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ABSTRACT

The preservation of water resources is a worldwide goal that requires continuous research to support the action
of decision-makers. The learning about water quality is paramount in that regard to assess the complex in-
teractions between surface waters and pollution sources. To assess the impact of diffuse pressures, many authors
established nexus between landscape metrics and surface water quality. The present study used that approach in
a Portuguese urban catchment, the Ave River Basin. The relation between landscape metrics and eight surface
water quality parameters was studied during 26 hydrological years, based on the Spearman’s rank correlation
analysis. The correlation analysis exposed strong relationships between water quality and parameters that
describe land use composition or configuration. During the studied period, even in recent years, the water quality
parameters reached concentrations above the legally recommended limits. The most concerning parameters were
ammoniacal nitrogen, chemical oxygen demand and total orthophosphate. Among the analysed metrics, Shan-
non’s diversity index, percentage of urban areas, and the percentage of agricultural edges that are shared with
artificial areas were the most preoccupying land use characteristics that indicate degradation of water resources.
Besides the correlations, the study calculated the variation rates of land use maps relative to the years of 1995,
2007, 2010, 2015 and 2018. The results of correlation analysis and land use changes identified actions for the
short-term that could improve water quality in the Ave River, namely a reduction in agricultural fields and an
increase of forest edges density. In the long-term, water quality improvements could be accomplished through
the decrease of artificial surfaces, the increase of forested areas and edges surrounding agricultural fields.

1. Introduction

pollution sources, contaminants and ecosystems are quite complex given
their dependence on a multiplicity of sources (Tran et al., 2019) as well

The management of freshwater resources to ensure water security
concerns civilisations for thousands of years (Dellapenna and Gupta,
2009). With the demographic expansion, threats to stream water quality
and availability grew rapidly, becoming a present-day challenge for
global water governance (Wiek and Larson, 2012). Environmental and
hydrological research provides subsides to water resources managers
through monitoring (Bartram, 1996) and the discovering of innovative
treatment and remediation techniques (Sharma and Sanghi, 2012).
However, a continuous research on the interactions between pollution
sources and their impacts on stream water quality is a necessity to un-
derstand and control new agents of contamination such as antibiotics or
microplastics (Sousa et al., 2020, 2019). The interactions between

as on numerous physicochemical and biological processes (Larsen et al.,
2019; Long, 2020; Vannote et al., 1980), the geological influence
(Martins et al., 2019), among other factors. Point source pressures are
the most evident threats to water quality because they represent direct
discharges into surface water bodies (Bolinches et al., 2020). In general,
they comprise effluent discharges from urban and industrial activities.
Urban effluents are discharged into streams and lakes with high con-
centrations of organic compounds (Eom and Park, 2021; Hayet et al.,
2016). The composition of industrial effluents is highly variable, being
heavily concentrated in metals when sourced from mining (Yan et al.,
2021), metallurgic (Kang et al., 2016) or textile (Swarnkumar Reddy
and Osborne, 2020) industries, or inorganic matter and salts when
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Fig. 1. Ave River Basin. In (A) is represented Portugal and the national drainage lines. In (B) it is demonstrated the Ave River Basin and local drainage lines.

sourced from pharmaceutical industries (Lalwani et al., 2020). Diffuse
pressures are less apparent because contaminants need to be transported
from the soil surface via runoff before they enter the natural aquatic
system (Mohamadi and Kavian, 2015). But their influence is usually
dominant. In the last decade of 20th century, non-point pollution
sources were responsible for 70% of stream water contamination in the
Southern region of the USA (Potter et al., 2005). There is a plethora of
diffuse pressures that can affect surface water quality. Agricultural fields
are among the most worrying pressures because fertilisers (Zorb et al.,
2014) and pesticides (Jayasumana et al., 2014) applied to grow crops
frequently end up in freshwater. A similar condition holds for livestock
fields (Martinez et al., 2009), from where a portion of animal excrements
are leached to nearby streams. The threat to stream water quality related
with agriculture and livestock production also derives from inadequate
land management that frequently exposes the soil, making it proner to
erosion and a source of suspended materials that can enter stream water
increasing turbidity (Madsen et al., 2001) and endangering aquaic life in
the sequel. For similar reasons, wildfires are a threat to stream water
quality. In this case, the threat relates with ash transport (Santos et al.,
2015a) and amplified erosion of burnt areas (Santos et al., 2015b).
When forested areas are strategically located, for example, along
stream margins, they can work as barriers to retain contaminants and
sediments transported in runoff (Nilsson and Svedmark, 2002). The
conservation of riparian vegetation is therefore paramount for the pro-
tection of rivers (Tabacchi et al., 2000). But surface water quality de-
pends on land use planning in general (Foley et al., 2005). Many authors
understood this dependence and conducted studies to expand their
knowledge on the ties between land use and water quality, especially
after 1970 (Zhao et al., 2011). These studies recognised agricultural
areas and artificial surfaces to have a negative impact on surface waters,

as expected (Gu et al., 2019; Lee et al., 2009; Lenat and Crawford, 1994;
Shi et al.,, 2017; White and Greer, 2006; Yong and Chen, 2002). As
mentioned above, agricultural areas are sources of fertilizers and pes-
ticides at the landscape level, that leach towards water bodies in
response to storm events, while the expected growth of fertiliser and
pesticide use is thought to aggravate stream water quality problems in
the future (Wei et al., 2020). The areas occupied with forests, on the
other hand, were seen as reserves of good quality water (Clément et al.,
2017), with no surprise. Finally, the urban and industrial areas, given
the abundance of impervious surfaces that reduce infiltration (Zhang
et al., 2020), tend to accumulate contaminants at the ground surface
during the dry seasons and drain them to storm sewers and the natural
environment during the subsequent rainy periods (Wei et al., 2020).
Therefore, land use composition and configuration are linked to water
quality (Uuemaa et al., 2007). It is worth recalling at this point the
concept of “composition” that describes how much of a landscape is
occupied by a land use type (i.e., the area), while “configuration” de-
scribes the distribution and arrangement of land uses (Tolessa et al.,
2016). These properties are measured through landscape metrics, which
are indexes used to quantify landscape characteristics. There is a wide
range of landscape metrics, such as patch density, Shannon’s diversity
index (SHDI), edge density, which can be calculated using computer
packages such as Fragstats software (McGarigal and Marks, 1995).
Within the scope of water quality, landscape affects the influence of
non-point pollution sources (Zhang et al., 2018), because landscape
structure is the main factor controlling contaminant transference
through the runoff mechanism (Uuemaa et al., 2007), considering the
different land use types, imperviousness ratios, and released contami-
nants (Wei et al., 2020; Zhang et al., 2020). Various studies set up nexus
between anthropogenic activity, increases of edge density (Lee et al.,
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Fig. 2. Dataset preparation.

2009) and hence of SHDI increases (Bu et al., 2014; Sun et al., 2013),
with the decrease of water quality (f.owicki, 2012). Other studies have
correlated the patch index and patch density with surface water quality
(Ding et al., 2016; Shi et al., 2017), showing the loss of filtering capacity
of fragmented forests relative to non-fragmented forests (Lee et al.,
2009). However, there is a debate about the suitable scale to use,
because the relation between landscape and water quality may change
with the adopted scale (Zhang et al., 2018). The scale can range from
entire catchments, circular buffers, or riparian extents (Allan et al.,
1997; Morley and Karr, 2002). Some authors defend that a riparian scale
provides better results since it catches all phenomena that are closeby to
rivers (Dodds and Oakes, 2008; Johnson et al., 1997; Tran et al., 2010).
Other authors contend that entire catchments should be used to reveal
all phenomena that occur in the river basin (Hunsaker and Levine, 1995;
Zhang et al., 2019). The debate extends to the factors of discrepancy.
Some studies point to differences between environmental settings that
may interfer with the landscape — water quality nexus (Gu et al., 2019),
namely differences in topography (Yu et al., 2016), hydrology or climate
(Zhang et al., 2019). Topography influences diffuse emissions because
from steeper regions the runoff is faster (Gu et al., 2019) increasing the
risk of contaminants being transported to rivers (Bonansea et al., 2021).
Precipitation patterns regulate runoff intensity in the spatial domain,
while this variable can vary considerably in the short- (season) and long-
(climate change) terms of time (Nobre et al., 2020). This may help
explaining discrepancies between results obtained in the wet and dry
seasons as well as in different years and regions (Bonansea et al., 2021;
Buonocore et al., 2021; Pak et al., 2021; Shehab et al., 2021). Other
causes of discrepancy can be instrumental, related with the spatial res-
olution of land use and cover maps (Wu et al., 2002), or with the study
design (Schiff and Benoit, 2007).

