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Abstract: Understanding the link between land use/land cover (LULC) patterns and water quality
can establish guidelines for non-point source pollution management and sustainable development.
The transboundary Shatt Al-Arab river basin (Iraq-Iran) suffers from nutrient pollution problems.
This study aimed to estimate flow volume, nitrogen, and phosphorus pollution in this basin and how
such pollution relates to LULC and flow volume using the Soil and Water Assessment Tool (SWAT)
model. The data used in the SWAT model were the Digital Elevation Model (DEM), slope, parent
materials of soil, LULC, and weather data (i.e., precipitation, relative humidity, temperature, solar
radiation, and wind speed). The results showed that from 2004 to 2021, the annual Total Nitrogen (TN)
and Total Phosphorus (TP) outputs were 618 and 140 kg km−2, respectively. The TN discharge load
ranged from 27 to 6500 kg km−2 yr−1, while the TP discharge load ranged from 1 to 1600 kg km−2

yr−1. Redundancy Analysis (RDA) revealed that cropland and urban cover ratios were positively
correlated with the annual TN and TP discharge loads. On the contrary, shrubland and bare land
ratios were negatively correlated with the annual TN and TP discharge loads. Results showed that
flow volume is positively correlated with precipitation. Both annual TN and TP discharge loads
exhibited a positive correlation with flow volume and a negative correlation with subbasin area.
The highest annual TN and TP discharge loads were in the middle parts of the basin, where the
cultivated land and construction land are concentrated and the flow volume is high. Thus, findings
suggest that the basin is sensitive to shifts in flow volume associated with global climate change
and to shifts in LULC change. No study for nutrient discharge load assessment for the entire Shatt
Al-Arab river basin has been performed before. Hence, the novel contribution of this study will guide
the hydrologists and water resource planners in the basin to establish effective water policies, climate
change mitigation strategies, and environmental change adaptation strategies.

Keywords: land use/land cover; water quality; SWAT model; redundancy analysis; Shatt Al-Arab
river basin

1. Introduction

The Shatt Al-Arab river, the primary freshwater source in a relatively arid region [1],
delivers lifeline advantages for millions of people in its basin [2]. The river’s basin encom-
passes the major oil and gas fields in Iraq and Iran. The oil industry is the main artery for
the federal budget in these two countries. The river provides water for domestic, industrial,
agricultural, transportation, natural ecosystems, and recreational purposes [3]. Moreover,
the river is the main freshwater source for the gulf and is essential to maintaining the
marine ecosystems along the gulf’s northeastern coasts [4,5]. However, the oil industry,
which has grown sharply in the last two decades, accompanied by population growth, has
resulted in rigorous environmental impairment that not only threatened the environment
but also made it impossible to maintain the consequent economic growth [3,6]. Industrial
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and residential waste represent major sources of pollution in the basin. Furthermore, agri-
cultural practices are another source of contamination in the basin [7,8]. Usually dumped
into the river, contaminated water has several long-term effects on the environment and
human health [9].

When excessive nutrients, primarily nitrogen and phosphorus, enter water bodies, they
promote excessive algae growth, known as eutrophication [10]. Cultivation significantly
affects the stream’s nutrient concentrations [11]. N and P concentrations in cultivated
land are generally high due to fertilization and agricultural management practices such as
tillage and irrigation, which promote eutrophication of the water [12,13]. Urbanization is
commonly linked to alterations in the physical and hydrogeological properties of basins as
well as the formation of new nutrient sources. Sewage discharge, garden fertilizers, and
domestic animal wastes in urbanized areas are all associated with high N and P loading and,
as a result, water eutrophication [14–16]. Eutrophication has been attributed to increased
blooms of algal organisms, water turbidity, oxygen depletion, the prevalence of certain
species, and biodiversity loss [17,18]. For example, oxygen deficiency can mobilize elements
such as heavy metals previously precipitated or bound to sediments [19]. Such metals
adversely affect ecosystem health and water quality, e.g., [9,20,21].

