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This research explored the root causes of hidden pollution and key factors affecting spatial
changes, as well as identifying the best inputs for water quality modeling. The study used
principal component analysis (PCA), artificial neural network models (MLP), gene
expression programming (GEP), and support vector machine (SVM) to achieve its
objectives. The dataset included 11 different parameters collected monthly over 10 water
years (2012-2021) from the Zohreh River, Iran. Initially, PCA was applied to reduce
parameters and calculate the Water Quality Index (WQI). Two input models (parameters
before and after PCA) were then created using artificial intelligence to determine the most
accurate model for predicting the WQI. The Kaiser-Meyer-Olkin measure (KMO) was
0.6524, indicating the dataset was suitable for factor analysis. Bartlett's sphericity test was
also significant at the 0.05 alpha level. PCA identified five significant principal
components, explaining 70.66% of the total variance. The combined SVM and PCA model
showed the best prediction ability, with an R? of 0.889, RMSE of 0.052, and MAE of 0.038.
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PCA reduces 11 water quality parameters to 8 key factors.

SVM model best predicts WQI with R?=0.911, RMSE=0.047.

DO and turbidity significantly impact Zohreh River water quality.
Al models combined with PCA improve WQI prediction accuracy.
Sensitivity analysis identifies major pollutants affecting WQI.
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1. Introduction Assessing river water quality is crucial for identifying these

pollutants and pathogens and provides necessary guidelines

The water of rivers, as the vital veins of the Earth, plays an
essential role in providing drinking water, supporting
agriculture, and fueling industry. However, human activities
such as industrial agriculture, manufacturing, and wastewater
discharge severely threaten the quality of this water.
Contaminated water with harmful pollutants can lead to a wide
range of waterborne diseases, including cholera, typhoid fever,
and dysentery. Additionally, it can directly harm ecosystems,
disrupt food chains, and decrease biodiversity.

for protective measures to restore and protect these delicate
ecosystems. This information enables water resource
managers to allocate water wisely, prevent the contamination
of human drinking water, and ensure its sustainable use for
other vital needs.

River water quality is evaluated using various techniques.
Univariate analysis is one such technique, which entails the
independent examination of specific water quality parameters,
each compared to predetermined standards or guidelines to
determine the current state of water quality (Ji et al., 2016).
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Another approach is the water quality index, viewed as one of
the best ways to gauge water quality. The water quality index
assesses water quality and determines whether it is suitable for
drinking, irrigation, and industrial uses by combining multiple
water quality parameters into a mathematical formula (Akter
et al., 2016; Shil et al., 2019). Regular monitoring of water
quality produces a vast amount of complex data with numerous
parameters that vary significantly over time and space.
Analyzing this data to identify influencing factors and
understand the current state of water quality can be
challenging. Multivariate statistical methods, such as factor
analysis (FA) and principal component analysis (PCA), are
valuable tools for examining and integrating complex water
quality data (Tripathi & Singal, 2019). In a study by Roy et al.
(2024), Principal Component Analysis (PCA) was used to
project the Water Quality Index (WQI) of four rivers in Dhaka.
The WQI index was computed by reducing the number of
water quality parameters from 12 to 7, revealing that over 70%
of the samples fall into moderate or poor categories. This paper
presents a statistical method for evaluating the river water
quality of Dhaka, which could enhance plans for controlling
river pollution. Principal component analysis was employed in
a study to select the parameters used in the development of the
Water Quality Index (WQI) for the Ganges River (Tripathi &
Singal, 2019). This approach reduced the range of considered
parameters from 28 to 9, which include dissolved oxygen, pH,
electrical conductivity, biological oxygen demand, total
coliform, chlorides, magnesium, sulfate, and total dissolved
solids. This reduction in parameters leads to savings in time,
cost, and effort for water monitoring, as well as establishing a
basis for the future development of the Ganges Water Quality
Index (GWQI). Using artificial intelligence as a powerful tool
is revolutionizing how we manage water resources, given the
increasing complexity of data on river water quality and the
limitations of traditional data analysis techniques (Oruganti et
al., 2023). The ability of artificial intelligence to identify
trends in water quality data provides authorities with a
significant opportunity to anticipate potential contamination
events and take preventive actions to avert them (Maurya et
al., 2024). Drought, pollution, and excessive water extraction
pose significant challenges for the Zohreh River, a crucial
water supply in southwestern Iran. Currently, minimal
comprehensive research employs advanced Al methodologies
to assess and predict the river's water quality accurately. The
objective of this study is to bridge this information gap. The
primary aim of this study is to utilize artificial intelligence
models, including support vector machines, gene expression
programming, and artificial neural networks, to forecast the
water quality index of the Zohreh River, Iran. Principal
component analysis (PCA) reduces the number of factors
affecting water quality. This project focuses on creating a
comprehensive and accurate model for assessing and
predicting the river's water quality to enhance and sustainably
manage local water resources.

