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Abstract

Rivers are dynamic systems in complex interactions with their surrounding environments. Reliable and fast interpretation of
water quality is therefore needed for sustainable river management. Unfortunately, water quality and environmental status
interactions have not yet been documented sufficiently in West—Africa. This study explored the spatial-latitudinal and sea-
sonal features of water quality along the S6 River Basin (SRB, West Africa) using self-organizing map (SOM) and principal
component analysis. Twenty-two water quality variables were measured in the surface layer at 12 different sampling sites
during a twenty-four-month period from July 2016 to June 2018. The results revealed three water quality groups, following
an upstream-downstream pollution gradient: (1) upstream and middle reach sites with high dissolved oxygen and Secchi disk
depth values, which are more suitable for the aquatic biota; (2) downstream sites with high concentrations of ammonium,
biochemical oxygen demand, and heavy metals especially in flood period, reflecting both high organic and heavy metal pol-
lution; and (3) brackish downstream sites characterized by less heavy metal and organic pollutions. No significant variation
was observed between seasons. However, the SRB relatively suffered from higher risks of heavy metal contamination and
organic pollution in wet seasons. Although hydroclimatic processes affect the water quality, anthropogenic inputs of point
and non-point sources were identified and discussed as a more prominent factor contributing to variation in the water quality
condition. These results offer insights into the water quality dynamics in river—estuary system as well as potential pollution
sources, crucial for defining sanitation, and management measures.
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Introduction

Promoting good quality of ground to surface waters is cru-
cial to preserve the biodiversity of freshwater ecosystems,
as well as the goods and services they provide. This is espe-
cially true for rivers that are of vital importance to human
health and activities (Aboelnour et al. 2020). Variation of
water quality within a river system relates to natural pro-
cesses such as nutrient cycling or self-purification, human
activities in the associated watershed, and landscape fea-
tures (Ren et al. 2003). Industrial-urban sewage discharge
and agricultural runoff are key sources of metal- and non-
metal solid and liquid waste pollution (Vadde et al. 2018;
Aniyikaiye et al. 2019). Without treatment, materials in
dissolved and particulate phases originating from these
activities enrich the aquatic environment with pollutants
and undesirable or potentially dangerous elements for pub-
lic health (Mamun and An 2018; Odountan et al. 2019).

In West—Africa, water quality and sanitation receive
little attention, fostering direct and indirect waterborne
diseases such as cholera, diarrhoea, Buruli ulcer, bilhar-
zias, and schistosomiasis that are recurrent in the region
(Calamari and Naeve 1994; UNEP 2010; Ibikounlé et al.
2014). As result, maintaining a healthy relationship
between human, nature, and water, is of paramount inter-
est than ever for the region. To overcome with the aquatic
ecosystem degradation, West—Africa governments are
devoting a substantial share of their national budgets. For
example, the Benin government made considerable efforts
to ensure sustainable management of country’s major
watershed. This is reflected in the roughly US$62 million
budget of the OmiDelta programme, whose core activities
include water sanitation and Integrated Water Resources
Management (IWRM) with emphasis on the development
of a delta plan promoting a safer environment for 600,000
people (OmiDelta—INE 2018). Noticeably, the cost to
promote IWRM and sanitation requires a huge sum of
money especially when the ecosystem is heavily polluted.
Prime example is Singapore, where US$159.8 million have
been invested for the restoration of heavily polluted rivers
(Joshi et al. 2012). Therefore, it is crucial for ecologists in
West—Africa, a region with limited resources, to provide
decision-makers with a timely and reliable interpretation
of river systems quality for adequate actions to keep these
systems healthy. In the absence of such timely tool to
understand water quality patterns allowing to control the
evolution of water quality, large budget will be required
for good quality recovery.

The assessment of the relationship, often complex
among sources, water quality, and environmental status
in an ecosystem requires the use of multivariate statisti-
cal methods (Wang et al. 2017; Dai et al. 2018; Ustaoglu
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and Tepe 2019). The application of different multivariate
statistical techniques, such as factor analysis (FA), prin-
cipal component analysis (PCA), cluster analysis (CA),
and discriminant analysis (DA), notably helped to iden-
tify possible sources that influence water systems (Zhao
et al. 2012; Olawoyin et al. 2013; Berrada et al. 2016;
Li et al. 2018; Gu et al. 2019). A much more efficient
approach for classification, modelling, and interpretation
of data obtained from monitoring studies of surface water
is the one combining intelligent data analysis such as self-
organizing map (SOM) and traditional multivariate analy-
ses (Zhao et al. 2012; Olawoyin et al. 2013; Berrada et al.
2016; Li et al. 2018; Gu et al. 2019). Tsai et al. (2017)
pointed out that the SOM is a cost-effective alternative
to more traditional methods for identifying spatial char-
acteristics of water quality parameters and to reflect the
interaction with biological resources. One of the reasons is
that SOMs allow simultaneous clustering of multidimen-
sional dataset of variables and objects (samples). This ena-
bles wide applications in assessing relationships between
samples and environmental issues as well as patterning
and predicting water quality in aquatic ecological studies
from surface waters (Chea et al. 2016; Pacheco et al. 2017,
Wang and Zhang 2018; Gu et al. 2019) to groundwaters
(Haselbeck et al. 2019; Zhu et al. 2020). Another reason is
that SOMs preserve the topological structure of the input
data. Moreover, Alvarez-Guerra et al. (2008) indicated that
the powerful visualization tools of the SOM approach pro-
vided more information and is an easier way to classify
sediment quality, which facilitates the task of establishing
an order of priority between the distinguished groups of
sites depending on their need for further investigations
or remediation actions in subsequent management steps.
Olkowska et al. (2014) argued that in the area of inter-
est where numerous input parameters must be considered,
SOM could allow clear distinction of groups of pollution
as well as the seasonal variation of pollution. Although
the growing environmental awareness has motivated the
necessity to understand relationships among sources,
water quality, and environmental status in order to achieve
sustainability in rivers’ management, few studies have
explored these interactions and evolution with respect to
spatial and temporal factors in West—Africa.