Maintaining clean water is vital for habitat preservation, agricultural yield, and public
health. Several research works on the evaluation of pollution status in the Shatt Al-Arab
river have provided good knowledge of river pollution in terms of sources, processes,
and management techniques [22–25]. For instance, Al-Yamani et al. [5] concluded that
Shatt Al-Arab’s coastal pollution from upstream urban, industrial, and agricultural expan-
sions has the potential to create considerable ecological and socioeconomic implications.
Alhello et al. [26] collected 14 samples along the middle part of the Shatt Al-Arab river,
starting from Shilha town to Abu Al-Khasib city, and reported high N and P loads.
Likewise, Hassan [27] collected water samples monthly from October 2011 to October
2012 from five locations along the Shatt Al-Arab main course. The author detected N
and P in high concentrations, demonstrating organic pollution in the river. Similarly,
Al-Asadi et al. [28] reported N and P contamination in the river and attributed it to agricul-
ture runoff and untreated sewage disposal. Ofogh et al. [29] collected 210 samples from
53 locations quarterly during 2018–2019 along the Karun river and its branches. They
reported N and P concentration ranges of 6.79 to 10.91 and 0.49 to 1.78 mg L−1, respectively.
Such concentrations exceed the acceptable levels set by the EPA (2–6 and 0.1 mg L−1 for N
and P, respectively) [29,30]. These studies, however, were restricted to a certain reach of
the river. Thus, it is essential to comprehensively identify the spatial distribution features
of the nutrient contamination in the entire Shatt Al-Arab basin. While field monitoring
data are required to simulate N and P pollution in the whole basin, limited transboundary
monitoring due to high data collection costs and a lack of desire, interest, and clarity in
information sharing seriously constrain such environmental assessments. Additionally,
prior research has mostly concentrated on evaluating water quality indicators at sample
locations to reflect the broader water environment. However, this does not fully capture
the extent of contamination in the entire basin. In order to model surface-source pollution,
hydrological models might be a feasible alternative strategy [31]. The Soil and Water
Assessment Tool (SWAT), a basin-scale ecohydrological model, was created by the USDA
in Tamburlaine, Texas, and the Texas A&M University Research Office [32]. A number of
factors with physical and semi-empirical characteristics are included in the SWAT model,
which is a chemical, physical, and continuous-time dynamical model. By entering different
spatial and attribute data, such as weather data, the Digital Elevation Model (DEM), soil,
and LULC data, this model can simulate a watershed’s hydrological cycle and nutrient
loads [33]. It is possible to create the SWAT model without data using parameter trans-
planting factor transfer [34,35]. The model has been used in numerous studies around the
world. However, such studies are limited in Iraq, especially in the Shatt Al-Arab basin.

Since the 1970s, the impact of LULC type on water quality has been a source of con-
cern [36]. Previous research has demonstrated that LULC change driven by anthropogenic
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activities is the primary cause of declining water quality [37,38]. By altering the qualities of
the underlying surface and soil composition, improper LULC alteration affects the hydro-
logical processes of a watershed [39,40]. It may impact the watershed’s runoff formation
process, which may then have an effect on the movement and transformation of non-point
source pollutants, particularly N and P [41,42]. Some LULC types might enhance nutrient
loading and decrease nutrient retention, causing eutrophication and hypoxia in the envi-
ronment [37,43]. Other research has shown that regulating LULC artificially or modifying
LULC practices can reduce non-point source pollution and effectively promote ecological
functions [44]. For instance, Ockenden et al. [45] concluded that land cover changes, such as
a reduction in agricultural land cover, could reduce nutrient loading. Moreover, agricultural
practice modifications such as controlled-release fertilization can ensure that significantly
higher levels of nutrients reach the crops, leading to higher yields with less fertilizer us-
age [46]. In addition to the effects of LULC change on nutrient discharge loads, climate
change can also have an influence on river chemistry and nutrient discharge loads [47,48].
The catchment hydrology (such as precipitation-runoff response), microbial processes (such
as denitrification), and, accordingly, nutrient sourcing and retention will likely vary as a
result of climate change and shifting precipitation patterns [49].