2. Materials and Methods
2.1 Study area

The Zohreh River, also known as the Handijan River, is one of
the longest and most plentiful rivers in Iran, flowing in the
southwest of the country. This river ultimately empties into the
Persian Gulf after approximately 475 km of flow across three

provinces: Fars, Kohgiluyeh and Boyer-Ahmad, and
Khuzestan. The Zohreh River originates in the heights of the
White Mountain in Fars Province. It is the second largest
independent watershed in Iran, covering an area of 17,150 km?.
The local population relies heavily on the Zohreh for
agriculture and livestock raising. Additionally, several towns
and cities depend on the Zohreh River for their drinking water.
Unfortunately, the Zohreh River faces numerous challenges,
including pollution, drought, and excessive water
consumption. These issues can have severe consequences on
the local ecology and people's lives. Therefore, it is essential
to protect and restore this invaluable river through sustainable
water resource management and pollution control.

2.2 Data preparation and statistical analysis

The parameters pH, electrical conductivity (uS/cm), phosphate
(mg/L), nitrate (mg/L), ammonium (mg/L), total hardness
(mg/L), fecal coliform (MPN), dissolved oxygen (mg/L),
biochemical oxygen demand (mg/L), chemical oxygen
demand (mg/L) and turbidity (NTU) were received monthly
for 10 water years (2011-2021) and the Firouzabad and 720-
meter Sovere stations in the Zohreh River from the Khuzestan
Water and Electricity Organization. Then, the Iranian Water
Quality Index was calculated for each month and each station
(Khuzestan Water and Power Organization, 2021).

2.3 Principal component analysis of water quality data

Principal Component Analysis (PCA) is a mathematical
method for dimensionality reduction. It uses an optimization
technique to transform a set of more correlated events into a
set of values of uncorrelated monotonic variables as principal
components (Mukherjee et al., 2022). It is widely used as a
feature extraction method. Extracting features are used in
various fields, including machine learning, visualization, and
signal analysis. A principal component is a linear combination
of p principal variables al, a2, ..., and an. In the PCA method,
first, a matrix of measured values is formed using Eq. 1
(Chawishborwornworng et al., 2024).

A= (aij)mxn - L: : ] M

mi " 39mn

Where, m is the number of sample stations and n is the number
of water quality parameters. In the next step, the raw data are
standardized using a standard score (Z-Score) to reduce the
dimensionality. This process is done using Eq. 2, where aij:
original value, &;: mean, s;: standard deviation of each

arameter and a/;: its normalized.
ij

;o _ Qij—3dj
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Then the correlation coefficient matrix is calculated using the

normalized data and Eq. 3.
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The covariance or correlation matrix is calculated using Eq. 4
to determine the relationship between pairs of variables.
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By decomposing the covariance/correlation matrix, the
eigenvectors are obtained using Eq. 5, and the eigenvalues are
obtained using Eq. 6. The eigenvectors indicate the directions
in the data space that have the most variance, while the
eigenvalues indicate the amount of variance in each direction.
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where £ and x represent the eigenvectors and eigenvalues,
respectively. The principal components are selected based on
criteria such as the amount of cumulative variance using Eq. 7.
These principal components preserve important information
from the data and are sufficient to reduce the dimensionality
of the data.
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PC =rya] +1rpay + -+ 1ipa, ((i=123....n) (7)
2.4 Prediction of Iran's WQI using AI models

