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Abstract:

In recent years, due to alterations in the natural environment and intensified
anthropogenic activities, there has been a widespread degradation in groundwater
quality in China, with the harmful effects of this decline most evident in agricultural
areas. However, it remains challenging to accurately distinguish the impacts of different
factors on groundwater quality changes, complicating efforts to effectively manage and
prevent groundwater pollution. This study integrates hydrochemical analysis, the
Entropy-Weighted Water Quality Index (EWQI), Self-Organizing Maps (SOM), and
the Boruta algorithm to explore the chemical evolution of groundwater and its driving
factors in the Sanjiang Plain, an important grain-producing region in China. Results
showed that compared to 2012, the quality of deep groundwater in the Sangjiang Plain
improved in 2022, while the quality of shallow groundwater significantly deteriorated.
The shallow groundwater classification transitioned from a predominantly HCO3-Ca-
Mg type, influenced chiefly by water-rock interactions, to a mixed type comprising
HCOs3-Ca-Mg and SO4-CI-Ca-Mg. Results of hydrochemical analysis and EWQI
evaluations indicated that elevations in chloride, sulfate, and nitrate levels due to
anthropogenic activities are the principal drivers of the decline in shallow groundwater
quality. The SOM results suggested that land use types significantly affect the quality
of shallow groundwater. Further analysis with the Boruta algorithm indicated that the
primary factors contributing to the deterioration of shallow groundwater quality were
the increased emissions of sewage and manure from expanding livestock operations
and heightened pollutant leakage due to the expansion of paddy fields. This study
provides new insights into the mechanisms driving groundwater evolution in intensive
agricultural areas affected by human activities and hydrogeochemical processes. The
findings could contribute to the prevention and control of groundwater pollution in the
Sanjiang Plain and may also serve as a reference for managing groundwater
contamination in other similar agricultural regions.

Keywords: Groundwater; Hydrochemistry; Water quality; Machine learning;
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Sanjiang Plain

1 Introduction

Groundwater, the largest freshwater reservoir on earth, plays a critical role in
sustaining various human activities, including drinking, agricultural irrigation, and
industrial operations (Lapworth et al., 2022). However, the overexploitation and
excessive use of groundwater resources have resulted in a widespread decrease in the
water levels of numerous aquifers around the world (Jasechko et al., 2021; Konikow et
al., 2005; Rodell et al., 2018). In addition, increasingly intense human activities have
led to widespread deterioration of groundwater quality, ranging from localized
contamination caused by discharges from septic tanks or pit latrines (Graham et al.,
2013), to extensive nitrate pollution and increased salinity in large aquifer systems due
to the application of agricultural fertilizers and irrigation practices (Ascott et al., 2017,
Pulido-Bosch et al., 2018). The degradation of groundwater quality, in turn, poses
potential threats to human health and the growth of crops, emerging as a crucial
determinant in constraining the availability of groundwater resources. Indeed, even in
some heavily exploited aquifer systems, the constraints imposed by deteriorating
groundwater quality have already deteriorating groundwater quality have now
exceeded those caused by depletions in groundwater resulting from over-pumping
(MacDonald et al., 2016). Therefore, investigating the long-term evolution of the water
quality of aquifers impacted by human activities and identifying the main driving
factors are crucial for effective groundwater resource protection and pollution control.

In general, the physicochemical properties and quality of groundwater in an area
are significantly influenced by both natural processes and anthropogenic activities (Yan
et al., 2021). Under natural conditions, the interaction between water and rock leads to
the dissolution of minerals from the bedrock into the groundwater, resulting in the
progressive accumulation of ions and determining the basic hydrochemical properties