Despite the multiplicity of factors influencing the relationship be-
tween water quality and landscapes, the number of studies addressing
these factors simultaneously is scarce. From a land use management and
policy viewpoint, holistic studies of this kind are helpful for the pano-
ramic understanding they provide about stream water quality and
bearing factors. With the purpose of contributing to fill this gap, the
present study analysed the relationship between water quality and
landscape metrics in a heterogeneous river basin of Portugal, to capture
the influences of a diversity of land use types, namely agriculture, forest
occupation and artificial surfaces. The correlations involved 8 water
quality parameters pertinent for agriculture as well as urban and in-
dustrial contamination, and 61 landscape metrics of composition and
configuration. The number of measurement points were 52 with
drainage areas spanning a large range (26.4-2475.3 km?). The study
covered 26 hydrologic years to detect potential climate effects. Taken
altogether, we believe the results of this “brute-force” study involving
over 13,000 correlations will help to understand how composition and
structure of watersheds determines stream water quality, considering
the roles of environmental settings (climate, land use types) and scale.

2. Study area

In the present study, it was explored the relationship between surface
water parameters and landscape metrics in an industrialised Portuguese
river basin over many hydrological years, resorting to the Spearman
correlation rank coefficient. Ave River Basin (ARB) is located in the
northern region of Portugal, Fig. 1. The Ave river extends for 100 km
from the headwaters located in the Cabreira mountains until the outlet
for the Atlantic Ocean. The drainage area occupies around 1400 km?,
and the main tributaries are Vizela and Este rivers, with drainage areas
that hold 323 km? and 250 km?, respectively. The altitude varies from
1254 m at the headwaters to 0 m at the Atlantic Coast. This river basin
was chosen for this study due to the vast contamination problems that
started almost a hundred years ago. Already in the first half of the 20th
century, many pollution transgressions were reported to local author-
ities (Costa, 2008). In the second half of the 20th century, the river was
tagged as "The Great Sewer" (Ferreira et al., 2017) due to the high
number of effluent discharges without any preliminary treatment,
mainly from textile industries and domestic sewage (Cortes et al., 2016).
So it became one of the most polluted in Europe, which has caught the
attention of several researchers. Until nowadays, the river basin has
been a target of many environmental studies.

In pioneer studies, high concentrations of heavy metals were found
in river sediments and aquatic mosses due to industrial activities, by
accessing data from 1993 (Goncalves et al., 1992; Soares et al., 1999).
Besides Aratijo et al. (1998) revealed that a high concentration of metals
was due to the local lithology, but the presence of heavy metals was due
to anthropogenic activity. Due to an ambitious remediation program,
heavy metal pollution has fortunately decreased in 2000 (Alves et al.,
2009). Despite the given importance to heavy metals, other authors
aimed their studies at other forms of contamination, namely nutrients.
By assessing the leaf breakdown (Pascoal et al., 2003) between 1999 and
2000, ARB had high levels of nutrients that were compromising the
freshwaters status (Pascoal et al., 2005a). In the Este river, it was
possible to trace a high diversity of aquatic hyphomycetes, but in the
Ave river, there was a decline of species richness (Pascoal et al., 2005b).
The declared causes were the high agricultural activity and also effluent
discharges. In concordance, other authors refer to the same pollution
causes (Dunck et al., 2015; Peixoto et al., 2013), but also livestock
production effects became concerning (Ribeiro et al., 2016), which led
authors to give more attention to the impacts of diffuse pollution sources
(Fonseca et al., 2018; Terencio et al., 2017). In studies where the effects
of diffuse and point source pressures are accessed, the results show both
have a massive effect (Fernandes et al., 2019, 2018). Still, in those
studies, the impact of the land-use configuration was not accessed.

In subsequent studies, landscape structure was compared to esti-
mated diffuse and point source emissions, and it was found out that
landscape effects can overcome contaminant emissions (Fernandes
et al., 2019a) depending on the analysed scale (Fernandes et al., 2020).
In the present study is investigated the effect of landscape characteristics
(LSC) on water quality due to human activity and expose which
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Landscape metrics list.
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Nomenclature

Description

Land use Classes

ca total area
Area npc number of patches

pz area percentage

km X X X X
count x x x x

km?/km” x x X X

tc_edge length of edges of all patches in selected classes within the statistical zone
Edge
ed edge density

meters, X X X X X

km?/hectare x x X x X

Diversity shdi Shannon'’s diversity index (SHDI)

el total edge length shared between the two selected land use classes
Contrast

cce percentage of the edge length shared between the two selected land use classes

ci_np number of connected patches
ci_pa patch area within the range of connection
Connectance ci_pp percentage of patch area within the range of connection

ci_ca area of the connection polygons between patches

ci_cp percentage of the area of the connection polygons between patches

characteristics require intervention. In this analysis, it was calculated
the Spearman’s Rank Correlation Coefficient, between landscape met-
rics (LSM) and surface water parameters (SWP) for different hydrolog-
ical years (HYs), and make an intervention analysis to tag which are the
possible LSC that require intervention.

3. Methodology
3.1. Dataset preparation

For the dataset preparation, it was necessary to resort to three da-
tabases, which contained hydrological data, the digital elevation model
and a land cover, Fig. 2. The accessed hydrological database was the
National Hydrological Information System (the Portuguese abbreviation
is SNIRH) (Jesus et al., 1999). The digital elevation model was down-
loaded from the European Environmental Agency (EEA, 2021) with a
resolution of 25 m and was used to delineate the drainage areas. The
land use cover map was download from the Portuguese Territory Plan-
ning website (DGT, 2018), whose coverage was available for the years of
1995, 2007, 2010, 2015 and 2018.

From SNIRH, it was downloaded all the information about surface
water parameters that had data for an extended period (from 1987 to
2016). For each of the SWP in each sampling site (Fig. 1), it was
calculated the average concentration for each hydrological year (HY),
starting on the 1st of October and ending on the 30th of September. With
the location of sampling sites and the digital elevation model, it was
possible to delineate the entire watershed, drainage lines and respective
drainage areas of each sampling site. All these procedures were executed
in ArcMap (ESRI, 2012a) using ArcHYDRO functionalities (ESRI,
2012b). With the delineated drainage area, it was possible to calculate
the landscape metrics using each land use map. The metrics were
calculated by using a python toolbox (Adamczyk and Tiede, 2017) for
the general land use classes: agricultural areas (AGR), artificial surfaces
(ART), forests and semi-natural areas (FOR) and water bodies (WAB).
The complete list of landscape metrics is demonstrated in Table 1, in the
description is given the measured LSC. The calculated metrics are
divided into five groups: area, edge, diversity, contrast and connectance.
Area metrics describe the proportion of land use in each drainage area,
ca is the total area of the respective land use, pz the area proportion and
npc the number of patches. Edge metrics are calculated based on the
perimeter of patches for the selected land use, tc_edge the total length
and ed is the same length divided by the total area. Diversity metrics
only contain shdi, a diversity index calculated for all land use classes,
named in this study as shdi_(ALL). Contrast metrics describe the length

