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ABSTRACT

Monitoring water quality is essential for environmental protection and sustainable water
resource management. This study employed a Multilayer Perceptron (MLP) neural network to
model the Groundwater Quality Index (GWQI) based on key physicochemical parameters. The
model was developed using MATLAB’s Neural Network Toolbox (nftool), with data divided
into training, validation, and testing sets. Performance was evaluated using MSE, RMSE, MAE,
and the correlation coefficient (R). The MLP model achieved good predictive accuracy:(MSE
= 2.3, R = 1.0) in training;( MSE = 7.6983, R = 0.99992) in validation; and (MSE = 15.8, R =
0.997) in testing. These results confirm the model’s ability to capture nonlinear relationships
and generalize well without overfitting. The stability of the model is supported by its error
distribution and training convergence. A comparison with previous studies shows improved
performance, reinforcing the potential of neural networks in predicting water quality and

supporting data-driven environmental decision-making.
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1. INTRODUCTION

Groundwater is an essential form of fresh water, particularly in arid and semi-arid areas, which
are at a high risk of groundwater pollution due to natural and human factors (Gemail & Abd-
Elaty,2023; Al Saleh et al.,2024). Lack of control in agricultural activities, industrial effluents,
and pollution of wastewater are among the threats to groundwater quality in Iraq, hence a threat
to sustainable development in Iraq (Kurwadkar& Nakarmi, 2020). GWQI is the most popular
indicator that entails the assessment of groundwater suitability regarding drinking water,
combining several compound parameters into a unique composite score. It uses the weighted
arithmetic index approach grounded on WHO drinking levels, which can give an overall
evaluation of groundwater quality. Nevertheless, the paper points out the unavoidable
subjectivity of the traditional indices, such as GWQI. It suggests further developing highly
predictive models, such as artificial intelligence, to provide predictions of the groundwater
quality (Nadiri et al.,2022) Al techniques have become leading in recent years in groundwater
management. The methods have become popular due to being cost-effective and time-saving.
They enhance the decision-making process by providing correct analytics modeling, data
monitoring, and integration (Borgohain et al., 2025). The multilayer neural networks (MLPs)
are among the different artificial intelligence methods employed in groundwater quality
research studies, as they have proven to be effective in nonlinear relationships that are difficult
to establish between chemical and physical water properties. As opposed to other linear models,
MLPs are capable of learning the complex interactions of variables, including pH, electrical
conductivity, salinity, and major ions that are frequently not simple in linear patterns. This has
enabled them to be a good predictive tool in predicting the quality index of groundwater with
high accuracy (Al Saleh, 2021; Miller, et al.,2023). Despite the efficiency of the MLP-based
models in the estimation of GWQI, their drawbacks have been experienced in Iraq. The quality
of the input data, as well as the selection of the architecture of the model, has generally been
overlooked when developing the past works on the accuracy of the predictions (Ibrahim, et
al.,2020). The recent modeling on groundwater quality has been intensively applied in machine
learning methodology under varying climatic conditions to use the reliable and accurate
predictions, like support vector regression (SVR), especially because of its stability under small
datasets. Nevertheless, several studies have suggested that SVR falls short of completely
capturing the nonlinear relations among physical and chemical variables, particularly when the
quantity of data is huge, which is typically necessary to consider the Groundwater Quality Index
(GWQI) with proper accuracy. Conversely, the neural networks (MLP) are more flexible in the

modeling of complex and nonlinear relationships and also in adapting to large and
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heterogeneous datasets of the environment (Miiller et al., 2021). Thus, an MLP architecture is
selected as the main predictive instrument of study since it was shown to be superior to the
traditional algorithms in the same circumstances as in the field of research. This gap is bridged
by the proposed study that develops an MLP model to forecast GWQI, based on actual
measurements of groundwater in the Mahawil region in Iraq. The proposed research is a study
to assess the efficiency, precision, and consistency of the model in the comparison of measured
and predicted values of the Global Water Quality Index (GWQI). It helps to deliver smart and
statistically informed forecasts for making timely decisions and to elevate the incorporation of
artificial intelligence approaches in assessing the environment and managing water resources

sustainably across Iraq.