of regional groundwater (Elango et al., 2007). Concurrently, anthropogenic activities
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also introduce contaminants that strongly affect the chemical composition of
groundwater (Huang et al., 2013). Given the multitude of natural and anthropogenic
factors affecting groundwater chemistry, coupled with the complex interplay among
these influences, it is very challenging to distinguish the impact of different factors. In
recent years, owing to its strong capabilities in result visualization and capturing the
spatiotemporal characteristics of nonlinear complex systems, machine learning
approaches have been increasingly introduced into the study of groundwater quality
evolution and have achieved inspired results (Deng et al., 2023; Kim et al., 2020;
Nguyen et al., 2015; Yin et al., 2021; Zhong et al., 2022). Self-organizing maps (SOM)
is now one of the most widely used machine learning approaches in groundwater quality
study. It is a powerful neural network model based on unsupervised learning algorithms,
capable of transforming complex nonlinear statistical relationships between high-
dimensional data into simple geometric relationships (Kohonen, 2001). The SOM
method is typically used in conjunction with clustering methods, such as hierarchical
clustering, to analyze the hydrochemical parameters of groundwater samples and group
the samples into different clusters (Kim et al., 2020; Lee et al., 2019; Nguyen et al.,
2015; Zhong et al., 2022). Then, the potential mechanisms underlying the formation of
these groundwater clusters can be explored by examining the correlations among the
hydrochemical parameters derived from SOM analysis, in conjunction with the local
hydrogeological conditions. Recently, some feature selection algorithms, such as the
Boruta algorithm, have been introduced to identify the driving factors of water quality
evolution. They can display the importance of different factors in water quality
evolution more intuitively than the SOM method, which can support and validate the
results obtained by the SOM method. Wang et al. (2023) successfully analyzed the
impact of land use on the water quality parameters of the Huai River in China combined
using the SOM method and Boruta algorithm (Wang et al., 2023). However, research
on the joint application of the SOM method and feature selection algorithms for

analyzing the driving factors in groundwater quality evolution remains scarce.
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In China, groundwater accounts for one-third of the total available water resources
and is a major source of water supply. Especially in northern China, groundwater
provides about two-thirds of drinking water, half industrial water, and one-third of
irrigation water (MEP, 2011). However, in recent years, there has been a nationwide
degradation of groundwater quality due to the influences of human activities and
hydrogeochemical processes (Gu et al., 2013; Guo et al., 2014). The detrimental effects
of groundwater quality degradation are most pronounced in agricultural areas,
attributable to: (1) the challenge of controlling non-point source pollution from
agricultural activities, leading to increased vulnerability of groundwater to
contamination in these areas (Gu et al., 2013), and (2) the reliance on private wells as
the principal drinking water sources in most rural areas of China , coupled with a lack
of adequate purification systems, significantly heightens the health risks associated
with contaminated groundwater (Jia et al., 2018). Therefore, there is an urgent need to
conduct research on the patterns of groundwater quality evolution and its influencing
factors in agricultural areas of China.

The Sanjiang Plain, one of the most important grain-producing regions in China,
is a large-scale agricultural irrigation area where rice is the main crop. In this region,
groundwater serves as the primary source for both agricultural and residential drinking
water. In recent years, the area has been facing relatively serious groundwater pollution
issues (Deng et al., 2023). At present, research on groundwater in the Sanjiang Plain
predominantly focuses on water quantity (Ling et al., 2023; Liu et al., 2016; Sun et al.,
2022). There are only a few studies addressing groundwater quality, and these are
limited to basic analyses of hydrochemical indicators (Cao et al., 2014; Ye et al., 2022).
Systematic research on the evolution of groundwater quality and the driving factors in
this area is still lacking. Thus, the overall goal of this research is to identify the
hydrochemical evolution and governing mechanisms of groundwater in the Sanjiang
Plain. The corresponding research focuses include (1) analyzing the spatiotemporal

variations of regional groundwater chemistry based on water quality data in 2012 and
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2022, (2) exploring the primary governing mechanisms for the hydrochemical
evolution of groundwater using the SOM method and Boruta algorithm. The findings
of this study contribute to a deeper understanding of the groundwater quality evolution
in agricultural areas and provide valuable information for groundwater pollution

protection and management.

2 Data and methods

2.1 Description of the study area

The Sanjiang Plain is situated in northeastern China and is an alluvial lowland
formed by the diverging flows of the Songhua River, Heilong River, and Wusuli River.
It spans approximately 108,900 square kilometers (Fig.1a). In this paper, our focus is
on the basins of the Heilong, Songhua and Naoli Rivers (Fig.1b), which cover most of
the agricultural irrigation areas on the Sanjiang Plain. This area has a temperate humid
and semi-humid continental monsoon climate, characterized by warm and humid
summers, and cold and dry winters. The average annual precipitation in this area is
between 500 and 700 mm, the average annual temperature varies between 1.6°C and
3.9°C, and the annual sunshine ranges from 2400 to 2500 hours. The unique climatic
conditions is suitable for agricultural development, especially the cultivation of crops
such as rice, soybeans, wheat and corn (Jin et al., 2016).