As SWAT was successfully used to simulate LULC impacts on flow volume, sediment,
and nutrient loads [50,51], this study used this model to simulate the N and P pollution
in the entire Shatt Al-Arab basin to explore the effect of LULC and flow volume on water
quality. The stability of the local societies in this basin and their quality of life depend
greatly on maintaining good water quality. Thus, investigating how LULC patterns and
water quality are related can help with LULC management, water contamination control,
and assisting the government to safeguard the water resources in this basin and other
basins. This study’s major goals are:

(1) Observe LULC and landscape patterns in the Shatt Al-Arab river basin;
(2) Assess water quality and simulate N and P contamination;
(3) Investigate the correlations between N and P discharge loads, LULC, and flow volume.

2. Study Site

The confluence of the Euphrates and Tigris rivers at Qurna town, southern Iraq, forms
the Shatt Al-Arab river. Additionally, the Karkheh and the Karun rivers, originating from
the Zagros mountains in Iran, flow into the Shatt Al-Arab river (Figure 1). The river extends
around 200 km before it pours into the gulf [7,52]. The river has a width ranging from
300 m at its origin to 800 m at its mouth [53] and a depth between 8 and 15 m, considering
tides [54]. An area of around 143,000 km2 drains directly into the river basin downstream
of the confluence of the Euphrates and Tigris rivers [55]. The river’s annual discharge is
approximately 75 billion cubic meters (BCM) as follows: 25.8 BCM from the Tigris river,
17.6 BCM from the Euphrates river, 24.6 BCM from the Karun river, and 5.8 BCM from the
Karkheh river [53]. The Shatt Al-Arab basin is situated within the Mesopotamian Plain Zone
and the Zagros Structural Zone. The Mesopotamian Plain, which belongs to the quaternary
period, is divided into Pleistocene and Holocene sediments of more than 100 m thickness.
The Pleistocene deposits consist primarily of fine-sized sand, silt, and clay [56]. Vertical
lithological and facial variations are frequent in these fluvial deposits. These deposits
originate from the Tigris and Euphrates floodplain systems. The upper contact with the
Holocene deposits is represented by yellowish-brown clay or silty clay. The Holocene
deposits consist mainly of fluviatile, Sabkhas, lacustrine, and marine deposits [57]. The
river’s basin features a continental climate ranging from subtropical dry and hot summers
to rainy and cold winters. In summer, the average temperature is around 45 ◦C in the
daytime and around 30 ◦C at night. Winter temperatures range between 17 and 2 ◦C
during the daytime and nighttime, respectively. The annual precipitation range is from
100 to 500 mm [58]. The basin’s population is approximately 12 million, and the annual
population growth rate is around 2.5%.
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3. Materials and Methods

