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Abstract. The present study aims to reveal the seasonal dynamics of arsenic in groundwater across the floodplain of
the Ogosta River valley (Northwestern Bulgaria), an area affected by historical mining. The regression tree method
was applied to a sample data from 218 groundwater samples collected from 20 monitoring wells between 2016
and 2022. The model describes and predicts the seasonal variability of arsenic in three geomorphological units —
the low active floodplain, the high active floodplain, and the higher floodplain terrace — each exhibiting different
degrees of soil and groundwater contamination. Predicted arsenic maxima in groundwater coincide with the spring
high-water period, while minima are expected during summer low-flow period. Model evaluation demonstrates that
the regression tree approach is a reliable tool for analyzing the seasonal dynamics of arsenic in shallow aquifers.
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Introduction

Arsenic contamination of groundwater is a signifi-
cant environmental and public health concern, as
groundwater serves as the primary source of drink-
ing water for millions of people worldwide. Long-
term exposure to elevated arsenic levels has been
linked to numerous adverse health effects, includ-
ing skin lesions, cardiovascular diseases, diabetes,
and various cancers, while more recent studies have
reported irreversible neurological damage (WHO,
2018; Mochizuki, 2019; Ravenscroft et al., 2009;
Smith et al., 2000). In response to the demonstrated
toxicity of arsenic, the World Health Organization
(WHO) revised the guideline value for arsenic in
drinking water from 50 to 10 pg/L in 2001.
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Naturally occurring arsenic concentrations in
groundwater are usually below 1 pg/L but may reach
up to 10 pg/L in some cases (Plant et al., 2014).
In aquifers naturally enriched with arsenic or im-
pacted by anthropogenic activities, concentrations
may exceed 5000 pg/L (Nordstrom, 2002; Welch et
al., 2000; Mukherjee et al., 2006). Elevated arsenic
levels are frequently observed in mining regions,
where ore extraction and waste disposal alter local
hydrogeochemical regimes (Wurl et al., 2014; Li et
al., 2021). Well-documented examples include the
Mulde and Elbe valleys (Klemm et al., 2005; Meyer
etal., 2008; Schulz-Zunkel et al., 2009) and the Rio
Guadiamar valley in Spain (Turner et al., 2008).

In contaminated alluvial plains, arsenic may be
released from host minerals under specific redox
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and pH conditions (McCarty et al., 2011). Oxida-
tion of arsenic-bearing sulfides is the initial step of
mobilization under aerobic conditions, while shifts
to anoxic states can further trigger arsenic desorp-
tion from Mn, Fe, and Al oxides (Stollenwerk,
2003; Fendorf et al., 2010). Strongly reducing con-
ditions typically occur during flood events, when
high groundwater levels enhance arsenic concentra-
tions in shallow aquifers (Burton et al., 2014; Yu et
al., 2015). The release of arsenic into groundwater
depends on several factors, including redox poten-
tial, speciation, pH, temperature, microbial activity,
and dissolved organic carbon content. Intense rain-
fall and elevated groundwater levels often enhance
downward transport of mobile arsenic species, par-
ticularly where a strong hydraulic connection exists
between rivers and aquifers (Ayotte et al., 2015;
Shamsudduha, 2015). Floodplain geomorphology
strongly influences the spatial distribution of arsenic
contamination. Higher concentrations are typically
found in shallow alluvial aquifers of low floodplain
terraces and depressions where contaminated sedi-
ments accumulate (Singh et al., 2014; Stahl et al.,
2016; Krueger et al., 2005). Dissolved arsenic also
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exhibits temporal variability (Wang et al., 2011),
with peak concentrations commonly observed dur-
ing wet seasons or periods of intensive irrigation
(Guo et al., 2013; Yin et al., 2022).

Given this context, the present study investi-
gates the seasonality of arsenic concentrations in
a shallow alluvial aquifer along the Ogosta River,
employing a regression tree approach. This method,
successfully applied in climatology (Chaudhary
and Dhanya, 2020; Hu et al., 2020), hydrology (Ra-
decki-Pawlik et al., 2020; Pechlivanidis et al., 2020)
and environmental modeling, enables the detection
of nonlinear dependencies and seasonal patterns.