The terrain of the study area is low and flat, with an average elevation of 50 to 60
meters. In the hilly regions of the southwest and northwest, the geological strata mainly
consist of granite, metamorphic rock, and volcanic rock. The groundwater in these areas
is bedrock fracture water. In the plains of the northeastern region, shallow groundwater
is primarily hosted within the porous aquifers of sand and gravel from the Quaternary
and Tertiary periods. Given the flat topography, the rate of groundwater flow is slow in
this region. The groundwater is mainly recharged by infiltration from atmospheric
precipitation and seepage from irrigation, while it is primarily discharged through
artificial pumping and evaporation. The flows from the southwest to the northeast

(Zhang et al., 2017). Agricultural land, including paddy fields and dry fields, is the
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predominant type of land use in the region, accounting for more than half of the total

area (Fig.1c, d). This is followed by woodland, which occupies over one quarter of the

total area.
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Fig.1. Locations of the Sanjiang Plain (a) and the study area (b). Land use patterns

and sampling sites in 2012 (c¢) and 2022 (d).

2.2 Data collection and processing
Sampling campaigns were conducted in November 2012 and July 2022. The
samples were mainly gathered from existing irrigation wells near the cropland and
household drinking wells. The samples are categorized into shallow (< 20m) and deep
groundwater (> 20m) based on the depth of the groundwater. A total of 53 shallow
groundwater and 6 deep groundwater samples were collected in 2012, and 56 shallow
groundwater and 7 deep groundwater samples were collected in 2022 (Fig.1c, d).

Before sampling, at least 5 L of water were drained from the well to ensure the sample’s
7
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freshness and representativeness. The physicochemical parameters such as pH, EC and
TDS were measured in situ using a portable pH/EC meter. The samples were collected
in pre-washed polyethylene (PE) bottles and carefully labeled. Subsequently, these
samples were brought back to the laboratory, stored in refrigeration at 4°C and tested
as soon as possible. The concentrations of cations (Na®, K*, Ca?’, Mg?") were
determined using an atomic absorption spectrophotometer. Meanwhile, the
concentrations of anions (CI, SO4*, HCOs3, NO3) were measured using ion
chromatography. Repeated measurements of water samples were taken to ensure that
the data were valid. In addition, the percentage error in ionic charge balance was less
than 5% for each sample, which further ensured the accuracy of the physicochemical
analysis.
2.3 Entropy-weighted water quality index

The EWQI emerged gradually after Li et al. (2010) integrated the concept of
entropy weighting into the traditional water quality index (WQI), utilizing entropy
theory to compute the weights for a method of water quality evaluation (Ji et al., 2020;
Kumar et al., 2021; Li et al., 2010; Wang et al., 2019). All the physical and chemical
parameters from water samples are consolidated into a single representative value that
can reflect water quality. This approach has been widely used by many scholars to
evaluate the overall quality of groundwater (Adimalla, 2021; Li et al., 2021). The
method consists of four main steps, first construct the eigenvalue matrix X, which can
be associated with all physicochemical parameters; then standardize the matrix X by
yij to form the standard matrix Y; then calculate the information entropy e; and
entropy weights w;; and finally calculate the EWQI values based on the quantitative
grading gradient q; of the water chemistry indexes (Eq. (1)(2)) (Adimalla et al., 2020;

Krishna et al., 2023; Sheng et al., 2023).

C.
qj =5 X 100% (1)

EWQI = Y7L, (w; X q;) (2
All physical and chemical parameters from water samples are consolidated into a

8
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single representative value that mirrors water quality. This approach has been
extensively adopted by scholars for assessing groundwater's overall quality.
2.4 Self-organizing maps

In 1982, Kohonen proposed a method for reducing dimensionality and reflecting
data similarity by partitioning similar data items, the self-organizing mapping algorithm
(SOM) (Kohonen, 1998). SOM is a neural network model based on an unsupervised
learning algorithm that is capable of visualizing and interpreting linear and nonlinear
relationships in high-dimensional datasets, and is constructed from an input layer and
an output layer, and is connected to each neuron in the output layer by a weight vector
on a hexagonal grid (Liang et al., 2015; Olkowska et al., 2014; Zhang et al., 2023;
Zhong et al., 2022). The SOM neural network is mainly composed of four training steps:
initialization, competition, self-organization and iteration, which can be mainly
outlined as follows (Gtinter et al., 2002; Yin et al., 2021):

(1) Select the appropriate learning rate and the number of network nodes to
initialize the SOM neural network, where the learning rate determines the rate of
convergence, and the network nodes affect the fit between the trained network
distribution and the training data distribution.

(2) For different input patterns, each neuron in the network neuron calculates its
own discriminant function value by the following formula, in which the specific neuron
with the smallest discriminant function value is the winning neuron (BMU). The
discriminant function (squared euclidean distance) is calculated as follows (Eq. (3)):
di(x) = X, (x; — wj;)? 3)
Where D is the input latitude; x; is the input data; wj; is the weight vector between
neuron j and input data i.