The S6 River Basin (SRB) of Benin is internationally
known as both part of Ramsar site no. 1018 and Ouémé Man
and Biosphere (MAB-UNESCO) reserve. Constant water
quality degradation may threaten the health of thousands of
people living around the ecosystem as well as the long-term
sustainability of the fishery. The SRB shares several spe-
cies with adjacent regional ecosystems (Koudenoukpo et al.
2020) and suffers from the typical anthropogenic contamina-
tion observed in many West—Africa river systems, such as
petroleum leaking being a key corridor for the smuggling,
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water hyacinth proliferation, agricultural run-off, and domes-
tic and industrial discharge (Mama 2010); all of which make
the river an ideal place to draw up valid lessons on the water
quality and pollution risk in the West—Africa context. More-
over, it is still upstream imbedded in a narrow strip of forest,
which could serve as reference habitat. More importantly,
SOM in conjunction with other analytical methods showed
their power by successfully allowing to simplify the complex
ecological relationship between key environmental variables
and mollusc community for the river sustainable manage-
ment and restoration (Koudenoukpo et al. 2021). Although
the water degradation of the river is indisputable, a compre-
hensive understanding of the patterns and processes underly-
ing its quality and pollution risk were needed for sustainable
management.

This study contributes with novelties about water qual-
ity and pollution risk assessment in the West—Africa context
using self-organizing maps and multivariate analyses that
until now, to our knowledge, has not yet been published in
the literature for this region. For this purpose, the specific
objectives of this study were, (1) to bring out spatio-temporal
variation patterns in the water quality, (2) to evaluate water
quality, and identify the relative importance of the variables
for clustering, and (3) to assess the pollution risk and sources
by interpreting the water quality variable values and interre-
lations among them. We hypothesised that the water quality
follows and upstream downstream gradient with respect to
seasons. Documenting pollution of surface water in relation
to abiotic variables is of paramount interest in developing
countries, where expertise, techniques and facilities are lim-
ited for such study. Our approach could most likely be applied
to characterise a wider variety of freshwater systems.

Material and methods
Study area

The S6 River, located between 6°24' to 6°32' N and 2°27'
to 2°30" E, originates from the Lake Hlan and then flows
over 85 km into the Lake Nokoué at northwest area. Con-
sidered as the second longest river in southern Benin after
the Ouémé River, the S6 River occupies a drainage area of
more than 3,000 km?2. It is one of the former tributaries of the
Ouémé River. However, connection is observed between the
two rivers during flooding via some marigots or canals. It is
for local communities an important water resource for irri-
gation, domestic and industry uses as well as for the Ouémé
River flood control purposes. The study area benefits from
a sub-equatorial climate marked by two wet seasons and
two dry seasons. The long dry season (LDS) expanded from
mid-November to mid-March, whereas the long-wet season
(LWS) occurred from mid-March to mid-July. The short dry

season (SDS) is observed from mid-July to mid-September,
and a short-wet season (SWS) reported from mid-September
to mid-November (Gnohossou 2006). Locally, the annual
mean temperature varies between 27 and 29 °C whereas the
annual mean precipitation of 900 to 1 100 mm is reported
(Odountan et al. 2019). SRB water resources are extremely
important for eight riparian municipalities of South-East
Benin namely Abomey-Calavi, Adjohoun, Aguégués, Coto-
nou, Dangbo, S6-Ava, Toffo, and Z¢. SRB serves for a variety
of water-related activities such as livestock farming, fisheries,
agriculture, navigation and transport of goods, trade, tourism
and recreation, which support the livelihood of more than
300,000 people living at the vicinity of the basin.

Prior to the present study, we undertook a three-month
(April to June 2016) exploratory phase to choose latitudi-
nally distributed sampling sites along the river, and to assess
unsuspected factor which could affect water quality and bio-
diversity. We ensured that sampling sites distribution was
based on proximity to facilities, representation of the main
tributaries, human activities and hydrological regime of the
river. As such, 12 sampling sites were chosen (Fig. 1).

Sampling and water analysis

From July 2016 to June 2018, 12 sites were monthly sam-
pled, leading to a total of 288 samples. Eight sampling
events occurred during the LWS and LDS seasons against
four sampling events in the SDS and SWS seasons. Water
quality measurements were made according to environmen-
tal quality standards and technical specifications require-
ments for monitoring surface water (Rice et al. 2012).
Operational process of some items can refer to the litera-
ture (Rodier et al. 2009; Hong et al. 2020; Xu et al. 2022).
Briefly, the quality assurance of analytical data has been
ensured by strict collecting, preserving, and processing pro-
cedures, careful standardization, procedural blank measure-
ments, and duplicate samples. The selected water quality
indicators measured in situ were water depth, Secchi disk
depth, temperature, salinity, pH, electric conductivity, total
dissolved solids, and dissolved oxygen, using YANHE
multi-probe (Table 1). The sensors of the multi-probe were
calibrated prior to each sampling campaign. In addition to
in situ measurements, duplicate 1 L water samples were col-
lected at each site in the surface layer from a depth of ~20
cm (ISO 5667-5 2006; ISO 5667-6 2014) in labelled plastic
bottles that were previously treated with hydrochloric acid
and carefully rinsed with the respective site water sample.
One duplicate was filtered with 0.45 pm mixed cellulose
ester millipore filter membranes and fixed for measurement
of nutrients. The second duplicate was filtered with 0.45 pm
cellulose acetate filter membranes and acidified to pH = 2 by
addition of nitric acid for the determination of heavy metals
(Li et al. 2018). The samples were transported in ice chest
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Fig. 1 Map of the S6 River
Bassin with the locations of
monitoring sites
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to the laboratory and preserved in the refrigerator prior to
analyses. The nutrients nitrite (NO,), nitrate (NO5’), ammo-
nium (NH,"), total nitrogen (TN), orthophosphates (PO43'),
total phosphorus (TP), magnesium (Mg>"), and calcium
(Ca**) were measured using the spectrophotometric method
(Model HACH DR 3900). The reading was conducted with
appropriate reagent at a specified wavelength (Rodier et al.
2009; Rice et al. 2012). An inductively coupled plasma mass
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spectrometer (ICP-MS; Drawell MS-2000) was used for the
detection of heavy metals such as copper (Cu), cadmium
(Cd), lead (Pb), and nickel (Ni), whereas an atomic fluores-
cence spectrometer (AFS; Drawell AF-630A) was used to
measure the concentration of mercury (Hg). The detailed
units, acronyms, analytical methods, and the limit of detec-
tion (if applicable) of the 22 water quality variables can be
found in the Table 1.
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Table 1 Overview of methods for determining core environmental variable used in the study.