Materials and Methods
Study Area

The study was conducted in the upper Ogosta River
valley (Northwestern Bulgaria), a left tributary of
the Lower Danube (Fig. 1). The investigated section,
approximately 16.3 km long, extends between the
village of Belimel and the Ogosta Reservoir, where
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the river cuts through the Balkan Mountain Range
and transitions from a narrow V-shaped valley to
a broader alluvial plain. The valley floor widens
from about 500 m upstream to nearly 1000 m down-
stream, while the elevation decreases from 310 m
near Belimel to 182 m at the reservoir inlet. The
floodplain covers around 1179 ha, predominantly
agricultural land — vegetable gardens and perennial
crops irrigated with both river and groundwater.
The area is sparsely populated, as of 2021 the popu-
lation is approximately 800 people (NSI).

Three aquifer systems are exposed within the
valley: alluvial, Neogene, and Cretaceous (Ben-
derev, 2013). The present study focuses exclu-
sively on the unconfined alluvial aquifer where
the groundwater levels vary from near-surface
to over 5 m depth, and flow direction generally
follows the course of the Ogosta River (Antonov
and Danchev, 1980). Groundwater dynamics
within the Ogosta’s active floodplain is strongly
influenced by the river regime (Benderev et al.,
2014; Gerginov et al., 2017). During high-flow
conditions, river water infiltrates into the shallow
alluvial aquifer across the lowest sections of the
floodplain, leading to a rapid rise in groundwa-
ter levels. As river stages decline, the hydraulic
gradient reverses, resulting in gradual lowering
of the groundwater table.

The intra-annual fluctuations in river stage clear-
ly indicate the periods of high and low flow for the
study period 2016-2022 (Fig. 2). The highest water
levels are observed in February and March, with a
pronounced peak around March. From July to Sep-
tember, the river reaches its lowest levels, while
during October—December a gradual increase is
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observed, marking the beginning of the new hydro-
logical cycle. The dynamics of river water levels in-
dicate a predominantly snow-rain feeding regime,
reflecting the typical hydroclimatic conditions of
the temperate zone.

Pollution in the upper course of the Ogosta
River stems from intensive industrial mining of
lead-silver and iron ores during the 20th century.
In the spring of 1964, after heavy rainfall, the dam
of the “Mechi Dol” tailings pond collapsed, releas-
ing about 100,000 tons of mining waste into the
Ogosta River. A significant portion of this mate-
rial was deposited along the riverbanks and on the
river floodplain (Kotsev, 2003; Mladenova and
Zlatev, 2004).

The investigation of Stoyanova (2015, 2016)
revealed the high vulnerability to arsenic contami-
nation of the Ogosta’s floodplain between Belimel
village and the Ogosta Reservoir. The areas with
the highest degree of susceptibility were associat-
ed with the lowest parts of the floodplain due to the
shallow groundwater level (0—1.5 m), the smaller
soil thickness (0.4—0.8 m), and the coarser soil tex-
ture. The aquifer was considerably better protected
from arsenic contamination in the higher parts of
the floodplain, where the degree of vulnerability
was low.

Data Analysis

As part of the groundwater quality monitoring net-
work in the Ogosta River Valley, a total of 25 piezo-
metric wells were installed in 2014 (Kotsev et al.,
2020). Of these, 20 wells were included in the pre-
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Fig. 2. Average monthly water level of the Ogosta River at the Gavril Genovo hydrometric station for the period 2016-2022. The

elevation of the river staff gauge is 223.8 m.
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sent study. Between 2016 and 2022, a total of 218
groundwater samples were collected and analyzed
for arsenic concentration using Inductively Coupled
Plasma Mass Spectrometry (ICP-MS). Sampling
was conducted monthly, although not all wells were
sampled during each campaign. Priority was giv-
en to wells exhibiting higher pollutant concentra-
tions, in line with the objectives of the groundwater
monitoring program. In 2020, the piezometers were
grouped according to the hydrogeochemical condi-
tions that influence arsenic input into groundwater
(Aydarova et al., 2020). Three distinct clusters of
piezometers were defined, which serve as the basis
for the regression model developed in this study.
Each cluster corresponds to a specific geomorpho-
logical unit of the valley floor.

