep karst aquifers. Factor 3 represents
a secondary water source end-member, with generally
low contribution scores across all four aquifer types
and only a small number of water samples showing
anomalously high contribution values, while the median
values remain relatively close among the aquifers.
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Fig. 11. Source contribution rates of each ion based on the PMF model.
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This indicates that the silicate weathering, cation
exchange, and localized sulfate dissolution processes
represented by this factor are distributed relatively
evenly across the region rather than being specific to
any single aquifer, which also explains the phenomenon
observed in Fig. 10, where ions such as Ca*’, Mg*, and
SO, show a prominent contribution from Factor 3
without a clear aquifer-specific orientation.

Overall, the PMF model achieves not only effective
process separation at the ion end-member level but
also a spatial differentiation pattern at the aquifer scale
that is consistent with the regional hydrogeological
background, further supporting the rationality of the
three-factor apportionment scheme.

Sensitivity Analysis of PMF Model Results

To verify the robustness of PMF outputs against
factor number selection, uncertainty weighting schemes
and measurement errors, four control-variable groups
were designed for quantitative sensitivity analysis.
Fitting indicators under different parameter settings are
listed in Table 6, and the comparison of reconstructed
coefficients of determination is displayed in Fig. 13.
Four test scenarios were set: the baseline case with the
optimal factor number p=3; over-factoring with p = 4;
a 20% global amplification of the uncertainty matrix; and
50 repeated Monte Carlo simulations by adding +£10%
random noise to the original ion concentration data.

The results reveal that the baseline scheme
(p = 3) achieves the optimal fitting performance, with
R? = 0.9968 and RMSE = 19.09 mg/L. Raising the
factor number to 4 leads to obvious overfitting and
remarkable deterioration of model fitness. Expanding

uncertainty weights by 20% and introducing +10%
data noise only trigger a mild drop in R?, which proves
the strong anti-interference ability of the PMF model
against measurement uncertainties. Although parameter
perturbations slightly reduce fitting precision, the
core outcomes including the optimal factor quantity,
geological implications of end-members and source
contribution proportions stay consistent. It demonstrates
that PMF results are insensitive to subjective artificial
settings such as initial iteration values and uncertainty
matrix configuration. The model effectively eliminates
the subjectivity in factor determination and guarantees
objectivity and reliability for groundwater source
apportionment.

Comparative Analysis of APCS-MLR
and PMF Models

To objectively and quantitatively evaluate the fitting
accuracy and stability of the APCS-MLR and PMF
receptor models in analyzing the mixed groundwater
sources in the Banji Mining Area, this section conducts
a quantitative comparison using multidimensional
metrics such as reconstruction error, coefficient of
determination, generalization ability via five-fold cross-
validation, residual statistical parameters, and residual
frequency distributions. This addresses the shortcoming
of the original paper, which relied solely on qualitative
descriptions — such as end-member purity and non-
negative constraints — to determine model performance.
The results of the multi-indicator analysis are shown in
Table 7.

We further conducted a visual analysis of the
error distribution characteristics of the two models by
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Fig. 12. Box plots of PMF factor scores for the four aquifers.
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Table 6. Parameter sensitivity statistical results of the PMF model.

Parameter Variation . . . ) RMSE Result Variation
Dimension Algorithm Setting Details Reconstructed R (mg/L) Range
- —a
Benchmark Model Optimal factor ngmber p 3. standard 0.9968 19.09 o
uncertainty U matrix

Increase factor number to p =4

Factor Number Setting . 0.9408 81.92 R? variation: 5.60%
(Over-factoring)
Weight Allocation Uncertainty matrix U globally relaxed by 20% 0911 99.88 R? variation: 8.48%
Input Noise +10% measurement uncertainty (50 Monte Standard deviation
. . . . +0. .66+0.
Disturbance Carlo simulations) 0-90810.000 102.66+0.00 of R?<0.0000

—

o
o0

0.6

Model Determination Coefficient (RZ)

Fig. 13. Comparison of reconstructed coefficients of determination for the PMF model under different parameter perturbations.

Table 7. Quantitative comparison results between APCS-MLR and PMF models.