of land use patches that are shared between two selected land use
classes, where el (LUp)_with_(LUjg) is the total length between the clas-
ses A and B, which is the same as el (LUg) with_(LUp), while the per-
centage of the length of land use edges is calculated through the metric
cce. For example, the cce_(LUp)_with_(LUg) is the edge length shared
between land use A and B, divided by the total length of edges of LUg,
while cce_(LUg)_with_(LU,) is also the length shared between land use A
and B, but in this case, is divided by the total length of LU, edges.
Contrast metrics were calculated for all the possible combinations be-
tween WAB, FOR, ART and AGR. Connection metrics describe the
connectedness of land use patches for a selected class. For these metrics,
the python toolbox calculates the connectedness area for a specified
distance, which for this study is 0.5 km. The number of patches that are
inside of the connectance range is given by ci_np. The connection area is
provided by ci_ca, and the area percentage by ci_cp. The metric ci_pa is
the area of the selected land-use class within the range of connection,
while ci_pp is the respective area percentage. From a total of thirteen
metrics types, it was calculated a total of 61, since each type was
calculated for particular types of land uses or even to all simultaneously,
Table 1. Besides there are only 5 Portuguese land use maps, it was
assumed that each map was representative of the closest HYs. Therefore,
the land use map of 1995 represents the HYs between 1987 and 2000,
the map of 2007 represents the HYs between 2000 and 2008, the map of
2010 represents the HYs between 2008 and 2012 and the map of 2015
from 2012 until 2016, Fig. 2. Thereby, it was possible to calculate the
Spearman’s Rank Correlation Coefficient (r;) between each landscape
metric and surface water parameter for each HY, using python
(McKinney, 2015).

In the supplementary material is provided the analysis of the SWP,
and also the correlation analysis of the SWP along each HY, while in the
results section is demonstrated the rs analysis between each SWP and
LSM. Also, the rg values between each LSM and SWP, along each HY, are
provided in the supplementary material in an excel worksheet.

3.2. Analysis

3.2.1. Spearman’s rank correlation coefficient

To understand the relationship between each LSM and SWP it was
calculated the rg for all the HY. The rs is a non-parametric method
(Hauke and Kossowski, 2011) that measures the monotonic relationship
between two variables, unlike Pearson’s correlation coefficient, does not
require certain assumptions such as normal distribution and absence of
outliers (Rebekic et al., 2015). Another reason that led the authors to
chose Spearman’s correlation rank is that this correlation is suitable for
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variables that do not have a linear relationship (Zar, 2005), while
Pearson correlation only measures the linear connection between two
variables (Hauke and Kossowski, 2011).

3.2.2. Intervention analysis

From the Portuguese hydrological database (SNIRH) it was obtained
the SWP data, measured in at least five sampling sites in consecutive HY.
In total, only eight parameters satisfied this restriction, shown in ap-
pendix A, Table A.1. From physical properties, only total suspended
solids and conductivity measurements were available. Nutrient con-
centrations are represented by ammoniacal nitrogen, total nitrate and
total orthophosphate. Other parameters related to oxygen availability
are biological and chemical oxygen demands and also dissolved oxygen
concentration.

To check if a LSC increase/decrease a SWP concentration, it was
analysed the statistical significance and sign of the respective rg, for each
HY. If the ry was positive and statistically significant, it was assumed that
the correlated LSC has a negative impact on water quality (WQ), since it
increases the contaminant concentration in the analysed HY. While
when the correlation was negative and statistically significant, the LSC
decreases the concentration. Only the dissolved oxygen analysis had an
opposite interpretation of the rs sign since dissolved oxygen is not a
contaminant. For the correlations that had non-statistical significance, it
was assumed that the LSC did not affect the SWP during the respective
HY, as portrayed in Fig. 3. A total of 208 correlations were analysed for
each LSV, since the number of SWP is 8 and the number of analysed HYs

is 26. For each LSM, if the number of correlations (NOC) that indicated a
negative effect (decreasing WQ) was equal or higher to half of the total
NOC (104), it was assumed that the LSC decreases WQ in ARB, while if
the NOC with a positive effect was higher than 104 it was assumed that
the LSC increases WQ in ARB. Through the adopted methodology, it was
analysed a total of 12688 correlations between each of the 8 SWP and 61
LSM for 26 HYs.

To understand if a LSC requires intervention, it was made an addi-
tional analysis by comparing the NOC with the LSM variation over time.
First, for each LSM it was calculated the metric average for each land-use
coverage map. Then it was divided the metric value of the most recent
land use map (2018) by the average (1997-2015). If the variation was
between — 10% and 10%, it was assumed that the LSC was not changing.
While if the variation was higher than 10%, it was considered that the
LSM has an increasing tendency, while if the variation was lower than
— 10%, it has a decreasing tendency.

By combining the correlations and LSM variation changes, it was
possible to trace intervention priorities for each LSC that had an effect on
WQ. It was defined a total of three classifications, short-term, long-term
and monitoring. The classification as short-term was given for LSC that
had an urgent necessity for intervention, which are the ones that have a
negative impact on WQ and tendency to increase, and also to the LSC
that had a positive impact on WQ and a tendency to decrease. For LSC
with a positive or a negative impact but no tendency to increase or
decrease, it was attributed to a less urgent priority, long-term. For LSC
with a positive effect and a tendency to increase and also for LSC with an
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Table 2
Number of correlations that indicate the decrease of water quality for each SWP and LSM.
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Number of correlations that indicate the increase of water quality for each SWP and LSM.
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Table 3
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Fig. 5. Number of correlations that indicate decrease/increase of water quality for each LSM.
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Fig. 6. Ave river basin land uses. The Figures (A) to (E) are the land use maps for 1995, 2007, 2010, 2015 and 2018, respectively.

adverse effect and a tendency to decrease, it was assumed that only
monitoring is required since these are under a desirable scenario.

4. Results
4.1. Spearman’s correlation rank example

In Fig. 4(A) and (B) is demonstrated the scatter plot of measurements
and respective rg values for the HYs of 2000-2001 and 2010-2011 be-
tween biological oxygen demand (BOD) and the percentage of connec-
tion area for agricultural areas, denominated as ci_cp_ (AGR).

In the HY 2000-2001, the number of sampling sites was 10. So to
reject the null hypothesis, the rg absolute value should be higher or equal
to 0.648. Since the r; value is 0.803, the correlation is statistically sig-
nificant, meaning that ci_cp_(AGR) increased BOD in the HY 2000-2001.
For the HY 2010-2011, the number of BOD measurements was 22,
which requires an rg absolute value higher or equal to 0.425 to reject the
null hypothesis. The obtained r; was near to zero, 0.062, which is much
lower than the critical rs value, so for the respective HY, it is assumed
that the ci_cp(BOD) had no statistical influence in the BOD
concentration.

The analysis of BOD and ci_cp_(AGR) correlations for all the analysed
HYs is portrayed in Fig. 4(C). To identify if ry is statistically significant, it
was compared with the critical value (black line), which is dependent on
the number of sampling sites, Table A.1. Note that all the correlations
(blue circles) are positive, which indicates that ci_cp_(AGR) is a land-
scape metric that increases the SWP for many HYs. Eighteen of the
correlations are higher or equal to the critical value (marked with a
black buffer), and 6 were lower (red crosses). In Fig. 4(D) is demon-
strated the same analysis but between BOD and the percentage of
forested areas, pz_(FOR). In this case, the correlations are negative,
which indicated that pz_(FOR) decreased the biological oxygen demand.
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4.2. Landscape metrics vs surface-water parameters

In the supplementary material is demonstrated the number of sta-
tistical significant correlations that increase/decrease water quality for
each SWP during different hydrological years Table S.2 and Table S.3,
and Fig. S.2. In Tables 2 and 3 is depicted a similar analysis, but in this
case, each column is a SWP, and lines are LSM. Thereby, values inside
Tables 2 and 3 are the number of HYs with a statistically significant
correlation between the respective SWP and LSM. Table 2 contains the
number of correlations that decrease WQ, and Table 3 the number of
correlations that increase WQ. In Fig. 5 is demonstrated the total number
of correlations that increase/decrease water quality for each LSM. In the
supplementary material, this analysis was also made for the HYs and
SWP, Fig. S. 2 ad S. 3, respectively.