Several artificial intelligence algorithms, including gene
expression programming, artificial neural networks (deep
learning), and support vector machines (machine learning),
were employed to predict Iran's water quality index. Utilizing
multiple models to enhance prediction accuracy and select the
best one is an effective strategy in the realm of water quality
prediction. When utilizing artificial intelligence models, data
normalization is essential for boosting model performance and
yielding more accurate results. This step is particularly crucial
when handling diverse data categories that have varying scales
and units of measurement. Consequently, all data (input and
output) were initially normalized between zero and one using
Eq. 8.
x _ _(Xi—Xmin)

Xi (X*max—%min) ®)
The values X, Xmin, and Xmax represent the minimum and
maximum values of each parameter in the data set,
respectively.

In this study, Gene Expression Programming (GEP), an
evolutionary-based artificial intelligence method, was utilized
to uncover nonlinear and complex relationships among various
water quality parameters in the study area. The input data
included qualitative parameters such as pH, electrical
conductivity, phosphate, nitrate, ammonium, total hardness,
fecal coliform, dissolved oxygen, biochemical oxygen
demand, chemical oxygen demand, and turbidity. Given the
inherently nonlinear and complex nature of natural systems,
GEP was selected as an effective tool for modeling these
intricacies.

The GEP algorithm was specifically designed to extract hidden
patterns between water quality parameters and the Iranian
Water Quality Index (IRWQI), enabling accurate predictions
within the study area. To optimize the performance of the GEP
model, key parameters- including population size, number of
generations, mutation probability, and evolutionary operators-
were carefully fine-tuned. The population size was selected to

balance computational efficiency and model accuracy. The
number of generations was adjusted based on the complexity
of the dataset and the need for adequate model refinement. The
mutation probability was optimized to avoid local minima and
enhance the exploration of complex variable relationships. In
addition, evolutionary operators such as crossover were
employed to combine different model components and
improve predictive accuracy.

Another algorithm applied in this study was the Support
Vector Machine (SVM), a supervised learning technique
capable of identifying complex patterns between input and
output variables using kernel functions. SVM was configured
to accurately model the relationships between water quality
parameters and the IRWQI. To optimize its performance,
critical parameters- including the type of kernel function, the
regularization parameter (C), and the gamma value- were
carefully adjusted.

Additionally, a Multilayer Perceptron (MLP) neural network,
a powerful artificial intelligence method, was employed to
predict the water quality index. As a supervised learning
model, MLP uses multiple hidden layers to capture nonlinear
relationships among variables. Through the backpropagation
process and weight adjustments, MLP can provide highly
accurate predictions. To optimize the MLP model, key
network parameters- including the number of hidden layers
and neurons, the ReLU activation function, learning rate,
number of training iterations (epochs), and the Adam
optimization algorithm-were fine-tuned. The number of layers
and neurons was selected to effectively capture complex data
patterns. The ReLU function was used to mitigate gradient
vanishing issues, while the learning rate was set to ensure
stable and efficient model convergence. The number of
training epochs was determined based on data volume and
complexity to prevent overfitting. The Adam optimizer was
chosen for its fast convergence and overall performance
enhancement.

2.5 Prediction of Iran's WQI

In this part of the study, a combination of Principal Component
Analysis (PCA) and artificial intelligence (AI) models was
employed to predict Iran's Water Quality Index (IRWQI). The
primary goal of integrating PCA with Al models is to reduce
the dimensionality of input data, thereby enhancing the
predictive performance of the models. The modeling results
obtained from AI methods- Gene Expression Programming
(GEP), Multilayer Perceptron (MLP), and Support Vector
Machine (SVM)- combined with PCA (referred to as
GEP+PCA, MLP+PCA, and SVM+PCA) were compared with
those from the standalone models (GEP, MLP, and SVM).
This comparison was conducted to evaluate and validate the
effectiveness of PCA in improving the accuracy and efficiency
of water quality index prediction.