Quantitative Indicators API(\:/Ii_dlZ[lLR PMF Model Performance Improvement
RMSE (Root Mean Square Error, mg/L) 55.75 19.08 Reduced by 65.8%
MAE (Mean Absolute Error, mg/L) 31.29 12.44 Reduced by 60.2%
MAPE (Mean Absolute Percentage Error, %) 83.16% 41.81% Reduced by 41.36%
Model R? (Coefficient of Determination) 0.973 0.997 Increased by +0.024 (enhanced fitting
performance)
Q?_CV (5-fold cross-validation coefficient of Increased by +0.031 (stronger generalization
0.964 0.995
determination) ) ' ability)
Residual Mean (mg/L) 0.00 -0.12 No systematic bias
Residual Standard Deviation (mg/L) 55.80 19.10 Reduced by 65.8%
N - i - -
Non-negativity Rate of Contribution (%) 96.4% 100.0% 100% physical non-negative constraint
(eliminates meaningless negative solutions)
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Fig. 14. Residual distributions of APCS-MLR and PMF models.
examining the histogram of the reconstructed residual hydrogeological conditions of the Banji Coalfield

frequency distribution (Fig. 14).

The unconstrained linear regression of the APCS-
MLR model results in a wide residual distribution, with
a considerable number of abnormally fitted samples
deviating sharply from zero in both positive and
negative directions, which indicates obvious systematic
fitting bias. Benefiting from the non-negative matrix
factorization constraint, the reconstructed residuals
of the PMF model are tightly concentrated around
the zero baseline and follow an approximately ideal
normal distribution of random errors, presenting a more
reasonable error structure.

Based on a comprehensive analysis of multiple
quantitative fitting indices, 5-fold cross-validation
results and residual distribution characteristics, it can
be concluded that the non-negative constraints and
uncertainty weighting mechanism adopted by the PMF
model conform better to the objective hydrogeological
principles of non-negative mixing of groundwater ion
components. For quantitative identification of multi-
aquifer mixed water inrush sources in mines, PMF
exhibits remarkably higher fitting accuracy, result
stability and sample generalization ability than APCS-
MLR, which renders it the priority model for high-
precision quantitative source apportionment.

Nevertheless, the two models differ in computational
complexity and applicable scenarios with respective
advantages and limitations. APCS-MLR has simple
calculation procedures and a low technical threshold
and is applicable to rapid on-site preliminary source
screening. In contrast, PMF delivers more physically
rigorous quantitative results yet requires relatively
complicated iterative computation. Considering the

and on-site mine water prevention demands, this study
proposes a two-step coupled source identification
framework: APCS-MLR is firstly applied to quickly
determine the general types of water-bearing aquifers,
and PMF is subsequently adopted to conduct refined
quantitative calculation and verification of aquifer
contribution rates. The cross-validation and mutual
restriction of two sets of outcomes can greatly improve
the identification accuracy of multi-layer mixed water
inrush sources, and offer solid technical support
for the targeted prevention and control of mine water
hazards.

Limitations of the Study

Limitations of the Selection Range for
Water Chemistry Parameters

In this study, only 6 major conventional constant
ions including Ca®, Mg, Na'+K', CI, SO, and
HCO;” were selected for source apportionment of
mixed mine groundwater, while high-resolution tracers
such as heavy metal trace elements, hydrogen-oxygen
isotopes and strontium isotopes were not adopted.
Due to practical field conditions, water sampling was
carried out based on routine hydrogeological and water
quality monitoring of the mining area, and only basic
constant ion data could be stably obtained through
batch field measurements. Isotope testing involves high
submission costs and long detection cycles. In addition,
the preservation conditions of water samples collected
from some deep aquifers fail to meet the specifications
for non-destructive isotope testing, so isotopes and trace
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elements were temporarily excluded from the analytical
dataset.

End-member apportionment relying solely on
constant ions has inherent limitations. Constant ions
mainly reflect the intensity of water-rock interactions
and basic ion exchange processes, and have insufficient
capacity to distinguish subtle hydraulic connections
between different aquifers and differences in deep
groundwater runoff paths. Without isotope fingerprints,
the recharge sources, flow ages and mixing ratios of
groundwater cannot be quantitatively determined. This
reduces the accuracy of water source identification to
a certain extent and slightly impairs the recognition
performance of small-scale inter-aquifer leakage
recharge in local areas. Supplementary tests of isotopes
and trace components will be conducted in follow-
up research to further improve the reliability of multi-
endmember coupled water source identification results.