Variable Acronym Units Analytical methods Limit of
detection
In situ variables
Water depth WD [m] Water depth gauge
Secchi disk depth SD [m] Secchi disk
Biochemical oxygen demand BOD [mg L] Respirometric BOD OxiTop method
Temperature T °C YANHE multi-probe water analyser (model SX736 pH/mV/
Dissolved oxygen DO [mg L] conductivity/DO)
pH
Salinity [PSU]
Electric conductivity EC [1S Cm']
Total dissolved solids TDS [mg L]
Inorganic ions [mg L]
Nitrite NO, Diazotization, TNT 839 method 0.05
Nitrate NO;y Cadmium reduction method 0.3
Ammonium NH,* Nessler method 0.025
Total nitrogen TN Persulfate digestion method and Nessler method 0.01
Orthophosphates PO> Molybdate, sulfuric and ascorbic acids method 0.05
Total phosphorus TP Persulfate digestion method coupled to molybdate method 0.5
Magnesium Mg>* Calmagite colorimetric method 0.012
Calcium Ca** Calmagite colorimetric method 0.02
Heavy metals [ng L]
Copper Cu ICP-MS 0.02
Cadmium Cd ICP-MS 0.05
Lead Pb ICP-MS 0.005
Nickel Ni ICP-MS 0.005
Mercury Hg AFS 0.001

Data analysis

SOM, also known as the Kohonen map, is a nonlinear
projection mapping based on unsupervised competition
learning method which is used to describe and display
multidimensional datasets onto topological structure
preserving the topology of input data (Kohonen 1990,
2013). SOM can be used to partition the data with easy
two-dimensional visualization of expression patterns
while reducing computational requirements; all of which
explains its preference compared to other nonlinear
methods.

In this study, the SOM procedure was trained using the
batch algorithm of the Kohonen 3.0 package (Wehrens
and Kruisselbrink 2018) in R environment (R Core Team
2018). The details of the followed procedures for explor-
ing the patterns by means of SOM and the other statistical
tools are summarised in the flowchart presented in Fig. 2.
Steps 1-6 will be addressed in the next sections whereas
step 7 constitutes the results section. Most of the analyses
were carried out in R environment (R Core Team 2018)
with specific packages.

Data pre-processing for SOM

The first step of data analysis consisted in the preliminary
selection of environmental variables and data preparation
(Fig. 2; step 1). The SOM was applied on the SRB data set of
6,336 elements (22 environmental variables for each of the
288 samples). Standardization transformation (linear trans-
formation that scales values with a mean = 0 and variance
= 1, thus making the data dimensionless for each variable),
very useful for studying environmental variables in ecologi-
cal studies (Park et al. 2018), were applied to these variables
in order to both normalise their frequency distributions and
to ensure that variables showing different measurement units
take values over roughly the same limits (Subida et al. 2013).

SOM grids characteristics

Map size selection is a key issue in SOM implementations
(Fig. 2; step 2). Too big map size results in too detailed pat-
terns with confusion sometimes due to the small difference
between groups while too small map size generates too gen-
eral patterns with limited details (Céréghino and Park 2009).
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Fig.2 Flowchart of the data 4
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Following the heuristic rule suggested by Vesanto et al.
(2000), the optimum size of the map is close to 5 \/ﬁ where
n is the number of training samples. With 288 observations,
this results in a SOM grid with approximately 85 neurons for
this study. To more accurately select the map size, the net-
works were trained adjusting map dimensions sizes ranging
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Fig.3 Grouping of water samples (n = 288) covering all sampling
sites (n = 12) into clusters based on SOM analysis: a within-cluster
sum of squares for hierarchical clustering with average linkage and
Davies-Bouldin index value (DB) highlighting the optimal clus-
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from 80 to 90 and the quality of the trained maps were
evaluated with the quantization error (QE) and topographic
error (TE) (Vesanto et al. 2000). Given that the optimum
SOM grid must minimize the QE and TE (Céréghino and
Park 2009; Kohonen 2013), and that more edge effects is
observed with square shaped SOM grids (Kohonen 1990),

b
Umatrix with the four clusters

ters which is four in this study; b the map showing the clustering of
samples according to their environmental variables features. C1-C4
represent different clusters. The small empty circles in the hexagonal
units represent different samples.
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Table 2 The spatial and

L Variable C1 C2 C3 C4

seasonal distribution of the

samples inside each cluster. Site factor

LDS, lon, ;

long’wet ie(ilrs)glslfa.;‘sggz f}Yth dry S1 0 18 6 0

season; SWS, short wet season. 52 0 2 2 0
S3 0 22 2 0
S4 0 16 2 6
S5 240 O 0
S6 240 O 0
S7 240 O 0
S8 240 O 0
S9 24 0 O 0
S10 24 0 O 0
S11 240 O 0
S12 24 0 O 0

Season factor
LDS 64 28 1 3
LWS 64 24 6 2
SDS 32 15 0 1
SWS 32 11 5 0
Total 192 78 12 6

our output layers were asymmetrical grids to reduce edge
effects. Each neuron from the output layer has a 2-dimen-
sional topologic structure of a regular hexagonal grid.

SOM training

A Gaussian neighbourhood for training the SOM was used to
encounter best result (Wendel and Buttenfield 2010). Itera-
tions (500), and neighbourhood radius (2/3 of all unit-to-unit
distances) were adjusted to have a plateau in the training pro-
cess. The quality of the nodes was assessed using the distance
to the codebook vector within a node. The goal being less
distance within node (Fig. 2; step 3).

Clustering SOM units using hierarchical cluster analysis
(HCA)

Although the SOM itself is already a clustering method, data
and map analyses are more accurate and easier when similar
units of the SOM are grouped together as cluster (Fig. 2; step
4). Therefore, clustering within the output layer, using math-
ematical tool, has become a widely-used technique to deep
relationships among input layers and to show the aggregation
pattern of samples (Pacheco et al. 2017; Liao et al. 2019).
The number of clusters was chosen based on the graph of
the relationship between the number of cluster (2-15) and
Within Clusters Sum of Squares (WCSS) metric. The so-
called elbow-point (where the change in WCSS begins to level
off) was observed around 5 clusters (Fig. 3). In addition, the
Davies-Bouldin index was performed on 3, 4, 5, 6, 7, 8, and
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Fig.4 Values of the weight vectors in SOM showing the variations
in water quality among the four SOM clusters. The boxplots repre-
sent the 25th, 50th, and 75th percentiles, respectively, of Euclidean
distance between SOM neurons whereas the whiskers (vertical dash
of each boxplot) represent the 10" and 90™ percentiles, respectively.

Large boxes indicate large variations between neighbourhood neurons
of each cluster, and the values for the variables (positive or negative)
in each plot denote their importance in contributing to all neurons
associated to the clusters.
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9 looking for the lowest value indicating the best result (Gu
et al. 2019). Afterwards, a hierarchical cluster analysis (HCA)
was conducted with the number of clusters identified with the
Davies-Bouldin index according to the Ward linkage method
using Euclidean distance to define the cluster boundaries in
the SOM units (Kohonen 2001). Different colours were used
to each cluster to show their boundaries.