Among the 61 LSV, a total of 34 has a NOC higher than 104, Fig. 5.
According to the selected methodology, that 34 affect WQ in the studied
period, of which 31 decreases while the remaining 3 increase it. Metrics
associated with the improvement of water quality are the percentage of
forested areas, pz_(For), with 163 correlations, the number of forestry
edges shared with agricultural fields, divided by the length of agricul-
tural edges, cce_(FOR)_with_(AGR), with 149 correlations, and the edge
density of forested areas, ed_(FOR), with 146 correlations.

The LSC negative impacts on WQ are associated mainly to agricul-
tural and artificial surfaces, which can be verified for the metrics: total
area (ca), percentage of area (pz), number of patches (npc), total edge
(tc_edge), edge density (ed). Still, these metrics have a higher NOC for
artificial surfaces rather than to agricultural areas. A total of 4 contrast
metrics show a negative effect on WQ. The edge length between artificial
surfaces and agricultural areas, el (ART) with_(AGR) with 128 correla-
tions, and also the same metric but divided with the total edges of
agricultural surfaces, cce_(ART)_with_(AGR), with 163 correlations. The
contrast between forested areas and artificial surfaces is curiously a LSC
with a negative impact because el (FOR) with (ART) had 129
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correlations and also the cce_(ART)_with_(FOR) with 148. The diversity
of land uses decreases WQ since shdi_(ALL) has a NOC of 163, which is
the maximum, that was also found for pz_(ART) and cce_(ART)_with_
(FOR).

Among the LSC that decrease WQ, part of them shows an unforeseen
result since it was expected that they would decrease WQ, which is the
case of connectance for water bodies and forested areas. In general,
these LSC showed a negative impact on water quality, and none of them
had a positive effect. Only ci_pa_(AGR), ci_pp_(FOR), ci_pp_(WAB) and
ci_ca_(AGR) did not have a NOC higher than 103.

4.3. Intervention analysis

In terms of composition, ARB has suffered notable changes, repre-
sented in Fig. 6. In overall, the river basin presented significant changes
in the increase of agricultural areas and artificial surfaces and the
decrease of forestry. For agricultural areas, there was a drop of land
occupied from 1997 to 2010, since the occupied area was 32.9% and
then 29.7% (in 2007 and 2010), but in 2015 there was an increase into
30.8%, and in the most recent map the river basin is occupied by 35.4%,
which is the highest percentage of agricultural land use. Initially, arti-
ficial surfaces occupied the river basin by a total of 15.6%. In 2007 there
was a high increase to 19.3%, and in the following years, there was a
minimal increase to 19.5% in 2010, 19.9% in 2015, but according to the
land use map of 2018, there was a decrease of 2% into 18.1%. Water
bodies did not suffer any changes until 2018 since the occupation per-
centage was around 0.35%, but in 2018 there is noted a slight decrease
to 0.27%. Forest is the land use type that has a continuous decrease over
the years. In 1997 the land was occupied by 60.5% of forested areas, but
in the following years, it decreased to 50.6%, 50.4%, 48.9% and then to
46.2% for each land use map respectively.

More than half of the LSC influenced the river basin WQ (34). It is
understood that intervention must be done in order to preserve/improve
freshwater resources. Since it is an impossible task to rearrange an entire
river basin landscape, it was made an intervention analysis to prioritise
which LSC require intervention, based on the land use tendencies, as
presented in Table B.1. According to the adopted methodology, it is
proposed different types of intervention priorities, classified as in-
terventions in the short or long term and LSC that should be under
monitoring. The intervention in the short term is proposed for the most
urgent cases, for LSC that influence WQ (more than 103 correlations),
and the metric change tendency is in the worst-case scenario, increasing
tendency and decrease of WQ or decreasing tendency and an increase of
WQ. The long-term interventions were proposed for LSC with NOC
> 104 and a low variation rate. The proposed LSC for monitoring are the
ones that have also have an impact on WQ, but the LSC variation is
favourable for WQ (increasing tendency and increase of WQ or
decreasing tendency and a decrease of WQ).

The intervention analysis is reported in appendix, Table B.1. In
resume, a total of 25 LSC should be under monitoring, 6 should be
intervented for the long term and 3 for the short term, while for the
remaining 27 it was not ascribed any intervention priority. The proposed
short-term interventions should be applied in the LSC measured by the
respective LSM: ca_(AGR), pz_(AGR) and ed_(FOR). Both of the LSC
related to agricultural land uses are quite similar since ca_(AGR) is the
total area and pz_(AGR) is the percentage. This means that agricultural
areas decrease ARB WQ not only in proportion but also in quantity. On
the other hand, the edge density of forested areas increases WQ with a
total of 146 correlations. For this LSC, it was assigned a short-term
intervention because the tendency is to decrease, with a variation of
— 32.6%.

LSC that require a less urgent intervention (long-term) are predom-
inantly related to artificial surfaces and forestry. These LSC show a low
variation but a strong effect on WQ, ca_(ART), pz_(ART), shdi_(ALL) and
cce_(ART)_with_(FOR) decrease WQ with a NOC of 145,163, 163 and
148 respectively. The long-term interventions on LSC that increase WQ

11

Land Use Policy 109 (2021) 105679

should be the increase of forested areas and contrast between forests and
agricultural fields, since the NOC of pz (FOR) and cce_(FOR)_with_
(AGR) is 163 and 149, respectively. The results reflect that artificial
surfaces decrease WQ both in proportion and quantity. The Shanon’s
diversity index is an indicator of anthropogenic activity since it repre-
sents the diversity of land uses. Besides this LSC has a very low variation
(0.1%), it has a substantial impact on WQ, and it is why it should be
intervened. The percentage of forested edges length that is paired with
artificial surfaces, is another LSC that demands a long-term intervention
since the LSM cce_(ART)_with_(FOR) has 148 correlations and a varia-
tion rate of — 6.1%. On the other hand, the percentage of agricultural
land use patches length that are alongside forestry land uses increases
WQ, with 149 correlations and a variable rate of 3.6%. Forested areas
are decreasing in AVR, but the variation rate is only — 6.5%. Still, the
percentage of forestry must be increased in the long term since it has a
clear effect on improving WQ.

For many LSC, it was attributed the intervention class of monitoring,
a total of 25. None LSC that were classified with this priority had a
positive impact on WQ. The offset for these cases is that the metric
tendency is to decrease, having a variation rate lower than — 10%.
Almost all the LSC related to connectance revealed a negative impact on
WQ and a decreasing tendency independently of the land use type.
Among them, only ci_pp_(FOR), ci_pp_(WAB) and ci_ca_(AGR) did not
have effect on WQ. Still, other twelve LSC require monitoring in ARB.
Among them are the number of patches of agricultural areas and arti-
ficial surfaces, npc_(AGR) and npc_(ART) respectively, the total edge of
the same land-use types, tc_edge_(ART) and tc_edge_(AGR) and also the
edge density ed_(ART) and ed_(AGR). Not only the total length (el) but
also the percentage (cce) of agricultural areas that are shared with
artificial surfaces are other LSC that require monitoring, el (ART)_with_
(AGR) with 128 correlations and cce_(ART)_with_(AGR) with a higher
impact since it presented 163 correlations. Lastly, the total edge of
forested areas that are shared with artificial surfaces, el (FOR) with_
(ART), is another LSC that requires monitoring.