(3) after obtaining the winning neuron (BMU) in the previous step, a topological
neighborhood is defined with the neuron as the center, and all the neurons in the
neighborhood will be updated to varying degrees according to their own weights in

order to adapt to different input vectors, in which the winning neuron The weights are
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updated to the largest extent (Eq. (4)).

Ty (6) = exp (— ) @
Where I(x) is the index of the BMU; S;;(,y is the distance between neuron j and
the winning neuron; o(t) decreases linearly with time.

(4) Optimize the search process and converge to the best self-organizing mapping
(Eq. (5)).

Awj; =n(t) ® Tj 0 (t) * (x; — wji) )
Where: n(t) is the learning rate; x; is the input data.

The trained SOM model can be represented by two-dimensional planar graphs of
different variables, and the weight values of the variables in each neuron are visualized
with different color gradients, with high and low values represented in red and blue,
respectively, and comparative analyses of the color gradients of individual variables
can clearly identify the correlations between different variables. Therefore, in recent
years, SOM has been widely used to assess water quality and can effectively analyze
spatial and temporal variations in groundwater samples (Deng et al., 2023; Olkowska
et al., 2014; Zhang et al., 2023).

2.5 Boruta algorithm

The Boruta feature selection algorithm was introduced by Stoppiglia et al. (2003)
based on the development of the Random Forest algorithm, which is mainly used to
identify important input parameters from multiple related features to match the
attributes of independent features (Breiman, 2001; Stoppiglia et al., 2003). The Boruta
algorithm is a variable selection algorithm for detecting relevant explanatory variables
that identifies predictor variable results that are critical to explaining the modeled
phenomenon, and it finds relevant predictor variables by comparing the importance of
the original variable to the achievable importance estimated using randomly arranged
copies of the predictor variables (Laakso et al., 2018).

The importance of a feature variable is quantified by the loss of accuracy of the

classification model due to the features randomly assigned to the variable, and then the
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mean and standard deviation of the computed loss of accuracy are both divided to obtain
the Z-score of the measure of importance in the Boruta algorithm (Ahmadpour et al.,
2021; Habibi et al., 2023). The steps of the Boruta algorithm consist of creating shadow
features, obtaining importance, setting thresholds, feature filtering and iteration (Lawal
et al., 2023). In this study, the importance of land use on ion concentrations in
groundwater was quantitatively distinguished based on the Boruta package in R

software.

3 Results and discussion

3.1 General hydrochemical characteristics

The statistical results of hydrochemical parameters groundwater samples are
shown in Table 1. Compared to 2012, there has been little change in the pH of
groundwater in 2022. The concentration of major ions in deep groundwater has
decreased, whereas in shallow groundwater, there is a noticeable increase in ion
concentrations, except for K™ and HCO3". The major cations and anions in both deep
and shallow groundwater exhibited similar abundance patterns. The predominant cation
and anion in groundwater samples was Ca*" and HCO3", respectively. The average
concentrations of cations and anions were in the following order: Ca**>Na™>Mg?">K*

and HCO3>C1>S04>>NO3", respectively.

Table 1 Statistics on basic hydrochemical parameters in groundwater samples (concentration in

mg/L, pH in unit, EC in ps/cm).

2012 2022
Parameters ~ Shallow Groundwater Deep Groundwater Shallow Groundwater Deep Groundwater

Min Max Mean Min Max Mean Min Max Mean Min Max Mean

pH 6.00 800 7.00 6.10 740 @ 6.60 640 800 7.00 6.60 7.70 7.00
TDS 39.8 1266 264 107 660 231 72.1 744 248 113 140 125
EC 79.4 1849 463 214 1319 462 144 1487 497 225 279 251

TH 580 193 66.7 109 101 53.1 123 213 579 222 40.1 279

11
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K* 0.60 134 342 186 450 3.16 0.06 152 271 048 174 1.17
Na* 365 651 222 129 317 227 450 103 24.1 123 188 142
Ca?* 4.81 125 27.8 8.02 433 26.1 10.0 188 44.9 162 315 204
Mg? 097 331 122 292 194 884 235 423 13.0 570 121 7.55
Cr 213 950 165 993 284 151 9.94 146 39.8 7.10 355 137
SOs* 0.61 417 151 0.77 235 11.9 0.15 163 32.5 346 184 8.63
HCOs 45.0 532 156 893 214 146 322 389 143 429 164 115