Deeper study of water quality assemblages using PCA
and quantitative tests

Although SOM clusters can be used to study spatial and sea-
sonal patterns of environmental data when the dataset submitted
for analysis is built by considering these two factors, additional
specific analyses (Fig. 2; step 5) are required to well examine
contribution of each factor to the observed assemblages (Guo
et al. 2020). The PCA was performed on all environmental vari-
ables to summarize their assemblages in the SRB and identify
the main driving forces related to the variability observed in the
clusters identified with the SOM. Correlations between the first
two axes of PCA principle components (PCs) and the environ-
mental variables were considered significant when the distances
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Axis 1: 40.9%

to the centre of the plane were d > 4/(2/n), where = number of
variables (Legendre and Legendre 2012). Therefore, variables
such as WD, T, NO,, and PO,* with d < 1/(2/22) = 0.315,
were removed from the dataset and 18 variables were finally
submitted to PCA. In addition, the PCA results were also visu-
alized using sites and seasons as criteria of grouping to char-
acterize each sites and seasons. The PCA was run using the
package “FactoMineR” (Husson et al. 2020) while the package
“factoextra” (Kassambara and Mundt 2019) allowed to extract
and visualize the results in the R environment (R Core Team
2018). Standardized to a mean of zero and a standard devia-
tion of each environmental variable were used in PCA (Li et al.
2018). In addition to PCA, the nonparametric Kruskal-Wallis
and Dunn’s tests were carried out considering two factors (clus-
ters identified with SOM, and seasons) to further highlight the
water quality features. The Kruskal-Wallis was performed with
the kruskal.test function in the native “stats” package avail-
able in “dplyr” package (Wickham et al. 2020) allowing only
to confirm or deny an existence of a difference with respect to
a given variable among clusters and seasons. It was followed
by Dunn’s test, when adequate confirmation was obtained,
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using the dunnTest function in the “FSA” package (Derek and
Wheeler 2020).

Pollution risk and sources

To assess the pollution risk of the SRB for local communi-
ties and aquatic biota, water quality variables were compared
to the drinking-water standards at national scale (Decree
N°2001-094 of 20-02-2001) and international scale (WHO
2011) and to the ecological standards of surface ecosystems
(Rodier et al. 2009), respectively.

Assessment of correlations among all variables extracted
with the PCA will provide insights of the sources and migra-
tion of certain elements in the environment (e.g., Guo et al.
2020). Variables showing similar patterns and high correla-
tions may share common sources, or analogous behaviours
(Li et al. 2018) during transformation and migration under
certain environmental conditions. This is especially true for
variables having similar hydro-chemical characteristics in
the water body such as nutrients (Pacheco et al. 2017; Li
et al. 2018) and heavy metals (Zhang et al. 2016). In this
study, we used the Kendall's Tau-b correlation to further
explore correlations between heavy metals variables and
with the other variables in the surface water layer. The func-
tion cor.test of the package “PerformanceAnalytics” (Peter-
son et al. 2020) was used for the correlation.

Results
Spatial patterns of water quality in the SRB

The SOM training at different map sizes revealed that an
84-units map organized in an array with 12 rows and 7 col-
umns is the best compromise between the lowest QE (0.49)
and TE (0.01) values, the number of neurons close to the 85
neurons fitted well Vesanto’s rule and the lowest number of
empty output neurons. This grid size resulted in a distribu-
tion of 1 to 9 observations per neuron. Based on the minimum
value of the Davies-Bouldin index (1.52), the optimal number
of clusters is four (Fig. 3a). Therefore, to assess the spatial
and seasonal variation of water quality, the 288 samples pat-
terned in different neurons of the SOM were clustered into four
groups: C1, C2, C3, and C4 with similar water quality (Fig. 3b)
using the HCA. The cluster boundaries showed that two major
clusters (C1 and C2) containing most of the samples (Fig. 3b).

The distribution of the samples within clusters mainly
showed a geographical pattern (Fig. 3b, Table 2). Cluster C1,
in the lower area of the SOM map, included 67% of the sam-
ples, mainly those located in the northern and middle area
of the river. All samples of the four seasons from S5, S6,
S7, S8, S9, S10, S11, and S12 are included while the whole

samples of S1-S4 are missed. Cluster C2, included 27%
of samples representing certain samples of southern part
of the river (S1-S4). The Clusters C3 and C4 aggregated
remaining samples of the southern area of the river (S1-S4),
representing 4% and 2% of the whole samples, respectively.
However, only S4 samples were represented in C4 whereas
mainly S1 during LDS and SDS predominated in C3. Based
on the contribution of each parameter (weight vector) to the
identified clusters (Fig. 4), cluster C1 contributed relatively
less by heavy metals, but was characterized by the highest
level of DO, and SD among the four clusters (with weight
vectors larger than —0.2). Clusters C2, C3, and C4 were
characterized by high levels (i.e., with weight vectors gener-
ally larger than 0.5) of nutrients and heavy metals. However,
levels of TDS, salinity, EC, and TP were the highest within
C3 samples. Cluster C4 was in the transitional zone which
was characterized by moderate metal levels (with weight
vectors between 1 and 1.4) and the highest level of BOD,
NH,*, and PO,> (weight vector of variables larger than 1.6).
A colour gradient of component planes (input environmental
variables) showed that all variables excepted WD, T, NO,’,
TN, and pH had a clear trend (Fig. S1; supplement file). SD
and DO showed similar gradients. Their highest values were
found in C1 and the lowest were observed mainly in C2 and
C4. BOD, PO43', and NH,* showed opposite trends. Heavy
metals, Hg, Cd, Cu, Pb, and Ni, showed pronounced min-
ima at the lower area (C1) and generally increased mainly
towards the upper side (C4, C3, and C2). Ca®*, and Mg>*
also paralleled this trend.