Cluster 1 includes five wells located within the
low active floodplain, characterized by heavily con-
taminated soils with an average arsenic content of
4920 mg/kg for the sites of the wells. The mean
vertical elevation of the monitoring points is 1.7 m
above the riverbed, while their average distance to
the river is 18 m, ranging from 15 to 60 m for the in-
dividual piezometers. Cluster 2 consists of ten wells
located on the high active floodplain, where the soil
is less contaminated with an average arsenic content
of 1050 mg/kg. The mean elevation of the monitor-
ing sites above the riverbed is 2.2 m, and compared
to Cluster 1, the wells are positioned further from
the river at an average distance of 72 m (17-163 m).
Cluster 3 comprises five piezometers constructed
in the highest parts of the floodplain. The average
arsenic content in the soil near the piezometers is
55 mg/kg, which is significantly lower than in the
area of the other two clusters. These wells are the
most distant from the river, at a mean distance of
302 m (185-438 m), and their average elevation is
4 m above the river channel (Aydarova et al., 2020).

In this study, the seasonal dynamics of arse-
nic in groundwater within the Ogosta River val-
ley were modeled using a regression tree method.
The regression tree is a machine learning algorithm
designed to address non-linear relations by creat-
ing hierarchical, tree-like models. The method was
initially introduced by Breiman, Friedman, Olshen,
and Stone (1984) and later developed into one of the
most interpretable and flexible techniques in predic-
tive analytics (Rossiter, 2016).

The algorithm for implementing regression trees
relies on a simple and intuitive technique: recursive-
ly partitioning the data to form a regression surface.
It is beneficial for identifying significant predictors
influencing the dependent variable and for explain-
ing complex interactions in environmental systems.
A regression tree consists of nodes, branches, and

leaves (James et al., 2021): nodes represent predic-
tor variables, branches correspond to decision rules,
and leaves contain the predicted values. The model
is constructed through binary recursive partitioning,
in which the dataset is repeatedly split into two sub-
sets based on the predictor variable that minimizes
residual variance in the response.

The regression tree developed in this study was
built using the arsenic concentration data from all
wells located within the three previously defined
clusters. The dataset comprised 218 observations of
arsenic concentration in groundwater. The depend-
ent variable was arsenic concentration, while the
independent variables included a spatial predictor
(cluster affiliation) and a temporal predictor (month
and the year). The response variable was expressed
as a natural logarithm (In) of arsenic concentration
to reduce data skewness, stabilize variance, and im-
prove model accuracy.

Model performance was evaluated using k-fold
cross-validation, in which the dataset is divided into
k approximately equal subsets (folds). The model
is validated using 5-fold cross-validation repeated
10 times. The average performance metrics across
all iterations — coefficient of determination (R?),
root mean square error (RMSE), and mean absolute
error (MAE) — were used to assess model robust-
ness and generalization capacity. This procedure
minimizes dependence on a particular data partition
and reduces the risk of overfitting, which is espe-
cially important for moderate-sized environmental
datasets.

All models were developed in the R statistical
environment (R Core Team, 2024) using the rpart
package, with the rpart() function for model con-
struction and rpart.plot() for visualization of the re-
sulting regression trees (Therneau et al., 2023).

Results and discussion

Arsenic concentration in groundwater

The boxplot in Figure 3 illustrates the distribution of
arsenic (As) concentrations across the three defined
clusters. The data sample of Cluster 1 comprises 76
observations, with a coefficient of variation of 59%.
This cluster represents the low active floodplain ter-
race, where the highest arsenic concentrations were
recorded. The interquartile range (IQR) of As con-
centrations lies between 150 and 291 pg/L, while
the maximum value exceeds 774 pg/L.

The dataset of Cluster 2 includes 106 observa-
tions and shows the most significant variability in
arsenic concentration, with a coefficient of variation
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Fig. 3. Boxplots of arsenic (As) concentration variability across the three identified clusters. In the figure, n is the number of sam-

ples in each cluster, and CV (%) is the coefficient of variation.

of 185.4%. This cluster corresponds to the high ac-
tive floodplain terrace, which functions as a tran-
sition zone between strongly and weakly contami-
nated areas. Thus, the second group of monitoring
sites consists of both wells with elevated arsenic
content, and wells with low contaminant levels in
groundwater. Arsenic concentrations in this group
range widely from 3.5 to 484 pg/L, with IQR be-
tween 7.94 and 34.8 ug/L.

The sample set of Cluster 3 consists of 36 ob-
servations and represents the upper floodplain ter-
race, where groundwater contamination is minimal.
Although the coefficient of variation is 154.5%,
most samples exhibit low concentrations beneath
the WHO’s threshold of 10 ug/L for drinking wa-
ter, with only two outliers reaching 15 pg/L and
41 pg/L.