2.6 Evaluation of the accuracy of ai models in predicting
Iran's WQI

In this study, the performance of various artificial intelligence
models in predicting Iran’s Water Quality Index (IRWQI) was
evaluated using common statistical indicators, including Root
Mean Square Error (RMSE) (Eq. 9), Mean Absolute Error
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(MAE) (Eq. 10), and Coefficient of Determination (R?) (Eq.
11) (Divband Hafshejani et al., 2022).

n
1

RMSE = HZ(Yiexp _ Yipred)2 ©)
i=1
n y.exp_ylpred

mag = H=l i | (10)

2

Zr'l= Y.exp_y'pred

2o - el p)z (11)

n exp
2i=1(YI ~Yave

In the evaluation Egs. 9 to 11, Y represents the predicted
value of the water quality index at the i-th instance, Y is the
corresponding observed (actual) value, Ya.**P is the average of
the actual values, and n is the total number of data points.
RMSE is used to measure the deviation of the predicted values
from the actual observations, where lower RMSE values
indicate better model performance. The coefficient of
determination (R?) reflects the proportion of variance in the
dependent variable (water quality index) that is explained by
the independent variables (model inputs); higher R? values
demonstrate stronger predictive capabilities. Meanwhile,
MAE represents the average absolute difference between
predicted and observed values, offering a straightforward
interpretation of prediction accuracy. Together, these
statistical metrics provide a comprehensive assessment of each
model's ability to accurately estimate the water quality index
in the study area.

2.7 Sensitivity Analysis of Iran's WQI to Water Quality
Parameters

To evaluate the influence of individual water quality
parameters on the prediction of Iran's WQI (IRWQI), a
sensitivity analysis was conducted using Eq. 12 (Abdi &
Mazloom, 2022).

Y1 Ui (wj-@)

r(l; ) =
1 JEa 102 [y

(12)

In this equation, ®j and @ represent the j-th predicted value
and the average predicted value of the water quality index,
respectively, Iij and Ii refer to the i-th observation and the
mean of the i-th input variable, respectively. n denotes the total
number of data points, andr(l;, w) is the coefficient
correlation between the i-th input parameter and the predicted
water quality index. The value of the correlation coefficient
reflects the extent to which each input variable affects the
predicted IRWQI. A positive correlation indicates a direct
relationship between the input parameter and the output
(IRWQI), whereas a negative value suggests an inverse
relationship. Furthermore, the greater the absolute value of the
correlation coefficient for a specific parameter, the more
significant its influence on the model’s output (Abdi &
Mazloom, 2022; Hajirezaie et al., 2017).

3. Results and Discussion
3.1 Statistical processing and analysis of data

Fig. 1 shows, for every water quality factor, the normalized
data (Z-scores). Within every box, the horizontal line shows
the median Z-score for that parameter. The 25th and 75th
percentiles, respectively, are shown by the box's lower and
upper limits. Though they are not regarded as outliers, the lines
extending from the box (whiskers) mark data points deviating
from the central distribution(Roy et al., 2024; Tripathi &
Singal, 2019). Outliers- values quite different from the other
data points- are shown as separate circles that might affect the
findings of Principal Component Analysis (PCA) (Roy et al.,
2024).

The box- and- whisker graphs show that the median of most
parameters' normalized values is about zero. Among all the
parameters, pH shows the most change; fecal coliform shows
the least. Moreover, turbidity features a quite high number of
outliers. Still, the general data distribution seems symmetric
with rather few outliers.

Fig. 1 Z-score variability 104
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Table 1 shows the correlation matrix, highlighting the
interactions among every pair of water quality factors. In
statistical analysis, this matrix is a useful instrument since it
helps one understand the interactions among several
parameters. Regarding water quality, it improves knowledge
of interdependence among several indicators.