5. Discussion
5.1. Water quality vs landscape

Commonly, when temporal variations are approached, authors
mainly use only seasonal changes due to their influence in contamina-
tion phenomena (Fernandes et al., 2019b; Shi et al., 2017; Ye et al.,
2014). In the present study, the temporal changes were studied across
different HYs, despite the seasonal effects, to catch successive effects by
analysing consecutive HYs. It was analysed a total of 26 HYs in order to
understand if the correlations were consistent and not random. The
presented results in Table S.2 and Table S.3, clearly shown that there are
high variations of correlations depending on the analysed SWP and also
across different HY. This can happen for two possible reasons. The first is
that the precipitation of each HY is different, which can make diffuse
pressure effects change over the years. The second reason is that, as
portrayed in Table A.1, the number of sampling sites and also the
location of sampling sites with data is different for each HY. Besides,
they are all located in ARB, different sampling sites represent different
locations and consequently have a distinct Strahler order, which can
affect the results, as other authors studied (Ding et al., 2016). The given
reasons might explain the SWP variations along the HYs, in correlations
(Tables S.2. and S.3) and averages (Fig. S.1). Still, it cannot be forgotten
that another factor that influences the results is the released contami-
nants from point source pressures (Fernandes et al., 2019), which
change over the years. As other authors have mentioned (Alves et al.,
2009; Goncalves et al., 1992; Soares et al., 1999), in ARB the period with
the highest impact of point source pressures could be during the second
half of the 20th century, which can possibly justify that in the first
analysed HYs conductivity, ammoniacal nitrogen, total orthophosphate,
and biological oxygen demand had the highest values. Also, the low
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Fig. 7. Given example for the calculation of connectance metrics. (A) representation of 4 land use patches and connectance range. (B) Connectance area.
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Fig. 8. Graphical interpretation of intervention analysis. (A) representation of metrics that decrease water quality. (B) representation of metrics that increase

water quality.

number of statistically significant correlations between the period of
1988-1992 can be due to the fact that when point-source pressures have
a substantial effect on WQ, consequently the effect of LSC can be masked
(Ahearn et al., 2005; Sliva and Williams, 2001; Yu et al., 2016). Due to
the mentioned interactions and dispersion of sampling sites, it was
chosen the threshold of 104 correlations, to tag if a LSC has effect on
ARB water quality. For this analysis, it was chosen the Spearman’s
correlation rank because the correlation is not affected by the difference
of values or the type of function (Zar, 2005), while if it was chosen to use
Pearson correlation, it would be expected that many correlations would
be non statistically significant since the relations might not be linear, as
shown in Fig. 4(A). The comparison between contaminant concentra-
tions and respective legal recommendations revealed that some con-
taminants are more preoccupying than others. From this point of view,
other authors used multicriteria analysis to give different weights to
different factors (Terencio et al., 2017). In the intervention analysis, it
was not given importance to different contaminants because even when
the concentrations are inside legal limits, there can be traced damages in
the ecological integrity (Fonseca et al., 2017, 2016). Also, this analysis
was based on the SWP that had available data for an extended period,
which does not mean that in other applications in other river basins,
other parameters can be encompassed.

As other authors have explained, artificial surfaces are feasible to
create diffuse pollution (Shi et al., 2017). Besides, urban areas can also
be linked to point source pressures, urban areas are impervious and
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contain multiple forms of contamination (Wei et al., 2020), which are
released with rainfalls (Zhang et al., 2020), and the drainage can be
routed surface waters (Ahearn et al., 2005). This study revealed that in
ARB, LSC related to agriculture and urban land uses predominantly
decrease water quality. However, when comparing both, artificial sur-
faces have a stronger effect on water quality. When comparing the same
types of metrics for both, the number of significant correlations was
higher for urban land uses, in all the metrics ca, npc, pz, tc_edge, ed and
all the ones associated to connectance. At this point is clear that in ARB,
artificial areas have a stronger effect than agriculture, possibly because
in impervious surfaces, the runoff flow is higher rather than in agri-
cultural fields (Zhang et al., 2020; Wei et al., 2020). Nevertheless, in
terms of intervention, agriculture is more preoccupying in ARB since the
percentage of agricultural areas are increasing with a variation rate of
11.6%, while artificial areas have a lower change rate Table B.1. When
analysing the combination of both land uses through contrast metrics, is
seen that the total edge that is shared between both, el (ART) with_
(AGR) has a substantial NOC, 128, but the highest number correlation is
achieved for the percentage of agricultural edges that are shared with
urban areas, with 163 correlations, cce_(ART)_with_(AGR). Surprisingly
the percentage of urban edges that are paired with agricultural areas,
cce_(AGR)_with_(ART) has a total of 80 correlations that increase water
quality, which is hard to explain.

According to Forman (1999), land uses created by humans hold
harder edges, which induces a higher edge density. In contrast, tc_edge_
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Fig. 9. Proposed landscape intervention.

(ALL) and ed_(ALL) and did not achieve a high number of statistically
significant correlations (93 and 103, respectively), so the variety of
edges among all land uses did not have a pronounced effect in Ave river
basin. However, another metric that reflects anthropogenic activity is
Shannon’s diversity index. In the present study, shdi_(ALL) has a NOC of
163, indicating that in catchments with a high diversity of land uses is
found poor WQ. In concordance to many authors, SHDI is positively
correlated to many contaminant concentrations (Lee et al., 2009),
indicating negative impacts of farmland and urban land on water quality
(Zhang et al., 2019). However, in another study, applied to south
Estonia, it was found that this index is positively correlated to the con-
centration of BOD, COD and total nitrate, but without statistical sig-
nificance (Uuemaa et al., 2005).

Independently of the land use type, for most of the connectance LSM,
the respective LSC revealed a negative impact on water quality. It is
quite hard to figure out why these LSC are associated with the degra-
dation of WQ, but possibly connectance is also a measure of the diversity
of land uses. It is reminded that the connectance threshold for this study
was 500 m, which means that as more dispersed land use patches exist
within the defined range, the value of these metrics will become higher.
This can be explained according to the given example in Fig. 7.
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In Fig. 7(A) are represented 4 land use patches, numbered from 1 to
4. As it can be seen, 1, 2 and 3 are connected within a range of 500 m,
while the patch 4 is not. When the connectance metrics are calculated, it
is created a connection polygon (Adamczyk and Tiede, 2017), repre-
sented with the red stripes in Fig. 7(B). For the connectance metrics
referred in Table 1, the ci_np, the number of connected patches is 3. The
patch area within the range of connection, ci_pa, is the total area of the 3
connected land use patches, while the percentage, ci_pp, is the same area
divided by the total analysed area, which is the green square. The
connection polygon is used in the calculation of ci_ca and ci_cp, the first
is the polygon area, while the second is the same area divided by the
total analysis area, the green square. As more patches exist in the range
of connection, as more patches exist, all these metric values increase. So,
as more natural is a region, less different land use patches exist, where
the is a predominance of forested and semi-natural regions. For that kind
of regions there is low connectance since it is occupied with large
patches of natural land uses. Since ARB is an urbanised river basin, there
is a high diversity of patches, connected in a range of 500 m, possibly for
the connection threshold connectance metrics operates as a measure-
ment of anthropogenic activity as like Shannon’s diversity index. In
concordance to Amaral et al. (2019), fragmented landscapes increase
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with anthropogenic activity, which makes that connectance metrics as
indicators of anthropogenic activity, which are related to the decrease of
water quality (Shehab et al., 2021). In concordance to other studies,
forested as natural areas improve surface water quality (Li et al., 2009;
Shi et al., 2017; Wan et al., 2014) since in pz_(FOR) revealed 163 cor-
relations and ed_(FOR), 146. However, other LSC associated with
forestry had no impact, which are total area and total edge. This means
that in ARB, the effect of forestry areas is based on proportion as in other
studies (Rodrigues et al., 2018; Uuemaa et al., 2005; Yong and Chen,
2002). However, in terms of edge density and number of patches, other
authors found positive correlations with contaminant concentrations
(Lee et al., 2009). In the present study, the number of patches of forested
areas was positively correlated to some SWP, with a total of 69 corre-
lations, which for the respective LSC is assumed as non-effective since
the NOC is lower than 104. Generically the results aim that in ARB,
forested areas should not be spread, but yet together and longed. The
percentage of agricultural patch edges shared with forestry areas, cce_
(FOR)_with_(AGR), has a positive effect on water quality. This means
that the presence of forested areas mixed with agricultural fields can not
degrade water quality but even have a positive interaction effect. This
was also identified in another study that resorted to the combined effect
of both land uses (Pissarra et al., 2019). On the other hand, the com-
bination of forested areas with artificial surfaces degrades WQ since el_
(FOR)_with_(ART) and cce_(ART)_with_(FOR), had a NOC of 129 and
148, respectively. These two metrics point out that in areas with high
edges of artificial surfaces, the effect of forest cannot suppress the
damages from artificial areas, which can happen with high human ac-
tivity (Decatanzaro et al., 2009; Morrice et al., 2008). But another
possible cause is that in artificial areas can be placed effluent discharges
that degrade water quality (Wilson and Weng, 2010), and as Shehab
et al. (2021) suggested, point source emissions can have a stronger in-
fluence on water quality rather than non-point pressures.