2. STUDY AREA

The present study took place in the Al-Mahawil district of the Babil Governorate of central
Iraq. The region lies between 20°44.50°E and 25°32.20°N and 49°32.20°N with an estimated
area of about 1,667 square kilometers, making up 33 percent of the total size of Babil
Governorate. The climate of this region is defined as semi-arid, and the average rainfall is less
than 150 mm per year. In summer, the rate of evaporation is great. The area is composed of
silty clay, clayey silt, and fine- to medium-grained sand, which are geologically described as
having medium to low permeability. Groundwater flows from the northwest to the southeast
towards the Euphrates River. Natural factors, such as clay-rich deposits and evaporated
minerals (gypsum and halite), contribute to high levels of salinity, sulfates, chlorides, and
dissolved solids. (Al-Aarajyet al.,2024). Human activities, including intensive agriculture using
chemical fertilizers and untreated industrial and domestic wastewater, further exacerbate water
quality degradation. Groundwater is important for drinking water and other activities in the area
due to the low surface water flow. (Chabuket al.,2022). Fig. 1 illustrates the geographical

boundaries and location of the study area.

Fig. 1. Location of Al-Mahawil District in Iraq /Source: Google Earth)
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3. METHODOLOGY

3.1. Groundwater sampling

After a careful examination of the well sites within the research area, samples were taken
randomly during the winter rainy season as well as during the arid summer months, Fig.2. Most

wells were at least 10 meters deep. The geographic coordinates of the wells were also recorded.

Fig. 2. Shows the spatial distribution of the samples collected /Source: Google Earth)

ten physico-chemical parameters were analyzed for 28 groundwater samples and the parameters
analyzed are calcium (Ca), sodium (Na), magnesium (Mg), chloride (Cl), nitrate (NO3), sulfate
(SO4), bicarbonate (HCO3)). Electrical conductivity (EC), total dissolved solids (TDS) and
hydrogen ion activity (Ph).

3.2.  Groundwater quality index (GWQI)

Groundwater quality assessment is a vital step to ensure the sustainability of water resources
(Karuppannan & Kawo, 2019). The Groundwater Quality Index (GWQI) has proven to be an
effective tool for simplifying complex water quality data into a single value by integrating
several chemical and physical parameters, and its calculation is as follows (Al-Saleh, 2021;
Mohammed et al.,2023; Saadali et al.,2022).

1- Selecting 10 physiochemical parameters from 28 groundwater wells, which are: (Ca*?),(Na"),
(Mg"™), (CI"), (NO3"), (SO472), (HCO3"), (EC), (TDS), and (pH).

2-Initial weights are assigned to each criterion according to its relative importance in
determining groundwater quality, and calculated the adjusted relative weight of each criterion

using standard Eq.1 as in Table 1:

wi

- 5 m

Wi

where wi: is the weight allocated to each parameter, and the Wi the relative weight used in

subsequent steps.
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Table 1 The weights and the relative weights of the physicochemical parameters.

Parameters Units Weight (wi) Relative Weight (Wi)

EC puS/cm 5 0.15625
TDS mg/L 5 0.15625
pH / 1 0.03125
Na'! mg/L 3 0.09375
Mg*? mg/L 2 0.0625
Ca®™ mg/L 4 0.125
CI mg/L 4 0.125
SO42 mg/L 4 0.125
HCO5™! mg/L 3 0.09375
NO; mg/L | 0.03125

3- Calculation of the relative quality of each parameter (qi) is calculated using the Eq.2:
gi = < x 100 )
Where: (ci) the measured concentration with, (si) the standard permissible limitx

4. Sub-index (SI) and GWQI were calculated by the following Eqs.3 and 4.
SI = Wi x qi (3)

GWQI = Y7 SI 4)

Water quality is classified based on the GWQI value into different levels (Dawood et al., 2018),
as shown in Table 5.

3.3.  Artificial Intelligence Using Multilayer Perceptron (MLP)

Artificial neural networks (ANNs) are computational models inspired by the structure of the
human brain, where interconnected nodes or “neurons” enable learning from complex data
patterns. These interconnected components collectively determine the model’s ability to learn
and generalize patterns from data (Qiu, 2023). In this study, the ANN model was implemented
using MATLAB’s programming environment efficient training and testing, The multilayer
perceptron (MLP) has shown capability to handle nonlinear relationships. The model was
trained using the” Levenberg-marquadt” algorithm, The model consists of an input layer
containing 10 variables representing the chemical, physical of the sample, followed by a hidden
layer containing 10 nodes, and then one output layer that predicts the groundwater quality index
(GWQI). The nonlinear activation function “(tansig)” was used in the hidden layer to determine
complex input-output relationships, while a linear function “(purelin)” was used in the output

layer to generate continuous results. as Fig.3.

leural Network
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Fig .3. The multilayer neural model (MLP)
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Performance Evaluation Metrics

A variety of statistical measures were used to evaluate the model performance, such as Mean

Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and

the coefficient of determination (R?). The indicators are very informative of the prediction

accuracy and generalization ability of the model (Kadhim, and Noor, 2018; Abdelhadi et al.,
2022).
4. RESULTS AND DISCUSSION

4.1.