The data used in the SWAT model were in two different modes: spatial and temporal.
The spatial data included DEM, slope, parent material of soil, and LULC (Figure 2). The
temporal data consisted of weather data (precipitation, relative humidity, temperature,
solar radiation, and wind speed) (Table 1). We extracted the DEM data from EARTHDATA
Search [60]. Images with a resolution of 30 m were downloaded from ASTER-DEM. These
images were imported to ArcGIS and mosaicked using “Mosaic to New Raster”, which is a
tool in “Data Management Tools”. The combined map was re-projected after determining
the Universal Transverse Mercator (UTM) zone. Next, we used “DEM Manipulation” which
is a tool under “Terrain Processing” which is in turn an option under “Arc Hydro Tools” >
“Fill Sinks”. To obtain the flow accumulation, “Flow Direction” and “Flow Accumulation”
were selected from “Terrain Processing”. The basin’s slope was obtained using “Spatial
Analyst Tools” > “Surface” > “Slope”. We extracted the basin’s soil map from the Food
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and Agriculture Organization (FAO) [61]. Next, soil classes were accessed from the SWAT
Soil Data [62]. Furthermore, we exported the soil map to ArcGIS 10.4.1 and georeferenced
it into the associated UTM coordinate system. The soil map is geocoded for each parent
material of the soil (here: soil type) according to the types retrieved from the SWAT Soil
Data. LULC data were extracted from the Earth Explorer’s land cover data [63]. We
selected “Land Cloud Cover” and “Scene Cloud Cover” of less than 10% to acquire images
with minimal or no cloud cover. The ERDAS IMAGINE 2014 was utilized to analyze and
improve the acquired images. We used ERDAS IMAGINE supervised classification to
classify the LULC categories. Through the supervised classification process, polygons are
selected, digitalized, and then placed in an “Area of Interest” layer to produce signature
files. Numerous polygons for a certain LULC class were made to give this LULC a distinct
class. The supervised classification approach is generally more accurate, although it is time-
consuming and laborious compared to the unsupervised method [64]. LULC data were also
made in the UTM zone (Figure 2). Furthermore, we extracted weather data (precipitation,
relative humidity, temperature, solar radiation, and wind speed) from POWER‘s Data
Access Viewer [65].
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Table 1. Input data used for the Soil and Water Assessment Tool (SWAT) model.

Data Type Resolution Data Description Data Source

DEM 30 m × 30 m Elevation and slope [60]
Soil type 250 m × 250 m Soil feature classification [61,62]

LULC 30 m × 30 m Land use and land cover classifications [63]

Weather data Monthly data
Precipitation, relative humidity,

temperature, solar radiation, and
wind speed

[65]

ArcSWAT in ArcGIS was enabled, and data were added. To obtain the subbasins in
the Shatt Al-Arab basin, we selected Add DEM > Watershed Delineation > Create Streams
and Outlets. The subbasins were numbered from the upper parts of the Shatt Al-Arab river
to the outlet of the basin. Next, slope, soil, and LULC were set using the Hydrological
Response Unit (HRU) Analysis tool. The HRU Analysis tool was used to define slope, soil,
and LULC resolution (i.e., the number of classes in a unit area). HRU consists of distinct
features of the slope, soil, and land use. Within a watershed, geographical variability in
terms of slope, soil, and land use class is described using HRUs. For each HRU unit, the
model calculates pertinent hydrologic components such as surface runoff, peak runoff,
groundwater flow, evapotranspiration, and sediment yield [66,67]. We selected slope class
percentage (%) over a slope area of 15%, soil class percentage (%) over a soil area of 15%,
and LULC percentage (%) over a subbasin area of 12%. Similarly, weather data were also set
by selecting Write Input Tables > Weather Stations > WGEN_CFSR_World. Then we looked
at precipitation, relative humidity, temperature, solar radiation, and wind speed. Tables
for such data were created, and SWAT data were updated. ArcSWAT divided the basin
into multiple subbasins based on the DEM raster and drainage pattern. In the ArcSWAT
window, we selected the commands “Watershed Delineator” > “Automatic Watershed
Delineation”. For stream definition, we selected “DEM-Based”, and then pressed “Flow
direction and accumulation”. ArcSWAT has a threshold for the area required to define the
beginning of a stream and therefore the area of the corresponding subbasin. In this study,
ArcSWAT automatically selected a threshold area of 320,781 hectares.

The SWAT model applies the water balance equation to simulate the hydrologic cycle:

SWt i = SW0 i + ∑t
i=1

(
Rday i − Qsurf i − Ea i − Wseep i − Qgw i

)
where SWt i, SW0 i, t, Rday i, Qsurf i, Ea i, Wseep i, and Qgw i represent final soil water content
on day i (mm), initial soil water content on day i (mm), time (days), precipitation on day i
(mm), surface runoff on day i (mm), evapotranspiration on day i (mm), water entering the
vadose zone from the soil profile on day i (mm), and return flow on day i (mm), respectively.
In the current study, we applied the Soil Conservation Service (SCS) curve number method
in the SWAT model to calculate Qsurf i:

Qsurf =

(
Rday − Ia

)2(
Rday − Ia + S

)
where S and Ia represent retention parameters (mm) and initial abstraction (mm), respectively.