NOs 064 102 387 1.10 850 3.83 0.01 60.5 7.81 0.05 645 1.07

The Piper diagram provides a comprehensive view of the chemical compositions
of natural water (Egbueri et al., 2020), which is widely used to identify the
hydrogeochemical types and determine the origins of the constituents in groundwater
(Zhang et al., 2021). As shown in Fig. 2, the cation plot indicates that most groundwater
samples fall within the Zone A (Ca-type) and B (No dominant type), while the anion
plot reveals that almost all the samples are situated in Zone B (No dominant type) and
E (HCOs-type). The general characteristics of groundwater chemistry are shown in the
central diamond. The deep groundwater chemistry remains relatively constant, with
almost all samples being the HCOs3-Ca-Mg type. In contrast, the hydrochemical
characteristics of shallow groundwater have undergone significant changes, shifting
from mostly (84.9%) the HCO3-Ca-Mg type in 2012 to a mix of HCO3-Ca-Mg (53.6%)
and SO4.Cl-Ca-Mg (41.1%) types by 2022. This observed evolution trend in
hydrochemical characteristics might be related to changes in the factors affecting
groundwater quality. The HCO3-Ca-Mg type represents natural groundwater quality
predominantly affected by water-rock interactions, such as the weathering of carbonate
minerals in sandstone, silicates, and clay minerals in alluvial layers (Edmunds et al.,
2008; Lee et al., 2019). The composition change from HCO3-Ca-Mg type to SO4.Cl-
Ca-Mg type suggests the influence of anthropogenic pollution due to chloride and
sulfate are typical inorganic pollutants originating from human activities, such as

domestic sewage, livestock breeding wastewater, and agricultural fertilizers (Cao et al.,
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2022; Huang et al., 2013).

2012 Shallow groundwater
2012 Deep groundwater
2022 Shallow groundwater
2022 Deep groundwater

1.80,-Cl-Ca-Mg-type
2.HCO,;-Na type
3.HCO;-Ca-Mg type
4.80,-Cl-Na type

® @ O O

A.Ca-type

B.No dominant type
C.Mg-type
D.Na-type
E.HCO,-type
F.SO,-type
G.Cl-type

Fig.2. Piper diagram of groundwater samples in the Sanjiang Plain.
3.2 Spatio-temporal variations of chemical components

Through a decade of evolution, the concentration of cations in deep groundwater
has generally decreased (Fig.3). While, for the shallow groundwater, the concentrations
of cations showed an increasing trend, except for K*. The rise in cation levels might be
due to more intense water-rock interactions which is related with the elevated acidic
anions. In addition, in 2022, the spatial distribution of cation concentrations in shallow
groundwater showed a different pattern compared to 2012, mainly characterized by a
notable increase in concentration levels within the central region of the study area.

In general, HCOs™ originated from natural sources, such as chemical weathering
of minerals. In 2012, the mean HCOs3™ concentrations in shallow groundwater and deep
groundwater were 156 mg/L and 146 mg/L, respectively. In 2022, these values were
143 mg/L for shallow groundwater and 115 mg/L for deep groundwater (Table 1).
HCOs™ concentrations in both shallow and deep groundwater decreased throughout the
study area, with no significant evolution in spatial or temporal distribution, and high

concentrations were mainly found at the interface between the southeastern mountains
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and the plains (Fig.3(f)). Cl;, SO4* and NO3 are commonly derived from human
activities, and are often used as indicators of anthropogenic pollution (Cao et al., 2022;
Huang et al., 2013; Xiajing et al., 2018). The acceptable limits for Cl- and SO4> are
250mg/L (WHO, 2021). In this study, significant increases in CI° and SO4*
concentrations were observed in the shallow groundwater in 2022, particularly in the
central and western parts of the study area (Fig.3e, g). However, these concentrations
remained within permissible limits, as detailed in Table 1. NOs™ in shallow groundwater
also exhibited the same increasing trend, with an average concentration of 7.81mg/L in
2022 (Table 1). Seven shallow groundwater samples had NOs™ levels exceeding the
groundwater quality standard (20 mg/L) (WHO, 2021). The high NO3™ concentration
values were scattered at multiple sites within the study area (Fig.3h).
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Fig.3. Spatial and temporal distribution of major ion concentrations of groundwater
samples from the Sanjiang Plain.
3.3 Spatio-temporal variations of groundwater quality
In this work, K*, Na*, Ca*, Mg?*, CI, SO4*, HCO3", NO3™ and TDS were used to
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determine the EWQI values for groundwater samples in the Sanjiang Plain. Based on
the EWQI value, the groundwater can be categorized as excellent (<25), good (25~50),
medium (50~100), poor (100~150) and extremely poor (>150) (Wang et al., 2019). The
calculation results show that the EWQI values for shallow groundwater and deep
groundwater in 2012 ranged from 8.02 to 73.59 and 12.10 to 32.05, with mean values
of 24.33 and 20.89, respectively; that the EWQI values for 2022 ranged from 5.18 to
130.26 and 8.7 to 19.01, with mean values of 29.56 and 11.19. In 2012, among 53
shallow groundwater samples, 62.26% were classified as excellent (Rank I), 33.96% as
good (Rank II), and 3.78% as medium (Rank III). Similarly, of the 6 deep groundwater
samples, 66.67% were rated excellent (Rank I) and 33.33% as good (Rank II). By 2022,
out of the 56 shallow groundwater samples, 58.93% were excellent (Rank I), 28.57%
were good (Rank II), 10.71% were medium (Rank III), and 1.79% were poor (Rank IV).