Dissolved oxygen (DO) shows a notable negative correlation
with respect to parameters including nitrate, phosphate,

biochemical oxygen demand (BOD), and chemical oxygen
demand (COD.). This inverse link implies that DO levels drop
as the organic load in the water rises- mostly from microbial
activity consuming oxygen to break down organic matter.
Reflecting the biological state of the water body, this
correlation is a major in evaluations of water quality. Usually,
the negative link between DO and pollution from nutrients and
organic matter emphasizes how organic pollution influences
water environments (Das et al., 2021).

Table 1 Correlation matrix of different parameters of IWQI

Parameters BOD COD DO EC F-COLI NH4 NOs PO4 Total Hardness Turbidity pH
BOD 1.00 0.09 -0.5-0.19 -0.01 -0.30 0.06 0.01 -0.06 0.1 -0.09
COD 0.09 1.00 -0.08 0.1 -0.19 -0.26 0.21 0.16 0.01 0.38 0.02
DO -0.5 -0.08 1.00 -0.04 -0.08 -0.18 -0.06 0.00 -0.05 -0.28 0.01
EC -0.19 0.1 -0.04 1.00 0.04 0.14 -0.08 0.13 042 -0.11 -0.19
F-COLI -0.01 -0.19 -0.08 0.04 1.00 0.22 -0.03 -0.06 -0.01 0.06 0.06
NH4 -0.30 -0.26 -0.18 0.14 0.22 1.00 -0.44 0.02 -0.19 -0.03 -0.05
NO; 0.06 0.21 -0.06 -0.08 -0.03 -0.44 1.00 0.27  0.30 0.18 0.1
PO, 0.01 0.16 0.00 0.13 -0.06 0.02 0.27 1.00 0.05 0.04 0.04
Total Hardness -0.06 0.01 -0.05 042 -0.01 -0.19 0.30 0.05 1.00 -0.03 -0.11
Turbidity 0.1 0.38 -0.28 -0.11 0.06 -0.03 0.18 0.04 -0.03 1.00 0.09
pH -0.09 0.02 0.01 -0.19 0.06 -0.05 0.1 0.04 -0.11 0.09 1.00

A strong negative correlation between ammonium and nitrate
shows that the nitrification process is happening, where
ammonium is changed into nitrate by living organisms. This
transformation is facilitated by nitrifying bacteria that convert
ammonium first into nitrite and then into nitrate(Guo et al.,
2013). The rate and efficiency of this process are influenced
by several environmental factors, including temperature, pH,
and dissolved oxygen levels.

A positive correlation between phosphate and nitrate suggests
that phosphorus commonly co-occurs with nitrogen and
organic matter. These nutrients serve as key contributors to
algal growth, and their simultaneous presence can trigger algal
blooms. The relationship between phosphate and nitrate has
long attracted the attention of researchers, as these two
elements often act synergistically in fueling the rapid
proliferation of algae in aquatic ecosystems. When available
in excess, phosphorus frequently binds to nitrogen and organic
compounds, promoting eutrophication.

Among nitrogen compounds, nitrate- a highly soluble and
mobile form- is considered a primary driver of algal bloom
events. Human activities, like farming runoff and wastewater
releases, greatly increase nitrate levels, which harm water
quality and promote unhealthy conditions for aquatic life.
These conditions cause too much algae to grow, which leads
to a series of environmental problems like lower oxygen
levels, the release of toxic substances from blue-green algae,
and disruption of the food chains in water(Dattamudi et al.,
2020). Additionally, the positive correlation between total
hardness and parameters like nitrate and turbidity reflects the
influence of carbonate rocks on water chemistry. These rocks,
commonly found in many watersheds, release calcium and

magnesium ions, which contribute to both hardness and the
alkaline buffering capacity of the water(Channabasava et al.,
2017). Water alkalinity, primarily derived from bicarbonates,
carbonates, and hydroxides of calcium, magnesium, sodium,
and potassium, plays a crucial role in stabilizing pH and
maintaining ecological balance.

Finally, a strong positive correlation between turbidity and the
Iranian Water Quality Index (IRWQI) reveals that turbidity is
a key parameter influencing overall water quality in the studied
river. High turbidity levels, which are often caused by floating
solids, dirt particles, and organic matter, can block light,
disrupt gas exchange, and harm aquatic life, leading to poorer
ecological health of the water.

