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Abstract
In recent decades, the simulation and modeling of water quality parameters have been useful for monitoring and assessment 
of the quality of water resources. Moreover, the use of multiple modeling techniques, rather than a standalone model, tends 
to provide more robust and reliable insights. In this present paper, several soft computing techniques were integrated and 
compared for the modeling of groundwater quality parameters (pH, electrical conductivity (EC), total dissolved solids 
(TDS), total hardness (TH), modified heavy metal index (MHMI), pollution load index (PLI), and synthetic pollution index 
(SPI)) in Ojoto area, SE Nigeria. Standard methods were employed in the physicochemical analysis of the groundwater 
resources. It was found that anthropogenic and non-anthropogenic activities influenced the concentrations of the water quality 
parameters. The PLI, MHMI, and SPI revealed that about 20–25% of the groundwater samples are unsuitable for drinking. 
Simple linear regression indicated that strong agreements exist between the results of the water quality indices. Principal 
component and Varimax-rotated factor analyses showed that Pb, Ni, and Zn influenced the judgment of the water quality 
indices most. Q-mode hierarchical and K-means clustering  algorithms grouped the water samples based on their pH, EC, 
TDS, TH, MHMI, PLI, and SPI values. Multiple linear regression (MLR) and artificial neural network (ANN) algorithms 
were used for the simulation and prediction of  the pH, EC, TDS, TH, PLI, MHMI, and SPI. The MLR performed better 
than the ANN model in predicting EC, TH, and TDS. Nevertheless, the ANN model predicted the pH better than the MLR 
model. Meanwhile, both MLR and ANN performed equally in the prediction of PLI, MHMI, and SPI.

Keywords Artificial neural network · Factor analysis · Groundwater quality modeling · K-means clustering · Multiple linear 
regression · Q-mode hierarchical modeling

Introduction

Water is a resource that living things cannot do without, 
just like air. Over 70% of the earth’s surface is covered with 
water; however, only a little portion of the earth’s water 
resources is easily accessible to humans. Surface water and 
groundwater are the primary sources of water for living 
things. The quality of water resources is a crucial influencer 
of environmental and human health and the total well-being 
of ecosystems. Also, the sustainable development of any 

nation substantially relies on the quality of groundwater 
supply. Groundwater quality is defined by its physical, 
chemical, and biological properties (Orouji et al. 2013; 
Egbueri 2018). In recent times, numerous studies from 
different regions of the world have revealed that groundwater 
resources are rapidly being exposed to several point and 
nonpoint pollution sources (Ghobadi et al. 2021; Alizamir 
et al. 2019; Alizamir and Sobhanardakani 2017a). Such 
scenario leads to the depreciation of groundwater quality 
and quantity, globally. Potentially toxic elements (PTEs) 
have been identified as a threat to good water quality and 
thus have attracted the interest of many environmental 
scientists (Papazotos 2021; Pourret et al. 2021; Pourret 
and Hursthouse 2019). PTEs have also been linked to the 
cause of some detrimental health challenges to living things 
(Sobhanardakani 2019; Sobhanardakani et al. 2018; Başyiğit 
and Tekin-Özan 2013; Sobhanardakani 2017; Rezaei Raja 
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et  al. 2016). Additionally, this suggests that there is a 
continuous increase in environmental degradation across 
many regions. Thus, it is important to continuously assess 
the quality of this essential resource.

Due to the fact that groundwater is a primary resource 
that largely supports the existence of mankind and other 
living things, its preservation for future generations 
(Selvaraj et  al. 2020) requires collaborative efforts of 
researchers, local inhabitants, policymakers, governments, 
and nongovernmental organizations. This would ensure that 
long-term environmental and socioeconomic sustainability 
is provided (El-Sayed et  al. 2017). The development of 
preservation strategies for water resources often starts 
with adequate monitoring and assessment of water quality 
in an area. There are several physicochemical indicators 
usually employed for the determination of groundwater 
quality. They include pH, electrical conductivity (EC), total 
dissolved solids (TDS), total hardness (TH), chemical ions 
(the cations and anions), and potentially toxic elements. 
The concentration of these parameters is analyzed in water 
since their excessive quantity could affect water quality and 
deteriorate the environment and anthropogenic norms (Bai 
et al. 2011; Saravanakumar and Kumar 2011; Barzegar et al. 
2017; Rupakheti et al. 2017; Kükrer and Mutlu 2019; Egbueri 
et al. 2021b, c; Gad et al. 2021). Interestingly, several water 
quality indices (such as pollution index of groundwater 
(PIG), modified heavy metal index (MHMI), water quality 
index (WQI), pollution load index (PLI), and synthetic 
pollution index (SPI)) have been utilized to summarily 
present and interpret water quality (Subba Rao 2012; Egbueri 
and Unigwe 2019; Solangi et al. 2019; Egbueri et al. 2020, 
2021a, b, c). It is fundamental to mention that water quality 
indices have been utilized across the globe to simulate 
analyzed physicochemical parameters and generate single 
whole numbers that are representatives of the actual water 
quality. Hence, these water quality indices are a function of 
the measured physicochemical quality variables considered in 
the evaluation (Roy et al. 2017). Moreover, the various water 
quality indices have their defined scales or classification 
schemes for clear interpretation of water quality (Tyagi et al. 
2013; Mohammadpour et al. 2016; Roy et al. 2017; Setshedi 
et al. 2021; Egbueri et al. 2021c).