S = 25.4
(

100
CN

− 10
)

where CN represents the Curve Number. The CN is attained from tables with correlations
with soil type, soil moisture, and land cover. ArcSWAT uses the Penman-Monteith equation
to calculate evapotranspiration, which takes into account various factors such as solar
radiation, air temperature, wind speed, and relative humidity. Moreover, ArcSWAT applies
the Green Ampt equation to calculate infiltration.
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4. Results
4.1. SWAT Parameters

21 parameters have been included in the calibration process (Table 2). The most
sensitive parameters are the Curve Number (CN2), Soil Evaporation Compensation (ESCO),
Groundwater Evaporation (GW_REEVAP), Available Water Capacity of the Soil Layer
(SOL.AWC), and average slope of the main channel along the channel length (CH_S2).

Table 2. Parameters and their ranges used for the Soil and Water Assessment Tool (SWAT) model.

Parameter
Range

Minimum Maximum

A_GWQMN.gw Threshold depth of water in the shallow aquifer
required for return flow to occur (mm). 0 1000

V-GW-REVAP.gw

Groundwater “revap” coefficient has effects on
the amount of water that recharges the capillary
fringe after evaporation during dry periods.
The capillary fringe is recharged by shallow
aquiferz during dry periods.

0.02 0.2

A_RCHRG_DP.gw Deep aquifer percolation fraction. −0.05 0.05
A_GW_DELAY.gw Groundwater delay (days). 100 300
R_CN2.mgt SCS runoff curve number. −0.1 0.1

R_CH_W2.rte Average width of the main channel at the top of
the bank (m). −0.15 0.15

R_CH_S2.rte Average slope of the main channel along the
channel length (m/m). −0.15 0.15

V_CH_N2.rte Manning’s N value for the main channel. 0.01 0.2
V_CH_K2.rte Effective hydraulic conductivity (mm/h). 0 10
R_CH_L2.rte Length of the main channel (km). −0.09 0.012
V_ESCO.hru Soil evaporation compensation factor. 0.70 0.95
R_OV_N.hru Manning’s N value for overland flow. −0.29 −0.078
V_SURLAG.,bsn Surfac runoff lag coefficient. 5.54 14

R_MSK_CO1.bsn

The calibration coefficient is used to control the
impact of the storage time constant (km) for
normal flow (where normal flow is when the
river is at bankfull depth) upon the Km value
calculated for the reach.

−0.004 0.46

R_MSK_CO2.bsn

The calibration coefficient is used to control the
impact of the storage time constant (km) for low
flow (where low flow is when the river is at 0.1
bankfull depth) upon the Km value calculated
for the reach.

−0.63 −0.01

R_SOL_BD.sol Moist bulk density (g/cm3). −0.23 −0.07
r-ALPHA_BF.gw Baseflow alpha factor (days). 0.05 0.13
r_SOL_K Saturated hydraulic conductivity (mm/h). −0.9 0.9
v_CANMX Maximum canopy storage (mm H2O). 0 10

r_SOL.AWC.sol Available water capacity of the soil
layer (mm H2O/mm soil). −0.3 0.3

r_SOL_Z.sol Depth from the soil surface to the bottom of the
layer (mm). −0.3 0.3