Further analysis of the clusters features was based on the
18 variables significantly correlated to the first two axes’
variables and contributing to the PCA structure. The total
variance of the water quality variables explained by the first
two axes was 51.28% (Fig. 5) with eigenvalues of §1_ 7.36,
and 62= 1.87. The spatial ordering of the C-planes and clus-
ters validated the similarity between them. Generally, signif-
icantly distinct spatial patterns of water quality were found
for all clusters except C2 and C4 which were overlapped.
The highest variability of water quality indicated by the larg-
est convex hull was observed in the C2 despite its intermedi-
ate number of samples. The first axis grouped samples from
cluster C1 of the SOM on the left side, which represented
mainly samples with a positive correlation with SD and DO
and negative correlation with heavy metals (Hg, Ni, Pb, Cu,
and Cd) and organic pollution indicators such as BOD, pH,
NH,*, and TN. The clusters C2 and C4 features were oppo-
site to the previous cluster and represented samples which
have the highest positive correlation with heavy metals (Hg,
Ni, Pb, Cu, and Cd) and high correlation with organic pol-
lution indicators (BOD, pH, NH4+, and TN). However, the
C4 is more positively correlated to the previous minerals’
variables than C2. Meanwhile, some samples of cluster C2
were strongly correlated to Ca?* and Mg**. C3 was placed

@ Springer



Environmental Science and Pollution Research

2.0 3
p<0.01 p<0.01 p<0.01 a
15
1.5 10 ‘ 2
E < 5 1.0 ab o
a 2 Y o >
Do | a i o E b £
£ @ 8 g 1
[}
—_— 8s T @ 05 z
0l [ ab | | Ii—l
c
1 | j 0.0 " . 0
c1 c2 c3 c4 c1 c2 c3 c4 c1 c2 c3 c4
Cluster Cluster Cluster
6 6 . .
p<0.01 a p<0.05 p<0.01 a0
oy ~4 ~ 4 ‘ 7.5
- a o a
g F a 2
= \ £ === S s . L0
T z a = 5
z, b 2. 2
6.5
b b
6.0
0 0 T 0
c1 c2 c3 ca c1 c2 c3 ca c1 c2 c3 ca
Cluster Cluster Cluster
10
<0.01 <0.01 - 80
12 P p p<0.01
- 4
- a
E a ‘?_\7.5 a 60
» S 4 P
P g 2 2
g ; z gs 2
= ' £ e = 40
8 5 = 2 ; ©
4 @ e ©
b
| b 25 ] 2
3 . :
[ be | b ; ! c b
0 Iil — 0 EICRgp—— =3 .
c1 c2 Cc3 c4 c1 c2 c3 c4 c1 c2 Cc3 c4
Cluster Cluster Cluster
1 1 : 2000
p<0.01 p p<0.01 p<0.01 .
75 i 1500 1500
1500
~50 ~1000 000 -
o d R o ‘ 7, 1000
g 2 2 L2 a )
;T =] 2 =
2 ‘ a T 500 a | ©s00 a S 5
b ‘ | ‘
l;l b
0 0 —— o —2 0
c1 c2 c3 c4 c1 c2 c3 c4 c1 c2 c3 c4
Cluster Cluster Cluster
000 pcpo1: W0 <001
1500 750
- g
] o
> 1000 =500 a
2 a H
Py a
o
500 ‘ El 250 ‘ a
i
0 2 0 b
c1 c2 c3 c4 c1 c2 c3 (o7
Cluster Cluster

@ Springer

p<0.01 ‘

a
ab
b
I =T
c1 c2 c3 c4
Cluster
p<0.01 ‘ !
a
ab
b b
c1 c2 c3 c4
Cluster
‘p<o0.01 * ‘
‘ a .
a
b ||
T
c1 c2 c3 c4
Cluster
p<0.01
a
a
a
b
c1 c2 c3 c4
Cluster




Environmental Science and Pollution Research

«Fig.6 Box plots comparing water quality variables in the four clus-
ters derived from the SOM. The top-, mid-, and bottom-line of each
box-plot represent the 75", 50™, and 25" percentiles, respectively.
The top and bottom-point of the vertical bar of each box-plot repre-
sent the 90™ and 10™ percentiles, respectively. Letters above or below
median (50™) indicate statistical significance of differences between
sites (post hoc pairwise comparisons): only sites with different letters
differed significantly (p < 0.05) from each other.

by the two axes at the right side, representing most saline
samples with intermediate heavy metals polluted. The main
water quality variables positively correlated to axis 1 was
Cd (0.83), Hg (0.81), Pb (0.81), Cu (0.79), Salinity (0.72),
Ni (0.69), NO5™ (0.67), TP (0.64), TN (0.61), whereas DO
(—0.73), and SD (—0.43) were negatively correlated to the
axis 1. The variables EC (0.56), TDS (0.59), pH (0.48), TP
(0.39), DO (0.38), and Ni (—0.37) represented the main
water quality variables correlated to axis 2.

Quantitative analyses revealed that there were significant
differences in all water quality variables among the four
clusters, which confirmed the effectiveness of the classifi-
cation (Kruskal-Wallis test, df = 3, p <0.005). Each cluster
had its unique features (Fig. 6) representing specific water
quality. The results of the pair-wise comparison of all clus-
ters are included in Fig. 6.

Cluster CI was characterized by the lowest values of NH4+,
TP, Salinity, TDS, and heavy metals (Hg, Cd, Cu, Pb, Ni)
along with significantly high levels of SD and DO. The clus-
ters C2, and C4 shared similar water quality features; these
clusters had high levels of heavy metals (Cd, Cu, Pb, and
Ni) and along with significantly low levels of SD and DO
and intermediate values of salinity. Similar water composi-
tions were seen in C2 and C3; these clusters had intermediate
values for many water quality parameters such as BOD, and
NH,* along with the highest levels of Mg>*, Ca>*, and Hg.
The median values Cd, Cu, Pb, and Ni were approximately
equal in C2 and C3, although their concentration ranges were
not significantly different to C4. C4 has the highest values of
minerals variables such as BOD and NH,*. The cluster C3
was also distinguishable from the other clusters with its high-
est values of NO;, TP, pH, EC, salinity, and TDS.

Latitudinal variation of water quality in the SRB

The PCA was used to further analyse the latitudinal vari-
ation of water quality, using sites as criteria of clustering
(Fig. 7). All samples of the same site were restricted to spe-
cific area of the Axes 1 and 2. Overall, significantly different
latitudinal patterns of water quality were found. Sites were
distributed from the northern sites to the southern sites along
the axis 1 from the left to right; left side was positively cor-
related to DO and SD while the opposite side was positively
correlated to macronutrient and heavy metals. However, two
clear clusters of sites could be observed. The southern sites

(S1, S2, S3, and S4) were grouped and located at the right
side of axis 1. They showed the highest variability in water
quality especially for S1, S2, and S3. The middle and north-
ern sites were grouped at the left side of axis 1 with two
sub-groups and the site S8 overlapping between the two sub-
groups. The far-left sub-group comprised S9, S10, S11, and
S12 while the second sub-group contained S5, S6, and S7.

Seasonal variations of water quality in the SRB

Based on SOM output, generally, different trends were
observed with the represented seasons within each cluster.
The long seasons (LWS and LDS) were represented in all
clusters while SDS and SWS samples were not observed in
C3 and C4, respectively.