Furthermore, statistical and machine learning techniques 
(such as correlation analysis, principal component 
analysis (PCA), factor analysis (FA), hierarchical cluster 
analysis (HCA), K-means clustering (KMC), multiple 
linear regression (MLR), and artificial neural networks 
(ANNs)) have also been globally used for simulating and 
predicting water quality parameters and the possible sources 
of pollution. Over time, these soft computing modeling 
techniques have been shown to be efficient and reliable 
means of simulating and predicting the spatial and temporal 
variations of water quality indicators. As a matter of fact, 

many environmental and water quality problems have been 
solved using these statistical and machine learning techniques 
(Goyal et al. 2015; Swathi and Lokeshappa 2015; Chatterjee 
et al. 2017; Hong et al. 2018; Roy and Majumder 2018a, 
b; Shamshirband et  al. 2019; Kargar et  al. 2020; Chen 
et al. 2020; Pham et al. 2020; Egbueri 2021; Senapati et al. 
2021; Alizamir and Sobhanardakani 2016). Furthermore, 
these data-driven intelligent computing techniques are 
considerably less expensive, less tedious, and time-saving 
more than the conventional water quality monitoring 
and assessment programs (Maier et al. 2004; Orouji et al. 
2013; Maroufpoor et al. 2020; Egbueri 2021). Often, water 
quality monitoring and assessment require large numbers 
of physicochemical parameters (Belkhiri et al. 2018), and 
that usually attract high financial costs and human labor. 
While the sampling size is influenced by funding, the choice 
of physicochemical parameters to be analyzed is usually 
influenced by both funding and research expert discretion. 
However, where large-scale water sampling and analysis 
are not feasible, due to high cost and inadequate facilities 
(especially in underdeveloped and developing countries), the 
soft computational algorithms become reliable alternatives 
for water quality monitoring, assessment, simulation, and 
prediction (Luo et al. 2003; Hameed et al. 2016; Mahmoudi 
et al. 2016; Yaseen et al. 2018; Najafzadeh and Ghaemi 2019; 
Maroufpoor et al. 2020; Egbueri 2021; Shah et al. 2021).

Numerous applications of statistical and machine learning 
predictive modeling of water quality parameters have been 
reported. For example, the prediction of total hardness of 
water resources reported by Roy and Majumder (2018a) 
could help managers in decision-making regarding the 
desired level of water hardness to maintain during industrial 
processing. Their research could also help the industrial 
managers in protecting industrial water heaters from scale 
formation and minimizing the risk of bridging process flow. 
Moreover, such predictions could also save the managers 
the cost of installing pricy hardness monitoring devices 
(Roy and Majumder 2018a). Furthermore, Pan et al. (2019) 
utilized integrated machine learning techniques in predicting 
the TDS and other parameters of a groundwater system in 
Canada. Excess TDS in water leads to esthetic problems 
(Sun et al. 2021). TDS in water often correlates well with 
water salinity, EC, and TH (Roy and Majumder 2018a, b). 
High salinity has been reported to pose negative effects 
on the use of water for drinking and irrigation purposes 
(Egbueri et al. 2021c). Machine learning prediction of TDS 
and salinity could assist policymakers and water managers 
in planning and management of water quality for drinking 
and irrigation purposes (Asadollahfardi et al. 2012; Pan et al. 
2019), especially in areas exposed to multiple pollutants 
(Sun et al. 2021). Several other studies have estimated and 
predicted some chemical species (including anions, cations, 
and potentially toxic metals) and water quality indices using 
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machine learning approaches (Kadam et al. 2019; Ozel et al. 
2020; Egbueri 2021; Alizamir et al. 2017; Alizamir and 
Sobhanardakani 2016, 2017b, 2018). Although statistical 
and machine learning approaches are known to be reliable, 
they also have some drawbacks: (1) they require expert 
knowledge, (2) they can be time-consuming, (3) they require 
careful handling, as inputting of a single wrong dataset could 
be costly, and lead to misinformation.