4.2. Spatial Variation Characteristics of Annual TN and TP Discharge Loads

Under the simulated results of the SWAT model, the annual TN and TP outputs were
618 and 140 kg km−2, respectively. The output per unit area of TN and TP in the river
section was divided into five categories. The annual TN discharge load was highest in
the middle parts of the basin, in subbasins 5, 11, 15, 23, and 25. The second grade was in
subbasins 3, 9, and 22. The lowest TN output was mainly located in subbasins 2, 16, 17,
18, 19, and 24 (Figure 3). The annual TP discharge load generally exhibited similar spatial
distribution characteristics as the annual TN discharge load. The annual TP discharge load
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was highest in the middle parts of the basin, in subbasins 3, 5, 15, 23, and 25. The second
grade was in subbasins 9, 10, 11, 12, 20, and 22. The lowest annual TP discharge load was
mainly located in subbasins 2, 17, 18, 19, and 24 (Figure 4). The areas with large annual TN
and TP discharge loads were situated in the middle parts of the basin, where the cultivated
and construction land are concentrated and the landscape pattern is relatively complex.
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4.3. Relationship between LULC and Annual TN and TP Discharge Loads

The annual TN and TP discharge loads have significant (p < 0.05) positive correlations
with the percentage of developed land cover (urban and agricultural land covers). The
coefficient of determination (R2) of these correlations is 0.70 and 0.72, respectively (Figure 5).
In the Redundancy Analysis (RDA), the distribution of LULC categories (environmental
factors) and annual TN/TP discharge loads (species) was derived. The RDA revealed that
urban and crop land ratios were positively correlated with the annual TN and TP discharge
loads. On the contrary, shrub land and bare land ratios were negatively correlated with the
annual TN and TP discharge loads (Figure 6). The annual TN and TP discharge loads from
urban land cover are the highest, followed by cropland, barren, water/wetland, and shrub
land covers, respectively (Table 3).
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Figure 6. The RDA analysis diagram displays the correlation between the LULC factors and the 
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Figure 6. The RDA analysis diagram displays the correlation between the LULC factors and the
annual TN and TP discharge loads. The red arrows indicate the environmental factors (i.e., the ratio of
the five land cover classes), and the blue arrows indicate the species (i.e., annual TN and TP discharge
loads). A positive correlation is expected when the arrows of two variables point in the same direction,
and a negative correlation exists when the arrows of two variables point in opposite directions.

Table 3. Mean annual TN and TP discharge loads (kg km−2 yr−1) of different LULC types.

Parameter Water/Wetland Shrub Land Urban Cropland Barren

TN 434 334 1156 999 702
TP 122 82 261 209 159

4.4. Relationship between Flow Volume and Annual TN and TP Discharge Loads

Flow volume is positively correlated with precipitation. Both annual TN discharge
load and annual TP discharge load significantly (p < 0.05) and positively correlate with
annual flow volume. The coefficient of determination (R2) of these correlations is 0.50 and
0.52, respectively (Figure 7).
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4.5. Relationship between Subbasin Area and Annual TN and TP Discharge Loads

A significant (p < 0.05) positive correlation was detected between the mean annual TN
discharge load and the subbasin area and between the mean annual TP discharge load and
the subbasin area. The coefficient of determination (R2) of these correlations is 0.52 and
0.55, respectively (Figure 8).
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5. Discussion
5.1. Spatial Variation Characteristics of Annual TN and TP Discharge Loads

The annual TN and TP discharge load levels displayed the highest levels in the
middle parts of the basin and exhibited decreasing trends towards the north-east and
south-west (Figures 3 and 4). Such trends followed LULC, flow volume, and subbasin area,
as explained below.