3.2 Principal Component Analysis

Two crucial tests- the Kaiser-Meyer-Olkin (KMO) measure
and Bartlett's test of sphericity- were used to determine
whether the data was sufficient for factor analysis prior to
Principal Component Analysis (PCA) on the dataset. To show
that the data are fit for PCA, the KMO value must be more than
0.5 and Bartlett's test must produce a noteworthy p-value (p <
0.05). The KMO value in this study was 0.6524; Bartlett's test
was significant at the 0.05 level, so verifying the fit of the
dataset for PCA (Chawishborwornworng et al., 2024).

Analyzing 11 water quality parameters directly would be
challenging since they are related to one another and could
result in complex computations and  biased
conclusions(Tripathi & Singal, 2019). PCA simplifies
complex datasets without sacrificing much information. The
underlying structure within the dataset was extracted, and data
dimensionality was lowered using PCA. PCA identifies a set
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of independent components with the most data variation, so
facilitating the understanding of complicated datasets without
much loss of information(Panigrahi et al., 2007). Table 2
shows dimensions for the first five main components, PCs.
These loadings help to interpret the meanings of the principal
components by showing the correlation coefficients between
the original variables. Strong markers of a wvariable's
contribution to a given component in this study were factor
loadings with absolute values above 0.5.

Table 3 shows for every component the eigenvalues,
variance explained, and cumulative variance associated
with them. Retained for study were the first five
elements, each with eigenvalues above one. They fit and
simplify the dataset since together they account for
almost 70% of the total variance (Ibrahim et al., 2023).
Only the first five were chosen in line with the parsimony

and for efficient dimensionality reduction, even if Table
4 shows that the first eight components explain over 90%
of the total variance. FEight of the original eleven water
quality parameters were found, based on PCA results, to
be sufficient to adequately reflect the fundamental
features of water quality in the study area. Although
some factors, such as dissolved oxygen and nitrate,
phosphate, BODs, and COD, show clear correlations, the
final list of variables was not much shortened. This
choice was based on expert opinion and literature
consensus, so underlining the individual importance of
every parameter in water quality evaluation(Tripathi &
Singal, 2019). Consequently, every retained parameter
was regarded as necessary and investigated
independently to guarantee thorough assessment.

Table 2 Rotated factor loadings for water quality data

Parameters PC1 PC2 PC3 PC4 PC5

BOD 0.0008 -0.4947 0.0586 0.0213 0.5456
COD 0.3357 -0.1816 -0.0643 0.4899 -0.0706
DO -0.2419 -0.4311 0.2655 -0.0476 0.3249
EC 0.1517 0.3105 0.5393 0.1304 0.0675
F-COLI 0.0819 0.2660 -0.1582 -0.3580 0.5826
NH4 -0.1954 0.5169 -0.1360 0.0227 0.2161
NOs3 0.5187 -0.2579 -0.0006 -0.3567 -0.2318
PO4 -0.0172 0.0821 0.1238 0.6293 0.1739
Total Hardness 0.3253 0.0790 0.5235 -0.1482 -0.0590
Turbidity 0.3898 -0.0065 -0.4013 0.2416 0.1921
pH 0.0179 -0.0697 -0.3696 -0.0360 -0.1477

Table 3 Eigen values of Zohreh water quality data set

Principal Component Eigen Values Variance (%) Cumulative Variance (%)
1 2.4901 20.61 20.61
2 1.9301 15.98 36.53
3 1.5505 12.93 49.46
4 1.3506 11.28 60.74
5 1.1990 9.92 70.66
6 1.0025 8.60 79.26
7 0.1220 5.93 85.19
8 0.7049 4.93 90.12
9 0.5952 3.97 94.09
10 0.4315 2.99 97.08
11 0.3443 2.91 99.99
The first principal component (PC1) accounted for 20.61% of  association with organic pollution and nitrogenous

the total variance, with a strong loading on total nitrate,
suggesting that this component primarily reflects the
contribution of nitrate-related processes. The second
component (PC2) explained 15.98% of the total variance and
was characterized by high loadings on biochemical oxygen
demand (BODs) and ammonium, indicating a strong

compounds. The third component (PC3) accounted for 12.93%
of the total variance, with dominant loadings on electrical
conductivity and total hardness, which reflect the influence of
dissolved ions and overall mineral content in the water.