Unfortunately, in Nigeria, not many research works have 
been carried out to estimate and predict water quality using 
machine learning methods. Due to unplanned and poorly 
regulated socioeconomic activities, available water resources 
are exposed to contamination and pollution. Although this 
scenario seems to have led to a decline in water quality, there 
also seems to be inconsistent and unsystematic measure-
ments of the rate and extent of pollution. However, multi-
variate statistical tools, such as correlation analysis, PCA, 
FA, and HCA, have commonly been used across Nigeria for 
pollution source identification. Meanwhile, the use of MLR 
and ANN (or other advanced methods) has not gotten wide 
application across the country. Nevertheless, Egbueri (2021) 
recently estimated and predicted some anions (including 
 SO4,  NO3, and Cl) and potentially toxic elements (includ-
ing Zn, Fe, Cr, Ni, and Pb) in Ojoto region (southeastern 
Nigeria) using only ANNs. Although these predictions 
have been made in this region, more works are encouraged, 
as such predictive modeling studies are scarce in Nigeria. 
Importantly, there is a need to expand the prediction studies 
of water quality parameters in Nigeria using soft computing 
techniques.

Therefore, this paper targets to develop, integrate, 
and compare the efficacies of several machine learning 
models (algorithms) for predicting groundwater quality 
parameters (such as pH, EC, TDS, and TH) of Ojoto and 
its surroundings. Most previous studies in other parts of 
the world, which predicted these quality parameters, were 
conducted on surface waters, with lesser attention on 
groundwater. Additionally, water quality indices (namely, 
PLI, MHMI, and SPI) were simulated and predicted using 
machine learning algorithms too. Thus, in this paper, 
several physicochemical variables were used to predict 
the listed groundwater quality indicators. The specific 
research contributions of this paper are the following: (1) 
assessment of the physicochemical characteristics of the 
Ojoto groundwater using robust approach; (2) evaluation 
of the extent of pollution and drinking suitability of 
the groundwater resources using multiple numerical 
models (PLI, MHMI, and SPI); (3) categorization of 
the groundwater quality based on K-means partitional 
and Q-mode hierarchical clustering algorithms; (4) 
investigation of possible contamination sources and 
influencers using PCA and FA; (5) computation and 
prediction of the groundwater pH, EC, TDS, TH, PLI, 

MHMI, and SPI using MLR and ANN algorithms; and 
(6) comparative analysis of the performances of the 
soft computing models used herein. The use of multiple 
assessment and modeling approaches in this paper 
was to minimize the possible biases that arise from the 
use of a single, standalone model (Roy and Majumder 
2019; Egbueri et al. 2020). This paves way for a more 
comprehensive and realistic assessment and modeling of 
groundwater quality. To the best of the authors’ search 
and knowledge, this paper is the first attempt to predict 
these groundwater quality parameters in Nigeria using 
these machine learning methods. Moreover, it is the first 
to simulate and predict MHMI, PLI, and SPI globally. So, 
it is believed that this work would fill significant knowledge 
gaps in water research literature regarding soft computing 
simulations of the abovementioned parameters. Its findings 
could provide baseline information for future water quality 
simulation and prediction, locally and internationally, 
based on the studied parameters.

Materials and methods

Case study description

The study is conducted in a tropical region and is 
located within longitudes 06°50′E–07°00′E and latitudes 
06°00′N–06°05′N. The present study area includes Ojoto 
and its environs in the southeastern part of Nigeria (Fig. 1). 
The study area is a suburb where commercial, industrial, 
agricultural, and residential activities that require water 
resources thrive. As a matter of fact, due to the increasing 
socioeconomic activities going on in this area, the human 
population and demand for high-quality surface and ground-
water supplies by the inhabitants are also on the rise. Unfor-
tunately, the study area currently suffers high-volume waste 
generation per capita; unregulated waste disposal; irregu-
larities in commercial, agricultural, and industrial opera-
tions; and poor water resources planning and management 
strategies. These anthropogenic activities and shortcomings 
seem to heighten the environmental challenges that expose 
the available natural water resources to contamination and 
pollution threats (Egbueri et al. 2019). Due to the continual 
rise in human population in this area, the exploitation of the 
available water resources could lead to problems such as 
over-abstraction consequences and pollution effects (Avci 
et al. 2018; Chen et al. 2018).