The effects of the riparian vegetation were also boarded in this study
by calculating the linked edges of forested areas with water bodies in
three metrics, el (WAB) with_(FOR), cce_(WAB)_with_(FOR) and cce_
(FOR)_with_(WAB). As a result, these metrics were poorly correlated to
the SWP. These results were not expected since it is supposed that ri-
parian vegetation improves WQ (Hill, 1996). Besides the metrics
represent riparian zones, the adopted scale was the entire upstream
catchment was other authors suggested (Aratijo Costa et al., 2019; Ding
et al., 2016; Li et al., 2012; Zhang et al., 2019). As Ramiao et al. (2020)
have studied in ARB, riparian vegetation has a beneficial effect on water
quality, but in that study, the sampling sites were located in the up-
stream region of the river basin, and in the present study the sampling
sites are scattered across the entire river basin. Possibly, the lack of
correlations for the contrast between water bodies and forested areas
might be due to the chosen scale since authors achieved statistical
response when addressed to a riparian scale (Dodds and Oakes, 2008;
Johnson et al., 1997; Tran et al., 2010), or even, the existing riparian
corridors might not be effective, due to the presence of non-suitable
vegetation or due to the lack of riparian extension.

5.2. Intervention

The final task of the present study is to provide an intervention
analysis by referring to which LSC require intervention and prioritise
those interventions. For that, it was combined the correlation counts
with the LSM variations. As a result, the intervention should be applied
in 3 LSC urgently, in the short-term, 6 in the long-term, and 25 should be
under monitoring, Table B.1 and Fig. 8. The total area and percentage of
agricultural surfaces, ca_(AGR) and pz_(AGR), increase the contamina-
tion of several SWP along many HY, and also at the same time, these
metrics have a tendency to increase that should be countered, in order to
do not increase the proportion of agricultural fields and foremost to
reduce their expansion.

The presence of elonged forestry patches increases WQ, since
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unfragmented forests improve water quality (Shehab et al., 2021). This
is also confirmed in the present study, since the npc_(FOR), number of
patches of forestry areas has a NOC that decrease water quality is 69,
Fig. 5. For such reasons, urgent increase elongated forested areas that
are decreasing in the last years, especially near agricultural areas, to use
forests as net sinks of contaminants (Santos et al., 2015a) that result
from agricultural areas, towards runoff flow.

Not so urgent is necessary to intervene in other 6 LSC. Both ca_(ART)
and pz_(ART) should be decreased for the long term. At the same time,
this study results indicated that SHDI and cce_(ART)_with_(FOR) should
also decrease because both of these LSC have a negative impact on WQ.
Both are related to artificial land uses, and by decreasing the areas of
artificial surfaces, consequently shdi and cce_(ART)_with_(FOR) will also
decrease. It still is important to note that the LSC cce_(ART)_with_(FOR)
has a negative effect on WQ, but it cannot be presumed that the com-
bination of forest land uses degrades more WQ than artificial surfaces
itself, possibly in ARB the effect of artificial surfaces is higher than the
effect of forested areas. The percentage of forested areas, pz_(FOR) must
be increased for the long term. By increasing the percentage of forested
areas and edge density, the cce_(FOR)_with_(AGR) will also increase,
which was one of the LSC that was tagged as a long-term intervention.
Ideally, a proportion of artificial surfaces should be replaced by forested
areas. This type of intervention is high cost since artificial areas hard to
change (Salgado Terencio et al., 2019). In practical terms, is something
that can only be done in long periods and is a delicate process since
artificial surfaces also contain residential areas. The reduction of arti-
ficial areas is a complex procedure, which can become considered by
decision-makers as an unenforceable solution. In that case, the reduction
of urban land use impacts on WQ must be regarded, with measures such
as optimisation of riparian zones and enhancement of urban runoff
drainage routes, and, as Gu et al. (2019) suggested, the construction of
urban areas near riparian zones should be prohibited, which are a
convenient basis for urban sprawl (Li et al., 2020).

As listed in Table B.1, 25 LSC should be under monitoring. Those
decrease WQ, but the upside is that these have a decreasing tendency
that is favourable to WQ. Besides, it was given a priority of "monitoring",
it does not mean that it should not be made an intervention on those LSC
in future. For monitoring LSC, it is alerted that it should be given to
attention during future years and should be continuously evaluated, not
only the increasing/decreasing tendency but also the impact on WQ with
recent data. In Fig. 8 is seen that cce_(ART)_wth_(AGR) has a variation
rate that is slightly lower than — 10%, — 10.01%. This LSC was
considered as monitoring, but it is almost in a breakpoint to be tagged as
a long-term intervention, Fig. 8. Still, it should be given specific atten-
tion to the connectance metrics. Nevertheless, for these metrics, it
should be applied future studies by using other connectance ranges to
detect which is the range shows a stronger statistical connection, or even
if there is a range where the connectance has a positive effect.

Briefly, the changes that have to be done are reducing agricultural
areas in the short term, reducing artificial surfaces in the long term if
possible, Fig. 9. At the same time, the forest areas should be spread in
elongated shapes, and the reduced agricultural areas and also artificial
surfaces should be replaced by forestry. Still, the reduction of artificial
areas might be hard because it is a high-cost effort, but it is mandatory to
reduce the urban expansion (Habibi and Asadi, 2011). The reduction of
agricultural areas should be made in locations near to surface water, and
by replacing them with forested fields, this would reduce the contami-
nant flow and protect the surface waters (Allan et al., 1997), ever since
the water and sediment connectivity is higher in agricultural fields
rather than in forests (Masselink et al., 2017; Shehab et al., 2021).

Still, as other authors recommended, the created forested areas
should not be fragmented in various land use patches but as forestry
corridors (Lee et al., 2009), which can retain more contaminants (Amiri
and Nakane, 2008; Uuemaa et al., 2005). Besides the connectance of
water bodies with forestry areas did not reveal a high NOC, the forestry
extensions should be also be enforced as riparian corridors, which also
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brings a chance to enhance fluvial ecosystems (Costa et al., 2012). This is
an environmental strategy that is essential to reduce the environmental
costs from the urban and agricultural land use that is effective, according
to the results from Ramiao et al. (2020). The increase of forested areas
aims to accomplish the water framework directive objectives of reaching
good or higher ecological status until 2027 (Carvalho et al., 2019). At
the same time, the implementation of forested areas decreases the
emission of greenhouse gas emissions, mitigating climate change, which
also affects the relationship between land use and water quality (IMes-
sina et al., 2020; Mishra et al., 2020), and is a necessary strategy to
apply, ever since in 2018 the European Union adopted the land use and
land use change forestry regulation LULUCF (Duffy et al., 2020). How-
ever, the application of grassland instead of forest might have a better
cost-effect ratio (Wang et al., 2020), that according to Zhang et al.
(2020) is a land-use negatively correlated with contaminant
concentrations.

With the proposed interventions, Fig. 9, ca_(AGR), pz_(AGR), ca_
(ART), pz_(ART), shdi_(ALL), cce_(ART) with_(FOR) decrease, and pz_
(FOR) and ed_(FOR) and cce_(FOR)_with_(AGR) increase. The imple-
mentation of these measures depends on the effort that ARB between all
the affected municipalities, not only to improve the land use manage-
ment but also in the implementation of functional policies such as
payment for ecosystem services (Long et al., 2020), and the promotion of
best management practices (Chang et al., 2021) are a step forward in the
improvement of water resources.