Complexity curve for the regression tree

The tree complexity curve provides information
about the appropriate branching level and size of the
regression tree. The curve was generated using the
plotcp function in R. The optimal complexity of the
regression tree was determined using the cost-com-
plexity pruning method based on cross-validation.
Initially, a fully developed tree was constructed to
capture the maximum variance in the dataset. Sub-
sequently, a series of nested subtrees was generated
by progressively increasing the complexity param-
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eter (CP), which penalizes the number of terminal
nodes and controls model overfitting.

The cross-validated prediction error was plotted
against CP to produce the complexity curve. The
tree corresponding to the minimum cross-validation
error was identified (Fig. 4). Following the one-
standard-error (1-SE) rule, the simplest tree whose
error fell within one standard error of the minimum
was selected as the final model, ensuring an effec-
tive balance between predictive accuracy and gen-
eralization ability.

Regression trees

Figure 5 presents the visualization of the regres-
sion tree model. The top node of the model rep-
resents the root of the tree, which contains the
log-transformed mean arsenic concentration for all
observation groups. The tree then splits into two
primary branches at the cluster level. The right
branch corresponds to Cluster 1, which includes
wells with the highest arsenic concentrations,
while the left branch represents Clusters 2 and 3,
characterized by lower arsenic levels in ground-
water. The left branch subsequently divides again,
separating Cluster 2 from Cluster 3, thereby dis-
tinguishing between the moderately and weakly
contaminated zones.

Further branching occurs based on the month of
observation, reflecting the seasonal variation in ar-
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Fig. 5. Regression tree of all clusters: The boxes show logarithmic values of predicted arsenic concentration in groundwater. The

branches of the tree show the clusters and months.

senic concentrations. The left branches correspond
to months with lower predicted concentrations,
while the right branches represent months with
higher predicted and peak values.

For Cluster 1, the highest groundwater arsenic
concentrations are predicted for the spring months
of March, April, and May, as well as for Decem-
ber. These periods coincide with the spring high-
flow season of the Ogosta River and short-term

flood pulses that occur occasionally in December
(Marcheva, 2023). During these times, groundwa-
ter levels in the low active floodplain rise, bring-
ing them into contact with the heavily contaminated
overlying soil layers, which release additional ar-
senic into the groundwater. The mean predicted ar-
senic concentration for these months in Cluster 1
is In(As) = 6.08, corresponding to approximately
437.0 pg/L.
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The second group of months includes January
and February (winter), June—August (summer), and
September—November (autumn). During summer
and autumn, the groundwater level decreases and
no longer reaches the highly contaminated alluvial
sediments, thus reducing the release and mobility
of arsenic. Lower arsenic concentrations are expect-
ed in these periods, with a mean value of In(As) =
5.28, equivalent to 196.4 pg/L. The low tempera-
tures during the coldest winter months could be a
factor for As decrease in groundwater. Simmler et
al. (2017) indicate that soil temperature controls As
release from the soil in the Ogosta’s floodplain. Mi-
crobially driven mobilisation of As is likely to be
suppressed during freezing cold periods, and this
may be one of the reasons for the lower As content
in groundwater in January and February.