General hydrochemistry

Physical and chemical characteristics of groundwater are some of the basic tenets in the

establishment of groundwater characteristics. (Chabuket al.,2022). Analysis of the groundwater

samples in the study area in a laboratory showed a distinct difference in the parameters (EC,

TDS, pH, Na, Ca, Mg, HCO3, Cl, SO,4, and NO3), Table 2, and Fig.4.
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Fig .4. Distribution of parameters in wells

Table 2 Physicochemical parameters

w EC TDS pH Na Mg Ca Cl SO4 HCO3 NO3 X Y GWQI  pred.-mlp
W1 13060 8442 7.1 1266 544 826 2079 2876 624 1.2 44.694 32.786 669 666
w2 10980 7112 7.1 1179 357 654 1381 2296 1075 0.7 44464 32581 552 550
W3 5900 3833 72 570 161 335 664 1495 461 0.9 44575 32.607 299 297
W4 5660 3674 7.2 610 184 350 715 1233 516 1.1 44889 3248 288 286
W5 2740 1780 7.2 262 117 186 414 532 233 1.2 44926 32498 141 141
W6 6550 4250 7.2 641 242 412 757 1488 557 0.1 44991 32.533 330 329
W7 49000 31458 7.1 4202 304 3194 7618 9345 5724 0.4 44991 32533 2415 2414
w8 10970 7111 7.1 1019 333 607 1425 2449 1070 1.2 4496 32.466 550 548
W9 30800 20100 7.1 3429 829 1619 3983 7970 1837 1.1 44973 32542 1581 1400
W10 21400 13780 7.1 1865 897 1198 2926 4996 2204 0.8 44596 32431 1096 1091
W11 12200 7900 7.1 1180 472 747 1566 2597 1143 0.8 4494 32487 614 611
W12 1907 1380 81 184 54 141 270 509 67 0.01 44707 32.562 105 105
W13 2480 1700 84 246 97 106 319 580 200 0.01 4452  32.646 128 128
W14 6510 4300 7.7 533 213 461 910 1500 411 5 44427 32578 332 328
W15 1749 1180 8.1 115 61 144 200 480 108 0.88 44979 32.534 94 93
W16 1984 1320 8 115 77 140 210 520 98 0.5 44951 32507 101 103
w17 1313 885 7.8 &7 47 11 138 379 73 0.6 44952 32514 65 65
W18 2120 1411 7.8 228 76 96 249 537 128 0.04 44944 32.531 110 109
W19 5310 3500 81 598 122 261 950 850 311 0.2 44466 32.623 261 269
W20 3030 2009 72 322 86 164 504 437 354 0.06 44.488 32.588 151 150
W21 1633 1120 8 115 38 100 180 320 95 0.1 44886 32577 78 84

W22 1459 986 8 93 53 128 145 379 119 2 44.541 32.546 78 81

W23 3300 2190 7.9 352 115 196 639 466 366 4 44464 32.621 170 170
W24 23800 15800 7.8 2300 645 1604 3901 5043 1100 145 44.708 32517 1210 1209
W25 10970 7800 7.7 1150 204 600 1617 1518 1196 0.2 44774 32.546 528 527
W26 2630 1885 8.1 277 61 150 312 585 208 1.4 44738 32.538 135 135
W27 25200 17890 7.7 4140 450 802 2841 7872 933 501 44571 32.657 1369 1367
W28 3920 2620 7.6 288 166 301 638 911 180 30 44617  32.63 208 121
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Table 3 gives the descriptive statistics of the analyzed physicochemical parameters. The mean
electrical conductivity turned out to be approximately 9591.96 uS/cm, which is higher than the
recommended value of 1500 uS/cm by the World Health Organization (WHO), indicating that
high levels of dissolved salts may be present. Otherwise, the mean TDS concentration (6336.29
mg/L) was higher than the allowable concentration (1000 mg/L), indicating that the water is
likely influenced by possible sources of pollution, such as agricultural spills or salty geological
structures (Chai, et al.,2020). The means of Na, Mg, Ca, Cl, SO,4, HCO3, and NO3 (977.357,
250.217, 554.835, 1341.107, 2148.66, 763.96, and 2.642 mg/L, respectively) were also found
to have an average that was far higher than the recommended international values, indicating
the possibility of geological effects or possible contamination of the groundwater sources
(Rashid et al.,2023). Conversely, the average pH was 7.59, and it is in the acceptable range as
per the international standard (8.5 maximum).