Agriculture by itself cannot be seen as a problem. The cause that
leads to assume that agriculture is a harmful land use is because they
work as an input for pesticides, fertilisers and organic manure that end
up in surface waters (Zhang et al., 2014). Another aspect that has to be
implemented in the short term is the enforcement of sustainable agri-
culture (Altieri and Nicholls, 2012; Garrett, 2013), which would
decrease its impact on water quality, and with such practices the
required decrease of agricultural areas does not need to be abrupt. In
China, the policy of "Returning Cropland to Forests" is being adopted to
restore ecological land (Wei et al., 2020), which is similar to the LULUCF
(Duffy et al., 2020). By replacing agricultural fields with forests, the
improvement of water resources can be notable for the long term. Ac-
cording to the results of Duffy et al. (2020), a reduction of 10% of
agricultural areas increases water quality significantly. However, the
impacts of the initial afforestation must be controlled since, in the short
term, degrade water quality due to the site preparation and fertiliser
application (Binkley et al., 2004; Clarke et al., 2015), and also possible
crop rotation must be carefully planned, minimising the impacts on
water quality (Hughes and Quinn, 2019).

Besides, this study exposes the necessity to interview the landscape of
ARB, point source pressures shout not be minimised since they are a real
threat that has been denounced in previous studies (Fernandes et al.,
2019, 2018). In fact, there are national plans that englobe many water
resources management, that also includes measures to improve and pro-
tect water quality, called as (PGRH) Portuguese Management Plan of
Hydrographic Regions. Those measures pay special attention to point
source pressures and also to diffuse pressures. Still, the strategies to
reduce diffuse pressures englobe monitoring of surface waters but do not
encompass land use configuration. Besides ARB is a catchment with
intense anthropogenic activity, the present study has shown, and also
previous ones (Fernandes et al., 2019a), that landscape is tied to water
quality, and for such reasons, the landscape concerns of ARB should be
addressed in PGRH. So the present study brings a challenge to all the
municipalities that are located in ARB to consider the proposed landscape
changes with the intent to conserve and improve the water quality. Be-
sides, the results of the present study are in concordance to others, it
should not be extrapolated to other river basins since these relations are a
regional issue (Dow et al., 2006; Gove et al., 2001; King et al., 2005).

In the present study, the effects of LSC were accessed for almost three
decades in order to understand if the relations with surface water pa-
rameters were consistent by analysing consecutive hydrological years.
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Since the present study was supported by correlation analysis, the effects
of each metric are exposed by a pair relationship, and the combined ef-
fects were not accessed, as in other studies that resorted to multivariate
methods (Acuna-Alonso et al., 2021; Fernandes et al., 2019a). More
research must be done in ARB in the scope of land use vs water quality.
Since the present results are shown as a generic relation for the entire
river basin, it is necessary to which areas have more effect in terms of LSC
on water quality, which can be detected by applying multicriteria analysis
for prioritisation purposes (Camara et al., 2020), or even the application
of more complex methodologies such as self-organising map (Gu et al.,
2019). Catchment prioritisation is a strategy to support decision-makers
to identify the most critical regions that demand intervention. Also, it is
necessary to predict the impacts of possible land use changes, which can
be done through software such as SWAT, already applied in other to study
areas in the scope of land use changes (Ni et al., 2021). Yet, other
multidisciplinary aspects must be considered in land-use changes, such as
flood risk, drought, wildfires (Mishra et al., 2020).

6. Conclusion

The Ave River basin underwent landscape changes in the past de-
cades that impacted stream water quality considerably. The effect of
human activities was so dominant that could be considered a threat to
water resources and watershed resilience. The association between 8
water quality parameters and 61 landscape metrics was measured by the
Spearman’s correlation rank during 26 hydrological years. The corre-
lation analysis was combined with the assessment of landscape change
tendencies in space and time, with the purpose to identify landscape
characteristics requiring intervention in order to improve the Ave River
Basin water resources. The growth of agricultural and urban areas
coupled with the decline of forested areas with high edge density were
the most preoccupying results in that regard. At the same time, forestry
contributed to improved water resources. The present study is an eye-
opening contribution to expose interactions that occurred in this
watershed and that can guide future studies. It was also a challenge for
the local municipalities that are urged to interfere in the landscape
changes that are threatening water quality.
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Appendix A. number of sampling sites for each SWP and HY

See Appendix Table A.1.



A.C.P. Fernandes et al. Land Use Policy 109 (2021) 105679

Table A.1
Chosen SWP and respective number of sampling sites for each HY.
Total suspended Conductivity =~ Ammoniacal Total Total Biological oxygen Chemical oxygen Dissolved
solids nitrogen nitrate orthophosphate demand demand oxygen

1988-1989 3 3 3 0 0 3 0 3
1989-1990 6 6 6 6 6 6 6 6
1990-1991 6 6 6 6 6 6 6 6
1991-1992 6 6 6 6 6 6 6 6
1992-1993 1 3 3 3 3 1 3 3
1993-1994 15 15 15 15 15 15 15 15
1994-1995 15 15 15 15 15 15 15 15
1995-1996 15 15 15 15 15 15 15 15
1996-1997 16 17 17 17 17 16 17 17
1997-1998 17 17 17 17 17 17 17 17
1998-1999 20 20 20 20 20 20 20 20
1999-2000 18 18 18 18 16 18 17 18
2000-2001 10 7 10 10 7 10 7 10
2001-2002 11 9 9 8 8 9 8 11
2002-2003 12 9 9 9 8 9 8 12
2003-2004 12 9 9 9 8 9 8 12
2004-2005 13 13 13 12 12 13 12 13
2005-2006 13 13 13 12 12 13 12 10
2006-2007 14 14 14 14 13 14 13 14
2007-2008 14 14 14 12 12 14 12 14
2008-2009 27 24 28 28 22 23 22 23
2009-2010 31 31 31 30 25 31 30 31
2010-2011 20 21 23 23 16 22 19 23
2011-2012 19 18 17 16 16 19 16 19
2012-2013 17 17 17 17 16 17 17 17
2013-2014 28 28 28 28 13 28 15 28
2014-2015 29 29 29 29 6 29 8 29
2015-2016 8 13 8 9 6 9 8 9
2016-2017 8 8 8 8 0 8 0 8
2017-2018 0 0 0 0 0 0 0 0

Appendix B. Intervention analysis

See Appendix Table B.1.

Table B.1

Intervention analysis.
Metric Units Metric value Variation Impact on WQ Intervention