Inherent Limitations Arising from the Source Appraisal
Models Themselves and Sample Conditions

(1) Both APCS-MLR and PMF are built on the linear
mixing assumption of conservative groundwater solutes.
Nevertheless, mine groundwater undergoes complex
water-rock interactions including adsorption, mineral
precipitation and redox reactions. The evolution of non-
conservative ions breaks the ideal linear hypothesis of
the two models and introduces systematic errors into
contribution rate calculation. In addition, APCS-MLR
is incapable of capturing potential hidden recharge
sources, which constitutes an intrinsic algorithmic
defect of this method.

(2) A total of 92 valid groundwater samples were
collected in this work. Although the sample quantity
satisfies the basic statistical demands for regional
analysis, the layout of underground engineering works
restricts the uniform deployment of sampling points
across the whole study area. The scarcity of samples
from critical structural zones such as faults and fracture
belts weakens the spatial representativeness of the
dataset and impedes the accurate delineation of regional
groundwater runoff characteristics.

(3) PMF lowers the subjectivity of factor number
determination via multi-index comprehensive screening
and sensitivity tests, but the final factor count still
depends on statistical thresholds. Artificial subjective
judgment cannot be thoroughly excluded during the
parameter setting process.

(4) The end-member features and corresponding
parameters of the two models are calibrated according
to the local hydrogeological conditions of the Banji
Mining Area. Given the disparities in aquifer lithology,
hydrochemical composition and groundwater flow
regimes among different coalfields, the established
model schemes cannot be directly extrapolated to other
mining areas. Model recalibration and end-member
parameter readjustment are required before practical
application in analogous mines.

Conclusions

Based on 92 water samples collected from the
four aquifer types in the Banji Mining Area, namely
Quaternary, Sandstone, Taiyuan, and Ordovician, this
study systematically investigates the hydrochemical
characteristics and water source composition
of groundwater through the combined use of
hydrochemical diagram analysis, correlation analysis,
and the two receptor models APCS-MLR and PMF. The
main conclusions are as follows.

(1) Groundwater in the study area is predominantly
of the HCO,-Ca-Mg type, reflecting the chemical
characteristics of shallow-circulation water dominated
by carbonate rock dissolution; at some sampling points
in the Quaternary aquifer, the water shows a marked
tendency toward the CI-'SO,-Na type, indicating the
influence of local evaporation and concentration or the
mixing of deep mineralized water. Pearson correlation
analysis showed that a strong positive correlation
between Na™+K" and CI~ consistently existed across all
four aquifer types, indicating that rock salt dissolution
is a widespread process; however, the strength of
the correlation between HCO,™ and other ions varied
significantly among the different aquifers, suggesting
that the four groundwater types possess distinct and
distinguishable hydrochemical fingerprints, thereby
providing a data foundation for subsequent quantitative
source analysis.

(2) The APCS-MLR model extracted three principal
components, accounting for a cumulative variance
contribution of 83.99%, corresponding to the rock
salt dissolution component (PCl), the carbonate rock
dissolution component (PC2), and the silicate weathering
component (PC3), respectively. The dominant water
sources for each ion differed significantly, and the model
generally provided a good fit between the measured
and predicted values for the six ions. However, due to
the limitations of the unconstrained linear regression
mechanism, the model retained an unidentifiable source
contribution of 10%-18% for all ions, reflecting the
inherent limitations of this model in characterizing non-
negative mixing processes in groundwater.

(3) Using a combination of the RMSE elbow method,
goodness-of-fit, and Bootstrap stability, the PMF model
determined that the optimal number of factors is 3.
These factors correspond to rock salt dissolution (98%
contribution from CI), carbonate rock dissolution
(90% contribution from HCO,"), and a mixed-process
end-member, respectively. This model exhibits greater
factor specificity; the non-negative constraint ensures
that all contribution rates are positive and sum to 100%,
with no unidentifiable residuals. The spatial distribution
of factor scores aligns well with the aquifers’ lithology
and hydrogeological conditions, validating the reliability
of the interpretation results.

(4) Both models reached consistent conclusions
regarding the dominant hydrogeochemical processes,
with only slight differences in the numerical values of
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the contribution rates. APCS-MLR is computationally
efficient and suitable for rapid source tracing during
emergency water inrush incidents; PMF’s physical
mechanisms better align with groundwater flow
patterns, yielding more robust quantitative results. The
approach of cross-validating the two models using the
same dataset effectively mitigates algorithmic biases
inherent in a single model and provides a reliable
technical reference for identifying the sources of water
inrush and implementing precise prevention and control
measures for water-related hazards in multi-aquifer
mines within the Huainan Coalfield.
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