Table .3 Statistical characteristics of groundwater parameters compared to the limits of the
(WHO) (Edition,2017) (Zhu, 2024).
Parameter Unit Min Max Mean  WHO Standard

EC US/ecm 1313 49000 9591.964 1500
TDS mg/L 885 31458 6336.286 1000
pH / 7.12 835 7.591071 8.5
Na mg/L  87.4 4202 9773571 200
Mg mg/L 38 897  250.2179 150
Ca mg/L 112 3194 554.8357 200
Cl mg/L 1384 7618 1341.107 250
SO4 mg/L 320 9345 2148.661 250
HCOs mg/L  67.1 5724 763.9607 350
NOs mg/L  0.01 30 2.6425 50

Table 4 was tested using a Pearson correlation matrix to establish the intensity of the association
between the various indices. The results indicated that various parameters were correlated
strongly and positively, with the most notable correlation existing between the electrical
conductivity (EC) and the total dissolved solids (TDS), with a correlation coefficient of r =
0.999, which was a direct relationship between the two parameters (Ahmad et al.,2021). There
were also high correlations between EC and Cl (r = 0.989) as well as between Na and SO, (r =
0.988), which shows that these elements play an important role in the determination of the
salinity of water (Andrade Foronda and Colinet, 2023). Conversely, the findings demonstrated
that there was a high relationship between Ca and HCO 3 (r = 0.943), which could mean that
carbonate rocks contributed to the enrichment of the groundwater with these ions (Zhu, 2024).
Conversely, nitrate (NO3~) was found to have a low correlation with all the other parameters,
including its association with EC (r = 0.038), which means it could have its sources in

agricultural activity and not geochemical influences.
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Table .4 Pearson correlation matrix analysis for the physiochemical parameters

Parameters EC TDS pH Na Mg Ca Cl S04 HCO3 NO3

EC 1.00

TDS 1.00 1.00

pH -0.45 -0.44 1.00

Na 095 096 -039 1.00

Mg 0.70 0.70 -054 0.70 1.00

Ca 097 096 -045 086 0.64 1.00

Cl 099 098 -042 091 0.65 0.99 1.00

SO4 097 098 -043 099 0.75 090 093 1.00

HCO3 091 090 -047 0.78 049 094 093 0381 1.00
NO3 0.04 004 008 0.04 0.10 0.06 0.06 0.06 -0.08 1.00

The Groundwater Quality Index (GWQI) was computed by the weighted calculation method to

evaluate the quality of 28 of the samples. The GWQI values were categorized in accordance
with the standards by the World Health Organization (WHO) (2017), as described in Table 5.
into four distinct categories: 21% were classified within the good water category, 22% are in
the poor water class, 14% are in the very poor water, and 43% of the samples are considered
unsuitable water. The calculated groundwater quality index values ranged between 64.99 and
2415.3, reflecting a large variation in groundwater conditions throughout the study area as in

Fig 5.
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Fig .5. Distribution of GWQI in wells
Table .5. Classification of Groundwater Quality Based on GWQI (WHO, 2017)

GWQI Range Water Quality Class Suitability for Use
0-50 Excellent Suitable for drinking without any risk
51-100 Good Minor concern; suitable with minimal treatment
101 —200 Poor Not suitable for drinking without treatment
201 —-300 Very Poor Serious concern; only for agricultural use
> 300 Unsuitable for Drinking ~ Not recommended for any direct use

4.2.  Artificial intelligence models:

The neural model was trained using nftool in MATLAB environment, and the results showed
high accuracy in predicting the GWQI based on the input dataset, The measured water
specimens were divided into 70% for training, 10% for validation, and 10% for testing. as

shown in Table 6. The training data, showed a perfect coefficient of determination R? =1.0,
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indicating a perfect match between the actual and forecast values. The mean square error (MSE)
= 2.3, RMSE = 1.52, and MAE = 1.22, reflecting the model's very strong performance during
training.