Based on the PCA results (Fig. 8) and using the sea-
sons as criteria of grouping, it was observed that the high-
est variabilities of water quality indicated by the largest
convex hull were observed in the wet seasons (SWS and
LWS). Generally, most of samples of the four seasons are
grouped at the left side of the axis 1 positively correlated
to DO and SD. No significant characteristics of water
quality were observed for the four seasons. However, most
of the samples located at the upper right side of the PCA
and positively correlated to the two axes are collected
during wet seasons.

There were not significant differences in all water quality
variables between seasons (Kruskal-Wallis, df= 3, p > 0.05),
except for SD, TP, pH, and salinity (Kruskal-Wallis, df =3, p
< 0.05). Specifically, water quality in the SDS was character-
ized by the highest levels of SD whereas lowest levels were
observed for TP and pH (Fig. 9). The highest levels of TP
and pH were observed in the wet seasons (SWS and LWS).

Pollution risk and correlation analysis of water
quality variables in the SRB

None of the variables used as an indicator met the ecologi-
cal standards for all samples, except for BOD, NO,™, and
NO;™ (Table 3). Generally, the samples of southern area
(S1-S4; C3-C4) did not meet any of the standards for drink-
ing-water quality (both Benin and WHO) and the ecologi-
cal surface water quality. The concentrations of the heavy
metals detected in the SRB did not meet the guidelines for
drinking-water quality (both Benin and WHO) and the eco-
logical surface water quality standards at the southern sites
(S1-S4) and during the four seasons (considering means of
sites values per season). However, the pH standards were not
met only on sites S6 and S12 during dry seasons.

Kendall correlations among the 18 variables retained
with the PCA showed 145 (~95 %) significant pair correla-
tions (Fig. 10). One hundred and thirty-eight correlations
were very significant (p < 0.001). Overall, relationships were
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Fig.7 PCA score plot of water
quality samples differentiated
by sites distributed along latitu-
dinal of the SRB.
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strong among: (i) organic pollution indicators, (ii) each pair
of heavy metals and (iii) heavy metals and mineral variables.
Heavy metals (Hg, Pb, Cu, Cd, and Ni) showed a very strong
positive correlation (0.89 < r £ 0.93). A moderate to fairly
strong (0.30 < r < 0.70) moderate positive relationship was
observed between heavy metals and nutrient enrichment var-
iables (EC, TDS, salinity, Ca’*, Mg>*, BOD, NO;", NH,™,
TN, and TP). Each pair of the variables BOD, NO;, NH4+,
TN, TP, Salinity, Ca’*, and Mngr showed moderate positive
correlation against a moderate negative correlation observed
between DO and SD was mainly observed.

Discussion

The SOM analysis alone yielded four clear clusters of sam-
ples irrespective of sites and seasons. However, spatial and
latitudinal assemblages were evidenced. Moreover, water
quality variables that contributed most to the discrimination
between the four clusters were highlighted. As to the PCA, it
revealed that 18 variables out 22 were most important. The
PCA also depicted specific features of each cluster and the

@ Springer

interrelation between C2 and C4, which might be considered
unique cluster. More importantly, PCA showed that northern
and middle reach sites grouped in C1 could be split in two
clusters although the difference was very thin. Relying on
these findings, three main clusters I (=C1), II (=C2 and C4)
and III (=C3) will be considered in this discussion. SOM
combined with multivariate analyses (HCA and PCA), and
quantitative tests (Kruskal-Wallis and Kendall correlation)
revealed a spatial-latitudinal pattern of surface water quality
and pollution risk in a West—Africa River basin, the SRB.
Correlation analysis allowed to identify potential sources and
hotspots of organic and heavy metal pollutions which are
important for sustainable management of aquatic ecosystems.
Our study shows the benefit of SOM in conjunction with tra-
ditional statistical tools to analyse nonlinear ecological data,
that could not be effectively evidenced by a single method
or only with traditional methods. As such, our methodology
is effective for assessing spatial and seasonal water quality
dynamics, and can be used to understand the dynamic of
aquatic processes based on relationships among numerous
environmental variables. This is very important in the West
African context, where insufficient expertise and a lack of
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Fig.8 Biplot based on the sea- PCA - Biplot
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data on water resources degradation by factors like pollution
hampers the sustainable management of aquatic ecosystems
(IUCN-PACO 2018).

Pattern of water quality from the headwater
to estuary area

The SOM, HCA, and PCA eased the identification of pol-
lution hotspots and clustering of samples following a lati-
tudinal (upstream—downstream) gradient. The variability of
water characteristics was defined by similar and comple-
mentary environmental features in clusters observed with
SOM (I-III) and the PCA biplot based on sites (S1-S12).
The highest values of DO and SD and the lowest values of
almost all other variables in the middle and northern sites
(I;S5-S12) suggested a relatively less impaired riverscape
with eutrophication and heavy metals in the upstream reach
compared to the southern sites’ status present in groups II
and III. Meanwhile, samples of the southern area grouped
in group III was moderately polluted with eutrophication
transitioning between the samples of group I (middle and
northern sites) and II (majority of southern sites). These

Axis 1: 40.9%

findings highlighted the latitudinal features of the river.
Middle upper area sites (S9 and S10) are located in a less
densely populated area, and constitutes relatively isolated
areas that do not continually receive inflows and runoff from
canal- and tributaries-associated pollution. As a result, the
nearby downstream sites such as S8, S7, S6, and S5 showed
less impaired characteristics. More importantly, S11 and S12
located in the northern part are close to the Djigbé forest
which provides suitable habitat for many forest species (see
Kakpo et al. 2019). The area has low navigation activities
which could negatively affect the water quality. These fac-
tors could have contributed to maintain the water quality
as backed in previous studies around the world (Pacheco
et al. 2017; Guo et al. 2020). The relative pristine state of
sites S5 — S12 is typical of headwaters (Frid and Dobson
2013). Many West—Africa rivers are probably in relative
pristine state as river water quality is mainly determined
by its catchment and human activities (Dobson and Frid
2009) and regional countries share similar challenges in
terms of pollution type (i.e., plastic waste, organic pollution,
untreated sewage, and deforestation) (IUCN-PACO 2018;
McClure 2021), although intensity and amplitude could be
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«Fig.9 Box plot of the water quality variables in the four seasons.
The top-, mid-, and bottom-line of each box-plot represent the 75%,
50", and 25™ percentiles, respectively. The top and bottom-point of
the vertical bar of each box-plot represent the 90" and 10" percen-
tiles, respectively. Letters above or below median (50™) vertical bars
indicate statistical significance of differences between sites (post hoc
pairwise comparisons): only sites with different letters differ signifi-
cantly (p < 0.05).

different. The high presence of fishes such as Brycinus nurse
(Riippell, 1832), Brycinus longipinnis (Giinther, 1864),
and Distichodus rostratus Giinther, 1864 in head water of
Boubo River (Ivory Coast) and Ikpoba River (Nigeria) as
observed in SRB (Koné et al. 2003; Kouamélan et al. 2003;
Hazoume 2018) could be considered as evidence of both
the relatively low pollution of headwaters and similarities
between West—African rivers. Sustainable aquaculture ini-
tiatives could be promoted in head water, which are areas
in relative pristine state and predisposing to high fishery
potential yield.