The fourth principal component (PC4) explained 11.28% of
the total variance, showing strong loadings on chemical
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oxygen demand (COD) and phosphate, representing persistent
organic pollution and nutrient enrichment from anthropogenic
sources. The fifth component (PC5) accounted for 9.29% of
the total variance (note: your original said 92.9%, which seems
likely to be a typo), with significant loadings on fecal coliform
and BODs, highlighting microbial contamination associated
with fecal matter and biodegradable organic substances.

The first and third components primarily relate to the mineral
quality of the water, signifying the presence of soluble mineral
salts. These may originate from natural geological formations
such as limestone and dolomite or from anthropogenic
activities like industrial discharges and agricultural
runoff(Nong et al., 2019). The second component reflects the
organic load in the water, indicating the presence of
biodegradable organic matter, often derived from municipal
and industrial wastewater or agricultural inputs(Karpagavalli
et al., 2019). The fourth component, also related to organic
pollution, appears to capture more persistent organic
compounds and phosphate, typically associated with industrial
effluents and fertilizer use. Lastly, the fifth component is
associated with microbial contamination, revealing the
presence of pathogenic bacteria, likely from sewage
discharges, including municipal wastewater and effluents from
wastewater treatment plants. These findings align with earlier
studies that demonstrate the effectiveness of PCA in
identifying latent factors responsible for the spatial and
temporal variability in water quality (Karpagavalli et al.,
2019).

Table 4 Comparing the performance of artificial intelligence
models in predicting of IWQI

Evaluation Metrics

Model

R? RMSE MAE
MLP 0.855 0.063 0.049
SVM 0.911 0.047 0.035
GEP 0.803 0.070 0.057
MLP+PCA 0.662 0.111 0.082
SVM+PCA 0.889 0.052 0.038
GEP+ PCA 0.756 0.077 0.058

3.3 Evaluation of the Ability of AI Models in Predicting
WQI

The performance results of various Al models in predicting the
Iranian Water Quality Index (IRWQIsc) are presented in
Table 4. Among the models evaluated, when all 11 input
variables- including pH, electrical conductivity, phosphate,
nitrate, ammonium, total hardness, fecal coliform, dissolved
oxygen, biochemical oxygen demand (BODs), chemical
oxygen demand (COD), and turbidity- were used, the Support
Vector Machine (SVM) model demonstrated superior
predictive accuracy compared to the Artificial Neural Network
(ANN) and Gene Expression Programming (GEP) models.

The SVM model achieved a coefficient of determination (R?)
of 0.911, a Root Mean Square Error (RMSE) of 0.047, and a
Mean Absolute Error (MAE) of 0.035, indicating high
precision and low prediction error. SVM models are
particularly effective for capturing nonlinear relationships
within data. In this case, it is likely that complex, nonlinear

interactions exist between the water quality index and several
input variables, which the SVM model was able to accurately
capture.

These findings are consistent with previous studies that have
highlighted the robustness of SVM models in modeling
complex and nonlinear environmental systems, especially in
water quality prediction tasks(Guo et al., 2013; Tripathi &
Singal, 2019). The results emphasize the potential of SVM as
a reliable tool for predicting composite water quality indices,
especially in data-rich and multivariate environments.