In Cluster 2, three distinct groups of months were
identified based on predicted arsenic concentrations.
The lowest concentrations were modeled for Janu-
ary, April, June, and September, with mean predict-
ed values of In(As) = 2.45, equivalent to 11.6 ng/L.
Moderate concentrations occur in March, July, Au-
gust, November, and December, with mean values
of In(As) = 2.86 (17.5 pg/L). The highest predicted
arsenic concentrations were observed in February,
May, and October, reaching In(As) = 3.53, or ap-
proximately 34.1 pg/L. The seasonal dynamics of
arsenic in Cluster 2 largely mirror those in the low
active terrace, although with some exceptions and
less pronounced amplitude. Generally, the highest
predicted arsenic levels in Cluster 2 correspond to
the periods of snowmelt and spring rainfall, while
the lowest contamination levels can be expected
during the dry summer and early autumn. February
and October are marked by the greatest differences
in arsenic dynamics between the two clusters. In
these months, the model predicts low arsenic levels
for the low active floodplain and high values for the
high active floodplain. It is possible that the forecast
for Cluster 2 was influenced by single high arse-
nic concentrations measured in well P17 in October
2018 and in well P14 in February 2017. In the first
case, an increase in arsenic was also recorded in the
nearby well P20 of Cluster 1 without significant
precipitation and a rise in river levels during this
month. The fact that such an increase in arsenic was
not measured in other wells indicates the manifesta-
tion of local factors that are not related to the hydro-
dynamics of the aquifer. In the second case, in Feb-
ruary 2017, a high-flow event of the Ogosta River
and a significant rise of groundwater table were reg-
istered. The hydrological event was accompanied
by a multiple increase in arsenic from 16 to 77 pg/L
in P14, which is a high value for Cluster 2. In the
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neighbouring P13 well of Cluster 1, an increase in
arsenic was also recorded, but it was only twofold
from 174 to 351 pg/L. These values are not among
the highest for this group of piezometers. Although
the increase was present in both monitoring sites,
the model assigned greater weight to the arsenic
change in the well of P14 compared to P13. Ulti-
mately, February was placed in the group of months
with expected low levels of arsenic in the wells of
Cluster 1, while the same month was included in
the period with predicted highest arsenic content in
the piezometers of Cluster 2. It is possible that the
different degree of intensity of arsenic mobilization
in February between the two clusters was due to the
differences in the temperature of the groundwater in
the low and high active floodplains, the latter usu-
ally more distant from the river. In the well P13, lo-
cated closer to the river bank, the temperature of the
groundwater during the high-flow event in February
2017 was about 4°C. In contrast, the temperature in
the more distant P14 exceeded 8 °C, probably due
to the weaker influence of the infiltrating cold river
waters. In all likelihood, this difference has affected
the intensity of the processes of arsenic release from
the soil, especially those related to the activity of
microorganisms.

As illustrated by the model visualization, Cluster
3 shows no further branching by month, indicating
weak or absent seasonality in the temporal dynam-
ics of arsenic. The mean predicted concentration
for this cluster is In(As) = 1.49, corresponding to
4.49 ng/L.

The model evaluation demonstrates a good
agreement between the measured and predicted ar-
senic concentrations in groundwater. The root mean
square error (RMSE) was 2.4 pg/L, the mean abso-
lute error (MAE) was 1.9 pg/L, and the coefficient
of determination (R?) was 0.72, indicating that the
model explains approximately 72% of the variance
in arsenic concentration within the test dataset.

Conclusion

This study provides new insights into the seasonal
dynamics of arsenic in groundwater by applying
regression tree modeling to predict monthly and
seasonal variations in arsenic concentrations across
the Ogosta River floodplain. The results confirm
the presence of clear seasonal patterns in arsenic
behaviour across the active floodplain of the Ogosta
River, directly linked to fluctuations in both river
stage and groundwater levels.

The highest arsenic concentrations are pre-
dicted during the spring high-flow period (Febru-



ary, March, April, and May), coinciding with pe-
riods of intense interaction between groundwater
and contaminated soil layers. Additional peaks are
also modeled and December, reflecting short-term
floods that temporarily increase arsenic mobility.
In contrast, lower concentrations are predicted for
summer (June-August) and early autumn (Septem-
ber), when groundwater levels are reduced and con-
tact with contaminated sediments is minimal. Pre-
dicted decrease in arsenic in winter can be attributed
to lower temperatures and slowed microbiological
processes of arsenic release from the soil. Within
the upper terrace of the floodplain, seasonal vari-
ability is weak or absent, probably due to the limited
hydrological influence of the river.

The developed regression tree model proved
to be a reliable tool for simulating the seasonal
variability of arsenic concentrations. It achieved
high predictive efficiency (R* = 0.72) with low
error, demonstrating its ability to capture nonlin-
ear and cyclical dependencies in the hydrogeo-
chemical data.

The model generally distinguishes periods of
expected high and low pollution, but individual ex-
treme values could be not interpreted by the algo-
rithm correctly. When applying regression trees as a
model for capturing seasonality, it should be borne
in mind that this type of regression models success-
fully copes with the definition of seasonality, but
is vulnerable to the presence of outliers in the data.

The findings of this study contribute to a better
understanding of arsenic seasonality and mobiliza-
tion processes in floodplain aquifers affected by
historical mining. They provide a scientific basis
for the design of targeted groundwater monitoring
programs in the Ogosta valley and similar contami-
nated river basins. Future research should focus on
high-frequency sampling during extreme hydrolog-
ical conditions and further model refinement to im-
prove temporal resolution and predictive reliability.
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