1995 2007 2010 2015 2018 Decrease Increase Priority

ca_(AGR) km? 8.15E+02 7.35E+02 7.35E+02 7.63E+02 8.76E+02 11.60% 118 0 short-term
ca_(ART) 3.85E+02 4.78E+02 #HHHAH #HH#HAH 4.47E+02 -2.10% 145 0 long-term
ca_(FOR) 1.27E4+03 1.25E+03 1.25E403 1.21E4+03 1.14E403 -6.50% 59 0
ca_(WAB) #AHAAH 8.85E+00 8.85E+00 #H#HAH 6.76E+00 -19.90% 42 1
npc_(AGR) count 5.40E+03 5.64E+03 5.64E+03 5.89E+03 3.15E+03 -38.80% 114 0 monitoring
npc_(ART) 2.85E+03 5.30E+03 5.33E+03 5.03E+03 #H#H#HH## -26.20% 125 0 monitoring
npc_(FOR) 7.35E+03 ##HAH 1.02E+04 7.05E+03 #HHAH -43.50% 69 0
npc_(WAB) 6.50E+01 7.10E+01 7.10E+01 7.20E+01 4.25E+01 -33.90% 46 1
pz_(AGR) % 3.29E+01 2.97E+01 2.97E+01 3.08E+01 3.54E+01 11.60% 135 0 short-term
pz_(ART) 1.56E+01 1.93E+01 1.95E+01 1.99E+01 1.81E+401 -2.10% 163 0 long-term
pz_(FOR) 5.11E+01 5.06E+01 5.04E+01 4.89E+01 4.62E+01 -6.50% 0 163 long-term
pz_(WAB) 3.57E-01 3.58E-01 3.58E-01 3.59E-01 2.73E-01 -19.90% 10 11
tc_edge_(ALL) km? ####H# 3.91E+04 ##### ###HH ##### -28.50% 93 0
tc_edge_(AGR) 1.20E+04 1.16E+04 1.15E+04 1.20E+04 #HHAHAH -25.00% 116 0 monitoring
tc_edge_(ART) 7.05E+03 #HH#HAH 9.91E+03 #HH#HAH 6.41E+03 -25.50% 135 0 monitoring
tc_edge_(FOR) 1.50E+-04 1.73E+04 1.74E+04 1.43E+04 #H#H#H## -32.60% 59 0
tc_edge_(WAB) #H#H#HH## 3.21E+02 3.21E+02 #H#H##H# 1.86E+02 -36.60% 43 1
ed_(ALL) km?/hectare 1.39E+03 1.58E+03 1.58E+03 1.47E+03 1.01E+03 -28.50% 103 0
ed_(AGR) 4.85E+02 4.67E+02 4.67E+02 #HH#HAH 3.35E+02 -25.00% 150 0 monitoring
ed_(ART) 2.85E+02 3.97E+02 #H#H### 3.97E+02 2.59E+02 -25.50% 158 0 monitoring
ed_(FOR) 6.05E+02 7.01E+02 7.04E+02 5.79E+02 #HHHAH -32.60% 0 146 short-term
ed_(WAB) 1.29E+01 1.30E+01 1.30E+01 1.30E+01 7.53E+00 -36.60% 34 0
shdi_(ALL) 1.02E4-00 1.04E+00 1.04E+400 1.05E+00 1.04E+00 0.10% 163 0 long-term
el (ART)_with_(AGR) km #H#HHH 4.76E+03 4.77E+03 5.01E+03 3.21E+03 -28.10% 128 0 monitoring
el (FOR)_with_(AGR) 4.75E+03 #H#HAH 4.35E+03 #HH#HAH #HHHAH -23.30% 74 0
el (WAB)_with_(AGR) 1.17E4+02 1.05E+02 1.05E+02 1.12E+02 6.10E+01 -39.20% 68 1
el (FOR)_with_(ART) #HAHAH 3.21E+03 #HHAH #H#HAH 1.94E+03 -29.20% 129 0 monitoring
el (WAB)_with_(ART) 2.92E+01 3.43E+01 3.44E+01 3.51E+01 2.10E+01 -31.70% 48 1

(continued on next page)
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Table B.1 (continued)
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Metric Units Metric value Variation Impact on WQ Intervention
1995 2007 2010 2015 2018 Decrease Increase Priority
el_(WAB)_with_(FOR) 1.13E+02 1.21E+02 1.21E+02 1.14E+02 7.43E+01 -31.60% 39 1
cce_(ART)_with_(AGR) % 3.83E+01 4.11E401 4.13E401 4.19E+01 3.57E+01 -10.00% 163 0 monitoring
cce_(FOR)_with_(AGR) 3.96E+01 3.78E+01 3.76E+01 3.68E+01 3.97E+01 3.60% 0 149 long-term
cce_(WAB)_with_(AGR) 9.77E-01 9.12E-01 9.13E-01 9.37E-01 6.19E-01 -28.90% 38 1
cce_(AGR)_with_(ART) 6.53E+01 4.84E+01 4.81E401 5.11E+01 5.37E+01 0.80% 0 80
cce_(FOR)_with_(ART) 3.30E+01 3.26E+01 3.26E+01 3.07E+01 2.83E+01 -9.90% 0 19
cce_(WAB)_with_(ART) 4.14E-01 3.49E-01 3.48E-01 3.57E-01 2.76E-01 -20.90% 50 0
cce_(AGR)_with_(FOR) 3.17E+01 2.52E+01 2.49E+01 3.07E+01 3.59E+01 21.00% 39 0
cce_(ART)_with_(FOR) 1.55E+01 1.85E+01 1.85E+01 2.11E+01 1.70E+01 -6.10% 148 0 long-term
cce_(WAB)_with_(FOR) 7.56E-01 6.96E-01 6.92E-01 7.97E-01 6.20E-01 -12.90% 18 3
cce_(AGR)_with_(WAB) 3.66E+01 3.29E+01 3.29E4+01 3.48E+01 3.65E+01 5.10% 11 1
cce_(ART)_with_(WAB) 9.11E+00 1.07E+01 1.07E+01 1.09E+01 1.15E+01 8.30% 51 0
cce_(FOR)_with_(WAB) 3.53E+01 3.76E+01 3.76E+01 3.55E+01 4.30E+01 13.70% 1 13
ci_np_(AGR) count 3.77E+04 3.77E+04 #HBH#HHAH 5.52E+04 2.70E+04 -34.90% 105 0 monitoring
ci_np_(ART) #H#### #H#### #H#H### 3.65E+04 #H#### -29.10% 123 0 monitoring
ci_np_(FOR) 3.21E+04 3.21E404 4.37E4+04 #H#H##H #H##HH## -29.70% 133 0 monitoring
ci_np_(WAB) 1.40E+01 1.40E+01 2.40E+01 2.40E+01 1.20E+01 -31.80% 104 0 monitoring
ci_pa_(AGR) km? 7.14E+02 7.14E+02 7.87E+02 #AH#HH 4.57E+02 -34.90% 101 0
ci_pa_(ART) #H##HH#H# #H#H### 5.41E+02 5.45E+02 3.16E+02 -33.80% 135 0 monitoring
ci_pa_(FOR) 5.82E+02 5.82E+02 6.81E+02 #H#H##H #H#H#HH## -33.60% 119 0 monitoring
ci_pa_(WAB) 2.05E-01 2.05E-01 3.45E-01 3.45E-01 1.73E-01 -32.10% 104 0 monitoring
ci_pp_(AGR) % 2.88E+01 2.88E+01 3.18E+01 3.38E+01 1.85E+01 -34.90% 156 0 monitoring
ci_pp_(ART) 1.99E+01 1.99E+01 2.19E+01 2.20E+01 1.28E+01 -33.80% 147 0 monitoring
ci_pp_(FOR) 2.35E+01 2.35E401 2.75E+01 2.68E+01 1.55E+01 -33.60% 68 1
ci_pp_(WAB) 8.00E-03 8.00E-03 1.40E-02 1.40E-02 7.00E-03 -31.40% 92 0
ci_ca_(AGR) km? #H##H## #H#H### #H##H## 3.73E+02 2.15E+02 -33.40% 98 0
ci_ca_(ART) #H#H#HH## #H#H### #H#H### 3.61E+02 2.05E+02 -35.40% 135 0 monitoring
ci_ca_(FOR) 2.70E+02 2.70E+02 3.12E+02 3.05E+02 1.87E4+02 -30.60% 116 0 monitoring
ci_ca_(WAB) 2.33E-01 2.33E-01 4.68E-01 4.68E-01 2.34E-01 -28.50% 104 0 monitoring
ci_cp_(AGR) % 1.34E+01 1.34E+01 1.47E+01 1.51E+01 #H#H#HH## -33.40% 140 0 monitoring
ci_cp_(ART) 1.33E+01 1.33E+01 1.45E+01 1.46E+01 8.27E+00 -35.40% 144 0 monitoring
ci_cp_(FOR) 1.09E+01 1.09E+01 1.26E+01 1.23E+01 7.54E+00 -30.60% 112 0 monitoring
ci_cp_(WAB) 9.00E-03 9.00E-03 1.90E-02 1.90E-02 9.50E-03 -27.50% 104 0 monitoring

Appendix C. Supporting information compact-standard

Supplementary data associated with this article can be found in the
online version at doi:10.1016/j.landusepol.2021.105679.
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