SVM, both as a standalone model and in combination with
other algorithms, has proven highly effective in predicting
water quality parameters, particularly due to its strong
capability in modeling nonlinear relationships(Jamshidzadeh
et al., 2023; Vellingiri et al., 2024). In the present study, after
dimensionality reduction using PCA and the selection of §
input parameters (with turbidity, dissolved oxygen, and DO
removed), the overall predictive performance of the artificial
intelligence models decreased slightly. This decline was more
pronounced in the Artificial Neural Network (ANN) compared
to the other models. Specifically, prior to PCA, the ANN
model achieved R2=0.855, RMSE = 0.063, and MAE =0.049,
whereas after applying PCA, these metrics declined to R? =
0.662, RMSE =0.111, and MAE = 0.082.

In contrast, the performance decline for the Support Vector
Machine (SVM) model was less significant. Even after
dimensionality reduction, the SVM maintained relatively high
prediction accuracy. This can be attributed to its robustness
against noise and data variation, as it identifies the most
optimal decision boundary within the input space. This
characteristic allows the SVM to maintain predictive
reliability, even when some variables are removed.

These findings align with previous research suggesting that
SVM models, due to their capacity to utilize different kernel
functions, are well-equipped to handle complex, nonlinear data
patterns, even after dimensionality reduction(Dilmi, 2022;
Khan et al, 2022). Furthermore, the results of
Chawishborwornworng et al. (2024) emphasized that
integrating statistical techniques such as PCA with machine
learning models enhances the reliability of water quality
assessments and allows for the development of more accurate
composite indices.

3.4 Sensitivity analysis results

Fig. 2 displays the results of the sensitivity analysis for the
Iranian water quality index in the Zohreh River. This analysis
assessed how variations in each water quality parameter
influenced the overall index by calculating correlation
coefficients.

An increase in dissolved oxygen significantly improves water
quality, highlighting its critical role as a key determinant of
aquatic health. Conversely, electrical conductivity, fecal
coliform, total hardness, and turbidity exhibit strong negative
correlations with the water quality index, indicating that
pollutants associated with organic matter, microbial
contamination, and suspended solids have a substantial
adverse impact on water quality.
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Ammonium showed a slight positive correlation with the water
quality index, possibly due to its role in certain biological
processes, although this relationship requires further
investigation. In contrast, COD and BOD:s also contributed to
a decline in water quality, though their effects were less
pronounced compared to the aforementioned parameters.

Nitrate and phosphate demonstrated relatively weak negative
correlations, suggesting a moderate impact on water quality.
The influence of pH was minimal and slightly positive.

Fig. 2 The order of 0.4 4
sensitivity of IWQI in
Zohreh River to water
quality parameters

0.2 1

Overall, the results indicate that the water quality of the Zohreh
River is primarily degraded by organic, bacterial, and
suspended solid pollutants. Therefore, strategies aimed at
reducing these contaminants and enhancing dissolved oxygen
levels could lead to significant improvements in the river's
water quality.

correlation coefficient
'

4. Conclusion

In the current study, we employed two distinct methods for
prediction: All 11 water quality parameters were fed into the
Al models in the initial phase. In the second stage, with the
help of PCA, potential pollution sources and important
parameters were identified and entered as input to the Al
models. The main results of this research are:

1. The results of KMO and Bartlett tests indicated that the
available water quality data were suitable for conducting
principal component analysis.

2. The use of the PCA method resulted in the creation of five
principal components with an eigenvalue greater than 1.

3. Based on the factor loadings, 8 parameters were identified
as the main factors affecting water quality in the study area.

4. The support vector machine model with R =0.911, RMSE
=0.047, and MAE = 0.035 provided the best prediction of the
water quality index with the original data.

5. After applying PCA and optimizing the input parameters,
the support vector machine model had a better prediction of
the water quality index with R? = 0.889, RMSE = 0.052, and
MAE = 0.038.

Despite providing significant results, this study also has
limitations, including data limitations, which should be
considered. This study only uses data from a specific region
(Zohreh River) over a 10-year period. This limitation can
reduce the accuracy of the generalizability of the models to
other regions and time periods. It is recommended that this
study be repeated in other geographical regions and for longer
periods to increase the accuracy and generalizability of the
proposed models.

Furthermore, in addition to PCA, other methods such as factor
analysis or deep learning techniques can be investigated to
reduce the dimensionality of the data.
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