Being predominantly characterized by tropical climate, 
the area experiences two main atmospheric seasons, annu-
ally—the rainy season and the dry season. While the former 
is noticed to span for a longer timeframe (April–Novem-
ber), the latter usually lasts for a shorter timeframe (Decem-
ber–March). The annual rainfall (precipitation) in this region 

38348 Environmental Science and Pollution Research  (2022) 29:38346–38373



1 3

has been estimated to be around 1500–2000 mm, whereas 
the average temperature is about 32 °C (Nwajide 2013). 
Ojoto and its environs are mostly drained by the Idemili 
River, which has a number of tributaries and distributaries. 
In turn, the Idemili River empties into the large Niger River, 
located some few kilometers westward of the study area. In 
other words, the Idemili River is a tributary of the Niger 
River. The surface water bodies in the area are believed to 
be ready aquifer recharge systems. However, the hygiene of 
the streams and rivers seems to be poor due to anthropogenic 
impacts, and these could, in turn, be influencing the quality 
of the water environment.

With undulating and uneven topographical configuration, 
the area is known to be geologically underlain by mostly 
sandstones, with few deposits of mudrocks, lignite, lime-
stones, ironstones, and siltstones (Nwajide 2013; Egbueri 
et al. 2019). The main lithostratigraphic units underlying the 
study area are the Nanka Sands (Eocene) and Ogwashi For-
mation (Oligocene–Miocene) (Fig. 1). However, the Nanka 
Formation underlies most parts of the study area (Fig. 1). 
The compressive movements of the Campanian–Eocene that 
resulted in the formation of the Abakaliki Anticlinorium are 
believed to be responsible for the formation of depositional 
spaces for the retrograde deposition of the present Nanka 
Formation (Nwachukwu 1972; Nwajide 2013). Towards the 

end of the Eocene’s tectonic activity, the Ogwashi Forma-
tion was deposited. Thus, based on chronology, the Ogwashi 
Formation is younger and overlies the Nanka Formation.

While the Nanka Sand is lithologically composed of 
mostly friable fine-coarse sands, sandy shales, shales, clay-
stones, and bands of ironstones and limestones, the Ogwashi 
Formation is lithologically composed of mostly medium-
coarse sands, light-colored mudrocks, and lignite seams 
(Reyment 1965; Kogbe 1976; Arua 1986; Nwajide 2013). 
Some hydrogeological and hydrogeophysical investigations 
conducted by previous researchers provided details of the 
aquifer characteristics of the Nanka and Ogwashi formations 
(Nfor et al. 2007; Okoro et al. 2010a, b; Akpoborie et al. 
2011). Generally, their studies revealed that both geologic 
formations have prolific aquifer systems at varying depths. 
However, more investigations are encouraged to provide 
updated information on the climatic and aquifer character-
istics of the study area.

Groundwater sampling and physicochemical testing

Random sampling was employed for the collection of a 
total of 20 test groundwater samples across the case study 
locality. Both boreholes (n = 17) and hand-dug wells (n = 
3) were sampled. The distribution of the sample stations 

Fig. 1  Map of the study area showing the location and the geologic formations

38349Environmental Science and Pollution Research  (2022) 29:38346–38373



1 3

is also shown in Fig. 1. The samples were collected from 
the boreholes after few minutes of pumping. Water sam-
ples were collected using 1-L polyethylene containers pre-
washed with diluted HCl. Ice-chested coolers were also 
used to preserve the samples prior to laboratory analyses. 
After collection, each water sample was acidified using 1 
ml of concentrated  HNO3 to prevent cationic precipitation. 
Moreover, the samples were also filtered prior to analysis 
using cellulose acetate filter (size = 0.45 μm milli pore). 
The groundwater samples were analyzed for several phys-
icochemical variables, including pH, total dissolved solids 
(TDS), electrical conductivity (EC), total suspended solids 
(TSS), total hardness (TH); bicarbonate  (HCO3