5.2. Relationship between LULC and Annual TN and TP Discharge Loads

The high annual TN and TP discharge loads in the cultivated lands (Table 3;
Figures 5 and 6) can be attributed to the fact that the use of agricultural fertilizers gener-
ates high levels of nitrogen [68,69] and phosphorus [70]. Furthermore, tillage and other
agricultural practices can promote erosion, resulting in higher losses of N [71–73] and
P [74,75]. Likewise, the high annual N and P discharge loads associated with urban land
cover (Table 3; Figures 5 and 6) can be attributed to the alteration of the physical and
hydrogeological properties of watersheds in urban areas and the development of nutrient
sources in such areas. Septic tank drainage, yard fertilization, domestic pet wastes, and
soil erosion in urban areas are widely connected to elevated N and P content [14,16]. On
the other hand, the annual TN and TP discharge loads are quite low in shrubland areas
due to the limited input of nitrogen and phosphorus in such areas. The main contributor to
nitrogen accumulation in watersheds with natural vegetation (such as shrublands) is the
buildup of atmospheric nitrogen. The natural source of phosphorus is the weathering of
specific geologic formations [76]. However, such natural sources of N and P are remarkably
less common than anthropogenic sources such as fertilizer application and wastewater
disposal [77]. Furthermore, in the absence of anthropogenic sourcing, N and P transfer from
upland shrublands into waterways can be significantly reduced by microbial absorption
assimilation [78–80] and soil-stream interaction processes [81–83].

5.3. Relationship between Flow Volume and TN and TP Discharge Loads

The flow volume, which was strongly linked to precipitation, exhibited a positive
correlation with both annual TN and TP discharge loads (Figure 7). Intensive winter rain
events are responsible for accelerated erosion processes, both in the sloped subbasins and
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at the riverbanks. Such a correlation is consistent with other studies, e.g., [84–89], that
detected a very strong relationship between flow volume and N and P discharge loads.
Thus, in the future, nutrient flux changes in the basin will result from changes in land cover
and precipitation. Moreover, the impact of land cover and precipitation changes can be
coupled; for example, Thompson [90] found that agricultural lands leach relatively high
nutrient amounts, but they do so even more during heavy rains. Therefore, large-scale land
cover changes, for example, could alleviate the increase in nutrient loading in the basin
due to precipitation increases. Land cover alteration can include, for instance, a substantial
reduction in agricultural land cover and/or changes in agricultural practices and intensity
in cultivated areas, as well as installing wastewater treatment facilities in urban areas.

5.4. Relationship between Subbasin Area and Annual TN and TP Discharge Loads

Previous studies, e.g., [91–93], detected a negative correlation between sediment
discharge load and catchment area. Other studies found that erosion rate and, subsequently,
nutrient discharge load decreased with catchment area [94,95]. The sediment sinking
potential is often greater than the sediment sourcing potential in large catchments, which
lowers the sediment discharge load [96]. This might be attributed to the fact that large
catchments have more foothill terrain and floodplain development in which sediment can
be settled compared with smaller catchments [94]. Thus, large catchments have smaller
N and P discharge loads than small catchments due to their lower erosion rate, which
is a primary driver of N and P export [97]. This can explain the current study’s finding
that there is an inverse relationship between N and P discharge loads and subbasin area
(Figure 8).

6. Conclusions

This work simulated the TN and TP discharge loads and their geographical distri-
bution based on weather, elevation, slope, soil type, and LULC data in the Shatt Al-Arab
river basin. It investigated the relationships of TN and TP discharge loads with both flow
volume and LULC using linear regression and redundancy analyses. The annual TN and
TP discharge loads were positively correlated with both flow volume and developed cover
(i.e., agricultural and urban land covers). As such, future TN and TP discharge loads will
be governed by a coupling of flow volume with land cover and will be sensitive to both
land cover change and precipitation-flow volume response variation induced by climate
change. We admit that observed data in the Shatt Al-Arab watershed for nutrient load
verification are important for comprehensive SWAT modeling, and such data are unfortu-
nately unavailable for the current study analysis. An integrated environmental assessment
is severely hampered by inadequate monitoring in such an ungauged watershed, as well as
by high data collection costs and a lack of desire, transparency, and interest in information
sharing in this transboundary basin. Thus, this study represented the best currently viable
plan in this research region. The findings of this study provide a platform for applying new
agronomic and urban planning scenarios to achieve development and environmental goals
in future targeted studies. The study’s outcomes also create a quantitative framework for
assessing the influence of anthropogenic pressures on a river basin’s hydrological response.
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