All seven deep groundwater samples tested in 2022 showed excellent (Rank I) quality

(Fig.4).

175
o 2012 Shallow groundwater ]
150 L © 2012 Deep groundwater __ _ Rank5:Extremely poor
e 2022 Shallow groundwater
e 2022 Deep groundwater .
125
_ Rank4:Poor
g0 = — == — - g — — — — — — — — ——
w 75F o . o
50 e o Rank3:Medium
. P TN & ¥ 75T~ o
25| alle g © _ _ _ _ RankeGood
CP (o]
Rank1:Excellent
O 1 1 1 1 1 1

0 200 400 600 800 1000 1200 1400
TDS (mg/L)
Fig.4. Plot of the entropy weighted water quality index (EWQI) versus TDS.
The above results indicate that the quality of deep groundwater in the study area
has improved, while the quality of shallow groundwater has declined. In general,

groundwater classified as Rank I, II and III is suitable for drinking, while water
15
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classified as Rank IV is of poor quality. In 2012, all shallow groundwater samples in
the study area conformed to at least Rank III, satisfying the criteria for potable use.
However, by 2022, the emergence of Rank IV water quality was recorded, accompanied
by a significantly increased number of Rank III water samples. In response to the
deterioration of shallow groundwater quality, spatial interpolation maps of EWQI
values of shallow groundwater in 2012 and 2022 were plotted, and used to analyze the
spatial and temporal evolutionary characteristics of the water quality. As shown in Fig.5,
higher values of EWQI of groundwater in 2012 were distributed in the central and
southern parts of the study area, whereas, after a decade of evolution, high values of
EWQI of groundwater in 2022 were distributed in the central, southern, and
northwestern parts of the area, as well as in the small area in the northeast. When the
calculation of 2022 EWQI values for shallow groundwater was carried out, Cl-, SO4*
and NOs™ had higher w; values (Eq.6) than the other parameters, with NOs™ having the
highest w; value of 0.25 (Table S1), indicating that the elevated EWQI values for
shallow groundwater were primarily driven by fluctuations in the concentrations of CI',
SO4* and NOs™. Meanwhile, the spatial and temporal distribution plots of CI,, SO4>* and
NOs concentrations (Fig.5 (e)(g)(h)) and the spatial and temporal evolution plots of the
EWQI (Fig.5(b)) reflected striking similarities, which further illustrated that Cl,, SO4%,
and NOs™ were the dominant factors contributing to the degradation of shallow

groundwater quality.

(a) 2012 EwWQlI (b) 2022 EWQI
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Fig.5. Spatial and temporal evolution of shallow groundwater quality (EWQI) in the
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Sanjiang Plain.
3.4 SOM output results

Since deep groundwater quality has improved, while shallow groundwater quality
has deteriorated, accompanied by notable changes in its hydrochemical characteristics,
our analysis focused on the evolution of shallow groundwater quality and its driving
factors. We used Na*, K*, Ca**, Mg?*, SO4*, CI,, HCO3", NOs, pH, and TDS in shallow
groundwater as input parameters, and trained the SOM on 53 samples from 2012 and
56 samples from 2022, respectively. The results of the SOM training are visualized
through the generation of U-matrices for the eleven parameters, along with their
component planar topologies. The high and low weight vector values of the neurons are
shown in red and blue, respectively (Fig.6). Based on comparing the color gradient of
each parameter, the correlation between them can be obtained (Lee et al., 2019).