−), nitrate 
 (NO3

−), chloride  (Cl−), sulfate  (SO4
2−), potassium  (K+), 

sodium  (Na+), magnesium  (Mg2+), calcium  (Ca2+), lead 
(Pb), nickel (Ni), chromium (Cr), iron (Fe), and zinc (Zn). 
While the pH, TDS, EC, and TSS were measured in situ, 
the TH,  HCO3

−,  NO3
−,  Cl−,  SO4

2−,  K+,  Na+,  Mg2+,  Ca2+, 
Pb, Ni, Cr, Fe, and Zn were measured in the laboratory. 
Details of the procedures and equipment used for the phys-
icochemical analyses are presented in Table 1. These phys-
icochemical tests were conducted following the procedures 
and guidelines recommended by the American Public Health 
Association (APHA 2005). The ion balance was estimated 
to validate the efficiency of the physiochemical test results 
(Eq. 1). An ion balance of less than 5% was obtained; this 
shows that the results of the analysis are reliable.

Indexical methods for groundwater pollution 
and quality assessment

Pollution load index

The PLI model was utilized in this study to determine the 
extent of toxic metal pollution in the groundwater samples. 
Prior to the computation of the PLI, the contamination fac-
tor (CF) of the PTEs was calculated using Eq. 2 (Håkanson 

(1)Ion balance error =

∑
cations −

∑
anions∑

cations +
∑

anions
× 100

1980). The PTEs considered in this paper are Zn, Fe, Ni, Pb, 
and Cr. The PLI was then calculated using Eq. 3 (Tomlinson 
et al. 1980).

where Cn equals the measured PTE concentration in the 
groundwater, BV equals the background value, n represents 
the number of analyzed PTEs, and CF is the contamination 
factor of the PTEs. The BV in this paper corresponds to the 
SON (2015) standard limits of the elements.

Modified heavy metal index

To further analyze the extent of pollution in the groundwater 
resources, the MHMI model was also computed. In the MHMI 
calculations, weights are assigned to the PTEs on a scale of 
1–5 (Egbueri et al. 2020). Temporary weights and relative 
weights assigned to the groundwater quality parameters are 
shown in Table 2. The temporary weights were assigned based 
on the significance of the parameters in water quality assess-
ment and their potential impact on human health whereas the 
relative weights of the parameters were calculated using Eq. 4 
(Egbueri et al. 2020). The final MHMI scores of the ground-
water samples were obtained using Eq. 5.

(2)CF =
Cn

BV

(3)PLI =
n
√
CF × CF × CF ×…CFn

(4)Rw =
wi∑n

i=1
wi

(5)MHMI =

n∑
i=1

[
Rw ×

Mi

Si

]

Table 1  Procedures and 
equipment for physicochemical 
analysis

Parameter Procedure/method Point of analysis

pH, EC, TDS, and TSS Testr-2, conductivity/TDS/meter; HM Digital COM-100 In situ (on site)
SO4

2− and  NO3 Spectrophotometry technique Laboratory
Cl− AgNO3 titration Laboratory
K+ and  Na+ Flame photometer (model: Systronics Flame Photometer 128) Laboratory
HCO3

− Water titration using  H2SO4 Laboratory
Mg2+ and  Ca2+ Volumetric technique (0.05 N EDTA and 0.01 N) Laboratory
Fe, Zn, Ni, Cr, and Pb Atomic absorption spectrophotometric method (model: Bulk 

Scientific 210 VGP)
Laboratory

Table 2  Weightage of parameters for the calculation of MHMI

Parameter Fe Zn Ni Cr Pb

Temporary weight (wi) 4 2 5 5 5
Relative weight (Rw) 0.1905 0.0952 0.2381 0.2381 0.2381
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where Rw represents the relative weight of each parameter, 
wi represents the temporary weight assigned to each qual-
ity parameter, n represents the total number of parameters 
considered in the MHMI computation, Mi represents the 
metal concentration in the water sample, and Si represents 
the WHO (2017) standard limit for each PTE (Egbueri et al. 
2020). The Rw of all the parameters usually sums up to 1 
or ≈ 1.