Table .6 MLP performance through training and validation phases for WQI forecast

MLP Models MSE RMSE MAE R? Support
MLP training 23 1.52 1.22 ~1 20
MLP validation 7.698 2.775 2.22 0.999 4
MLP TEST 15.3 391 3.13 0.997 4

In the validation phase, the best performance was recorded in Epoch 5, with MSE = 7.6983,
RMSE =2.775, MAE = 1.2, and The value of the coefficient of determination (R?) of 0.99992.
These values indicate that model was able to generalize well to data not used in direct training,
without showing clear signs of overlearning. In the testing phase, the best performance was
recorded in Epoch 5, with MSE = 15.3, RMSE = 3.91, MAE = 3.13, and (R?) of 0.997. This
performance is a strong indicator of accurate results when applied to new data. Since R* =1 was
high in training, and R? was also high in validation and testing (e.g., 0.999 and 0.997), this is
an excellent indication that the model is learning well and that overlearning did not occur (Zhu,
2024). The model's accuracy was analyzed through several graphs. Fig.6 shows a line graph of
the variation in actual and predicted GWQI values across all wells, this figure demonstrates that
the model is able to accurately track general trends, including peaks and troughs in values.
Fig.7: A comparison between the actual and forecast values of the Water Quality Index
(GWQI), showing the error between the two values. The results showed good agreement in
most wells, with minimal differences between the actual and predicted values. Fig.8: The line
between the predicted and actual values is drawn as a scatterplot with a linear regression line in
it, which indicates the high consistency and reliability of the performance of the predictive
model. Lastly, Fig. 9 shows the working of the Multi-Layer Perceptron Network (MLP) model
at the training, validation, and testing stages with a series of evaluation indicators, namely,
MSE, RMSE, MAE, and R?, as well as the number of samples (Support) at each stage. It is
observed that the very high accuracy of the model was attained with the value of the coefficient
of determination R? in the training (approximately 1.0), validation (almost 1.0), and testing
(almost 1.0) phases, indicating that the model has a high power to explain the variance in the
data and make predictions with a very high level of accuracy. Despite a relative difference in
the MSE and MAE values between the phases, these values remain within acceptable limits,
especially considering that R? reflects a strong correlation between the predicted and actual
values. This indicates that the model has good generalization capabilities and is able to handle

unseen data.
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“The patterns predicted by the Multilayer Neural Network (MLP) model for the groundwater
quality index can be physically explained by the hydrogeological characteristics of the region.
The high levels of trisodium phosphate (TDS), hydrocarbons (EC), sodium (Na), chlorine (Cl),
calcium (Ca), magnesium (Mg), and sodium (SO,) in various locations are in agreement with

the natural dissolution of the evaporate minerals, especially gypsum and halite. These are the
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geological activities that cause an increment of the groundwater salinity (EI Yousfi et al.,2022).
Alterations in bicarbonate ion (HCO3) and pH are determined by carbonate and buffering
reactions, which are part of the characteristics of shallow groundwater due to the interaction of
soil and water. Intensive agricultural practices cause an increase in nitrate (NO3) levels, which
are explained by the application of fertilizers along with intensive irrigation, which causes a
leaching of nitrate into the shallow groundwater (Sanad et al.,2025).

The validity of the predictions of the MLP model can be explained by this physical description,
where the outputs of the model can be used to show that the hydrochemical processes that took

place in the aquifer are reflected in the model. Al-Mahawil.

5. CONCLUSION:

1- The variability in the quality of water necessitates the use of composite indexes to determine
the water quality in terms of the Groundwater Quality Index (GWQI) as developed by the World
Health Organization (WHO).

2- The model showed good performance on the training set with low MSE, RMSE, and MAE,
and a perfect coefficient of determination (R? = 0.0 ), which indicates the accuracy of learning
and prediction, which is done using the available data.

3- The model was also found to be highly accurate during the validation phase, with an R? =
0.999, which means that it has high generalization and prediction capabilities using previously
unknown data.

4- The test set showed that the model works well, and the coefficient of determination was very
high (R? = 0.999), which is a value that indicates that the model is accurate in prediction when
using a completely new set of data.

5- The network was not over trained, which implies that there was a balance between the

learning phase using data as inputs and the generalization to unknown data.

6. LIMITATION

The research is restricted by a rather small number of groundwater samples in the transformer
location, which raises questions about the accuracy and generalization of the GWQI model. The
sampling range should be increased in future research to increase the accuracy, reliability, and

statistical significance of the results of the model.
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