On the contrary, in the most polluted southern sites (II;
S1-S4), the very high levels of nitrogen and phosphorus com-
pounds (above 0.5 mg L ') observed is related to environmental
impacts of nutrient enrichment, which is sufficient to trigger
excessive vegetation growth (WFD 2005). Aquatic ecosystem
with high level of phosphorus and nitrates benefits the rapid
multiplication of macrophytes as observed in the SRB and algal
bloom which induce depletion of oxygen concentration in the
water layers (~30 times less than in the same volume of air),
especially when biological process demand exceeds the oxygen
amount produced by photosynthesis and atmospheric oxygen
dilution (Koudenoukpo 2018). This southern area is relatively
densely populated and characterised many coastal West—Afri-
can countries. The lifestyle of people living in the area and
their activities were suspected to impact both the organic and
heavy metal pollutions observed. Discharge wastewaters from
municipal including primary and secondary school, domestic
and churches, and agricultural sources could be the cause of the
contaminated water leading to a low water quality. In addition,
years of unchecked pollution from industry and inefficient and
degraded sewage infrastructure resulting in raw sewage causing
the water system to be polluted (McClure 2021). To overcome
with this scourge pollution, investment is needed in urban infra-
structure that limits water pollution, such as adequate sewerage
and wastewater treatment facilities, household and industrial
waste disposal and functioning storm drains.

In the group III (mainly S1), the pollution level in organic
matter and heavy metals were observed along with high level
of mineral compounds (i.e., salinity, TDS, and EC). These
variables usually correlated (Rodier et al. 2009) highlighted a
salt water intrusion via the Lake Nokoué. The frequent water
exchanges of the SRB with the Nokoué Lake is an impor-
tant factor determining the water quality of both ecosystems
(Hazoume 2018; Koudenoukpo 2018) as observed in Ogun

River connected with the Lagos lagoon (Fajemila et al. 2020).
In such cases, it is necessary to maintain not only the integrity
of the rivers but also that of the lakes and lagoons with which
they interact, especially as the latter are densely populated
areas with a high concentration of human activities.
Although the spatial variation mainly contributed to water
quality, the assignment of certain sampling sites to groups indi-
cated also seasonal variation (I and IIT) and discussed here below.

Seasonal pattern of water quality

We found non-significant seasonal variations of water qual-
ity in the SRB. Although our data covered both spatial and
temporal variation, the SOM mainly highlighted the spatial
patterns, confirming the PCA result with seasonal factor.
Specific conditions and activities occurring at each loca-
tion mostly contributed to water quality. These findings for
seasonal variations were somewhat inconsistent with many
other studies, which identified seasons as crucial factor
affecting water quality condition (Jaji et al. 2007; Rodrigues
et al. 2018; Cruz et al. 2019). For example, in Ogun River,
South West Nigeria (Jaji et al. 2007), it was observed that the
river was more polluted during dry season than wet season.
Inconsistence with our results may be related to difference in
hydrology and features of basins examined in the latter study
and the one of SRB. Although Ogun River like SRB was in
a West—Africa, difference in sampling period and climate
changes could have contributed to the observed results. Cli-
mate change has strong impact on the seasonal distributions
of the streamflow and nutrient load (Tu 2009) and become
more important during last decade. The climatic changes
have led, among others, to changes in seasonal onset, dura-
tion and patterns, increase in rainfall variability, with more
unexpected dry period and heavy rainfall periods (Baudoin
et al. 2014). Rains become more important during a period
previously considered dry and less during wet seasons (Totin
2010). These unexpected weather patterns make it difficult
to allocate the samples properly between seasons without
introducing bias because expected temperature, rainfall and
flood levels are no longer valid. As result, temporal varia-
tion, even if present, can be difficult to highlight through a
seasonal sampling.

A year sampling on the same ecosystem showed more
clearly a seasonal variation in water quality (Koudenoukpo
et al. 2021). The fact that with two years, the seasonal vari-
ation is less clear, meaning that seasonal variation is not
regular across years. So, a higher order temporal scale
(year-to-year) variation should be envisaged in future stud-
ies. However, higher among-sites variability in water qual-
ity parameters as well as high levels of TP and pH were
observed in wet seasons (SWS and LWS), indicating a high
risk of organic pollution and eutrophication (Djihouessi
and Aina 2018). Permanent high risk of eutrophication
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Table 3 Criteria of water

o Variable Range Median Beninese standards" WHO standards” Ecological
quality indicators used for standards?
water quality assessment with
threshold values. BOD (mg L") 0.001-1.9  0.61 <25 - <8

DO (mg L) 0.34-13.5 4.5 - - >5
pH 5.84-8.22 722 6.5-8.5 6.5-8.5 6-9
EC (uS Cm™) 49.5-12432 278 - - < 1500
TDS (mg L) 222-9720 113 - < 1000 -
Nitrite (mg L) 0.001-1.849 0.118 <32 <03 <03
Nitrate (mg L) 0.002-2.878 0.2335 <45 <50 <50
Ammonium (mg LY 0.005-6.041 0.483 - - <1
Total Nitrogen (mg L) 0.001-5.849 1.544 <10 - <3
Total Phosphorus (mg L'!)  0.004-5.676 0.4545 <01 - -
Magnesium (mg L) 1.319-87.36 11.65 <50 - <36
Calcium (mg L) 2.039-80.15 16.031 <100 - < 60
Copper (ug L) 0.12-1910  0.12 < 2000 < 2000 < 1000
Cadmium (pg L) 0.08-1700  0.18 <5 <3 <200
Lead (ug LY 0.08-1980  0.08 <50 <10 < 100
Nickel (ug L) 0.65-980 0.65 <20 <170 <200
Mercury (ug L) 0.02-1760  0.19 <1 <1 <2