As shown in Fig. 6, there are similar correlations between the hydrochemical
parameters of shallow groundwater in 2012 and 2022. Specially, Na*, K", and HCO3
exhibited a similar color gradient distribution pattern, and the remaining five ions
displayed analogous distribution patterns. In addition, in both 2012 and 2022, pH did
not show similar color distribution patterns with any ions, while the distribution of TDS
was similar to that of several ions, indicating that both are the results of combined
effects of multiple ions. It is noteworthy that in 2012, land use showed a color
distribution pattern similar to that of HO3", while in 2022, it was similar to SO4>, CI,
and NOs". Since these three ions are major contributors to water quality deterioration,
this suggests that land use is an important factor affecting the quality of shallow

groundwater.
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408 3.5 Driving factors of shallow groundwater evolution
409 3.5.1 Water-rock interactions
410 The ratio coefficients of major anions and cations in the water samples can

411  reflect the main hydrogeochemical processes affecting the chemical characteristics. As
412  shown in Fig.7a, the shallow groundwater samples are distributed on both sides of y=x,

413  indicating that the shallow groundwater is affected by the weathering of carbonate and
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silicate minerals together (Liu et al., 2021). The milliequivalent ratio of Ca** to SO4*
not equaling one suggests that gypsum dissolution has a minor influence on water
chemistry (Fig. 7b). In 2012, most shallow groundwater had higher Na* levels than CI
(Fig. 7c¢). By 2022, a marked increase in CI” concentrations was observed, attributed to
heightened anthropogenic emissions, resulting in levels even surpassing those of Na®.
As shown in Fig. 7d, in both 2012 and 2022, many sample points are distributed near
the y=x line, suggesting possible dissolution of minerals such as calcite, dolomite, and
gypsum within the aquifer system. In addition, some sample points deviate from the
y=x line, indicating the participation of other anions and cations in the reaction process.
Gibbs plots are instrumental in showcasing the ionic composition and trends in natural
water, thereby being widely used to identify the mechanisms of water chemistry
formation (Gibbs, 1970; Li et al., 2021; Liu et al., 2023). In both 2012 and 2022,
shallow groundwater samples were mainly located within the rock-dominant zone (Fig.
7e), indicating that the anions and cations are mainly affected by the weathering of
rocks, and the water-rock interaction is the dominant factor determining the
concentration of water chemistry. The correlation diagram between NOj3™ and CI is
often used to discern the origins of nitrate in water bodies (Ke et al., 2021; Wu et al.,
2023). The sources of nitrate in shallow groundwater exhibited significant changes
between 2012 and 2022. Figure 7f illustrates that in 2012, NO3™ was primarily derived
from agricultural activities and rock weathering, while in 2022, in addition to these two
sources, the levels of NOs™ were also significantly affected by the discharge of manure

and sewage.
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(d) HCO3™ + SO4 vs. Ca?" + Mg?", (e) TDS vs. CI/(Cl" + HCO3), (f) NO3/Na* vs. CI’
/Na" in shallow groundwater.

3.5.2 Anthropogenic pollution
As discussed in §3.3, the elevation in concentrations of SO4>, CI', and NO3" is the
primary reason for the degradation of shallow groundwater quality in the Sanjiang Plain.
Additionally, the SOM analysis findings indicate a considerable influence of land use

on these ions’ levels in shallow groundwater. Therefore, we used the land use type to
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which the locations of the shallow groundwater sample sites in 2012 and 2022 belong
as a starting point to further quantify the impacts. We quantitatively discriminated the
degree of importance of paddy field, dry field, and developed land for SO4*, CI', and
NOs™ concentrations in 2012 and 2022 based on the Boruta algorithm. As shown in
Fig.8, the influence of land use on these three ions in 2022 was markedly different from
that in 2012. In 2012, the influence of developed land on the SO4* in shallow
groundwater was the greatest, which is consistent with the fact that domestic sewage
typically contains high amounts of SO4>" (Zhang et al., 2020). Cl" was predominantly
affected by paddy fields and dry land, which might be associated with the widespread
use of chloride-containing fertilizers (e.g., KCl) in this region (Wang et al., 1994). The
three land use types had similar importance for the distribution of nitrate in shallow
groundwater. In 2022, the significance of the three land use types for SO4>" remains
similar to the rankings seen in 2012. However, for CI°, the impact of developed land
exceeds that of paddy fields and dry land, becoming the most critical influencing factor.
In general, domestic sewage and animal manure contain high levels of CI", positioning
them as one of the primary sources of CI" in water bodies (Khazaei et al., 2017). Data
from Heilongjiang Province Statistical Bulletin reveals a decrease in the population of
the study area from 2.58 million in 2012 to 2.20 million in 2022, indicating that
domestic sewage discharge might not be the primary factor behind the elevated impacts
of developed lands on CI. Over the past decade, there was a significant rise in the
number of livestock and poultry, increasing from 35.7 million in 2012 to 113.5 million
by 2022. Therefore, the dramatic increase in livestock and poultry production, and the
subsequent boost in wastewater and manure emissions, was likely the foremost
contributor to the increased impact of developed land on the CI" content in shallow
groundwater. As shown in Fig.1, during the span of a decade, there was a marked
increase in the extent of paddy fields in the study area, alongside a reduction in drylands.
Specially, the area of paddy fields expanded from 23999 km? in 2012 to 33453 km? in