“The quality standards for drinking-water in Benin (Decree No. 2001-094 of 20-02-2001)
#Guidelines for drinking-water quality (WHO 2011)
9Guidelines for aquatic ecosystems water quality to support biodiversity (Rodier et al. 2009)

may be attributed to the non-point pollution sources which
accumulated and discharged from the canals and Ouémé
River (Mama 2010). The specificity of the southern Benin’s
aquatic ecosystems such as SRB is that the SWS corresponds
to the single wet season of the Northern Benin, considered
as the cotton basin where large quantities of chemical fer-
tilisers were used for the cotton cropping (Odountan et al.
2019). Large volumes of water loaded in nutrient (e.g., phos-
phorus and nitrogen) from the northern area enter the SRB
and contribute to the river dilution. As a result, the water
hyacinth and others macrophytes are abundant especially in
SWS. The increased salinity during dry seasons, especially
at southern sites (group III) were related to their connection
with Lake Nokoué. The Lake Nokoué acted as reservoir of
large proportion of pollutants, including the nutrients con-
tributing to eutrophication during wet seasons for the SRB
river—estuary system (Djihouessi and Aina 2018). During
dry seasons with salt intrusion, the portion of pollutants not
flushed into the Atlantic Ocean were returned to the river.
This included rainfall and the dissolved matter carried from
the littoral and agricultural areas into the ecosystem. There-
fore, less difference in water quality was observed across
pre-defined seasons and between sites.

Water quality, human activities, and pollution risk

Assessment of environmental variables such as WD, T,
SD, DO, BOD, nitrogen compounds (NO,", NOjy, NH4+,
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and TN), phosphorus compounds (PO,* and TP), miner-
als variables (pH, TDS, EC, TDS, Ca*, and Mg?*), and
heavy metals is important to the characterization of sur-
face waters because each variable reflects an aspect of the
water body, has a different origin, with a specific distribu-
tion with respect to other factors (Aguirre et al. 2019). Pol-
lution of surface water in relation to these variables is of
great environmental concern in developing countries which
have limited expertise, techniques, and facilities to address
these threats. In this study, water quality variables used as
indicators did not meet neither the drinking-water stand-
ards nor the ecological standards. The head water is just
less polluted compared to southern sites and is not really
in pristine state. These findings were consistent with those
backed in two other aquatic ecosystems communicating with
the SRB, the Ouémé River —the longest and largest river of
Benin (Hounsou et al. 2011) and the Lake Nokoué (Dovonou
et al. 2011). Pollution of surface water with traces elements
and excess nutrients leading to eutrophication (coupled to
toxic metals issues) is of paramount concern in Benin. The
direct human-consumption of the water of these ecosystems
without any treatment is not recommendable and prejudi-
cial (Hounsou et al. 2011). As to the potential sources of
eutrophication and heavy metal pollution, the very strong
Kendall correlation between heavy metals (Hg, Cd, Cu,
Pb, and Ni) pointed out the close relation between the five
traces elements. Moreover, the high correlation of heavy
metals with minerals contents allows to presume non-point
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Fig. 10 Correlation matrix of water quality variables of SRB. (The
distribution of each variable is shown on the diagonal. Bivariate scat-
ter plots with fitted lines are displayed in the lower triangular portion
of the matrix; the correlation values are shown in the upper triangu-

sources including agricultural activities and domestic sew-
age discharges that are usually pointed out to contribute
to nutrient enrichment (Najar and Khan 2012; Djihouessi
and Aina 2018; Odountan et al. 2019; Guo et al. 2020) and
heavy metal pollution (Calamari and Naeve 1994). The high-
est values of heavy metals around the locations of housing
in the river villages (south of SRB) seem be related to the
illegal traffic of gasoline from Nigeria with inappropriate
boats and cans full of gasoline discharging in the river result
in leaks into the water (Kaki et al. 2011; Djihouessi and
Aina 2018). This hypothesis is also supported by the high-
est correlation between salinity and heavy metals. Indeed,
sites with the highest salinity rate are located downstream
and directly connected to the Lake Nokoué, receiving during
dry season Atlantic Ocean water. As to nutrients, our study
supports that, inputs from Ouémé River, domestic sewage
discharge and Lake Nokoué releasing during dry seasons
are greatest sources of nutrients (Mama 2010; Djihouessi

lar portion of the matrix. Statistical significance levels are denoted as
ok ok ek <2 and ¢ corresponding to p-values in the inter-
vals of (0, 0.001, 0.01, 0.05, 0.1, 1)).

and Aina 2018). The strong positive correlations observed
between nutrient enrichment variables such as BOD, NH4+,
NOys’, and TP, with salinity (higher downstream especially
at southern sites connected to Lake Nokoué) confirmed this
hypothesis. Nutrients from agricultural activities originate
from non-point pollution sources are known to be the major
sources of water quality impairment (Park et al. 2014).
Overall, heavy metal pollution can be linked to (i) the
“illegal” solid waste dumps occurrence from the communi-
ties along the river’s watershed; (ii) the destruction of the
riparian vegetation promoting proliferation of landfills on
the river’s shores; (iii) the salt intrusion of Lake Nokoué
water contaminated by various domestic and toxic wastes
from the Dantokpa Market (situated south of the lake), as
well as inputs of effluents and solid waste from Cotonou
and Abomey-Calavi urban activities; and (iv) inappropriate
transport of gasoline. As to the nutrients they are determined
primarily by external inputs and modified by hydroclimatic
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processes. Sustainability in agriculture and measures of sani-
tation and water treatment are required to prevent further
degradation of the ecosystem.

Conclusion

The spatial-latitudinal and seasonal patterns as well as the
water pollution processes in SRB were assessed using SOM
and multivariate analyses. The combination of these tools
highlighted complex interrelations between physicochemical
variables within SRB. This finding is useful in simplifying
the complex ecological information, and notably to identify
key variables to overcome with eutrophication and heavy
metal pollution in West—Africa River systems. Latitudinal
patterns revealed significant difference in water quality con-
dition between upstream and downstream. Specifically, head
water area showed less impaired features and can be suitable
for sustainable aquaculture whereas middle reach and down-
stream area showed a progressive increase of organic and
heavy metal pollution. As to the seasonal pattern, no signifi-
cant difference in water quality was observed across seasons
and does not mean no temporal variation in water quality. Due
to climate changes which have led, among others, to changes
in seasonal onset, duration and patterns, seasonal sampling
might not be able to highlight temporal variations. Although,
the results indicate that SRB water quality is strongly depend-
ent on anthropogenic activities, the hydroclimatic processes
could have also contributed to the patterns observed. The level
of eutrophication and heavy metal pollution were high, and
the ecosystem did not meet neither drinking-water standards
nor ecological standards. Based on these findings, an efficient
water management plan for the watershed is needed to reduce
the impact of human activities on the water quality especially
in the downstream area, and consequentially, to ensure fewer
negative effects on human and aquatic biota.
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