2022. Previous studies have shown that paddy fields, relative to an equivalent spatial
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extent of drylands, are associated with higher nitrogen emissions (Liu et al., 2015; Tong
et al., 2022). Thus, relative to an equivalent spatial extent of drylands, are associated
with high nitrogen emissions. Therefore, the increase in paddy field area is the primary
reason for the heightened impact of paddy fields on the nitrate content in shallow
groundwater. Additionally, the rise in livestock and poultry production, which generates
manure and wastewater rich in nitrates (Ke et al., 2021), might be the reason for the
increased impact of developed land on nitrate levels. These findings are consistent with

the conclusions drawn from Figure 7f.
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Fig.8. Importance of land use for water quality parameters.
3.6 Recommendations for sustainable groundwater development

Our findings provide essential insights for managers in the Sanjiang Plain on
developing strategies for sustainable groundwater management. Given the
improvement in deep groundwater quality and the significant deterioration in shallow
groundwater quality in the Sanjiang Plain over the past decade, prioritizing the control
of shallow groundwater pollution is essential for sustainable development. The primary
causes of the decline in shallow groundwater quality in this region are the increased
emissions of wastewater and manure from rising livestock and poultry farming, along
with greater pollutant seepage due to the expansion of paddy fields. Therefore, we make
the following suggestions: (1) promote the expansion of large-scale livestock and
poultry farming, along with the establishment of associated manure and wastewater
treatment facilities (Qian et al., 2018); (2) regulate the use of chemical and organic

fertilizers and promote water-saving irrigation practices to mitigate pollutant leaching
22



496  (Yinetal.,, 2021); (3) enhance groundwater quality monitoring in this region, promptly
497  track changes in groundwater conditions, and implement measures to prevent
498  contamination. Moreover, it should be noted that there is an increasing trend of nitrates
499  in the shallow groundwater of this area, which poses a serious threat to the health of
500 residents, as many rural families rely on it for drinking water. Therefore, private wells
501 inresidential areas are recommended to be closed, and the water supply be switched to

502  acentralized deep groundwater source.

503 4 Conclusions

504 This study investigates the spatiotemporal of groundwater hydrochemistry in the
505  Sanjiang Plain using data from 2012 and 2022. Through hydrochemical analysis, the
506  Entropy Weighted Water Quality Index, Self-Organizing Maps, and the Boruta
507  algorithm, the primary driving factors influencing the chemical evolution of
508  groundwater were identified. Our findings indicate that the concentrations of major ions
509  in deep groundwater showed a declining trend, with the chemical properties remaining
510 relatively stable, and nearly all samples were of the HCO3-Ca-Mg type. In contrast, in
511  shallow groundwater, the concentrations of all ions, except for K™ and HCO3", have
512 increased. The hydrochemical types of the samples have shifted from predominantly
513  HCOs-Ca-Mg (84.9%) type to a mixed type, with 53.6% being HCO3-Ca-Mg and 41.1%
514  being SO4-Cl-Ca-Mg. The EWQI results indicate that, compared to 2012, the water
515 quality of deep groundwater improved in 2022, while the quality of shallow
516  groundwater deteriorated. When analyzed together with the spatial distribution maps of
517  ion concentrations in shallow groundwater, it is evident that the increased levels of CI,
518  SO4*,and NOs are the main reasons for the decline in water quality. Notably, the nitrate
519  concentration in shallow groundwater showed a significant increase, with the average
520  concentration rising from 3.87 mg/L to 7.81 mg/L, and 12.5% of the sampling points
521  exceeding WHO drinking water standards. The results of the SOM and Boruta
522  algorithm indicate that the increase in wastewater and manure discharge from livestock

523  and poultry farming, as well as the intensification of pollutant leaching due to the
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expansion of paddy fields, are the primary factors contributing to the decline in
groundwater quality. Therefore, it is imperative to manage pollutant discharge from
livestock and poultry farming and the application of fertilizers in agricultural fields to
ensure the sustainable use of groundwater resources in the Sanjiang Plain. Additionally,
this case study demonstrates that Self-Organizing Maps and the Boruta algorithm can
serve as valuable tools for exploring the driving mechanisms behind groundwater

evolution.
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