Synthetic pollution index

The drinking suitability of the groundwater resources was 
assessed using the SPI model. The SPI model is more elabo-
rate than the PLI and MHMI models, in the sense that all 
the analyzed water quality parameters were considered 
in the SPI computation. Equations 6–8 were used for the 
calculation of the SPI (Solangi et al. 2019; Egbueri and 
Unigwe 2019; Egbueri et al. 2021a). As can be seen, the 
SPI model does not require weight assignment to the ana-
lyzed parameters.

where n represents the number of measured water quality 
parameters, Vn represents the concentrations of each param-
eter in the groundwater sample, Vs represents the WHO 
(2017) standard limit of each parameter, Wi represents the 
weight coefficient of the parameter, and K represents the 
proportionality constant.

Linear regression of indexical models

Simple linear regression is often used to show interrelation-
ships between parameters of interest. Results of the MHMI, 
PLI, and SPI models were subjected to linear regression 
analysis to determine the agreements, relationships, and 
consistencies between them in identifying and classifying 
the level of pollution in the groundwater samples. The linear 
regression analysis was performed using Microsoft Excel (v. 
2016). Three regression models were produced: (i) SPI vs 
MHMI, (ii) PLI vs MHMI, and (iii) SPI vs PLI.

(6)
K =

1

⎛
⎜⎜⎝

n∑
i = 1

1

Vs

⎞⎟⎟⎠

(7)Wi =
K

Vs

(8)SPI =

n∑
i

Vn

Vs
×Wi

Soft computing methods for groundwater quality 
classification

Q-mode hierarchical clustering

In this paper, the groundwater quality was first clustered 
using Q-mode hierarchical clustering algorithm. This allows 
for spatial understanding and classification of the groundwa-
ter quality association between the analyzed samples. The 
hierarchical clustering in this study was performed using 
the Ward (1963) linkage method, which has been justified 
by previous researchers to provide a more effective cluster-
ing (Yidana 2010; Egbueri 2020, 2021; Ozel et al. 2020; 
Egbueri et al. 2020). The clusters were normalized using 
Z-score standardization algorithm to minimize bias. The 
similarities and dissimilarities of the water samples were 
determined based on squared Euclidean distances. Seven 
dendrograms were produced to classify the water quality 
based on the pH, EC, TDS, TH, MHMI, PLI, and SPI. The 
dendrograms for MHMI, PLI, and SPI could also provide 
useful information for confirming the relationships and con-
sistencies between the three indexical models in classifying 
the groundwater quality. On the other hand, the dendrograms 
for pH, EC, TDS, and TH could provide insights regarding 
the influence of these physical parameters on the quality of 
the groundwater system.

K-means partitional clustering

The K-means partitional clustering algorithm was also 
utilized in this paper to test the assumptions and the find-
ings of the Q-mode agglomerative hierarchical clustering 
algorithm. Several water quality assessment projects have 
utilized K-means clustering for the identification and clas-
sification of quality peculiarities of water samples (Zubaidah 
et al. 2018; Zou et al. 2015). Similarities and dissimilarities 
of the clusters were determined based on Euclidean dis-
tances. Although the K-means clustering seems to be sim-
pler than the hierarchical clustering, the latter seems to be 
more widely employed by researchers than the former. In 
this study, the relationships between both clustering algo-
rithms were also determined. Similar to the hierarchical 
clustering of the groundwater samples, seven cluster groups 
were also generated for the K-means. Accordingly, samples 
were clustered based on the pH, EC, TDS, TH, MHMI, 
PLI, and SPI. Both the K-means clustering and the Q-mode 
hierarchical clustering were performed using IBM SPSS (v. 
22). Both algorithms and their results would provide useful 
information that would greatly enhance local planning and 
decision-making regarding groundwater quality monitoring 
and assessment and pollution mitigation programs in the 
area of study.
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Soft computing methods for groundwater 
contamination source apportionment

Principal component analysis and Varimax-rotated factor 
analysis

Datasets, such as groundwater quality dataset, are often 
complex and multidimensional in nature. Hence, it is 
often difficult to directly interpret such datasets. However, 
the use of dimensionality reduction machine learning 
techniques has often proven useful for clearer analysis and 
interpretation of water quality. Both unrotated principal 
component analysis and Varimax-rotated factor analysis 
were used for the dimension reduction and interpretation 
of the groundwater quality datasets. Both were carried out 
in IBM SPSS (v. 22). It is pertinent to mention that the 
scores obtained from these analyses are, similar to simple 
correlation analysis, classified into three categories. While 
component loadings < 0.50 are considered to be weak and 
insignificant, those in the range of 0.50 <  loadings < 0.75 
are said to be moderate and significant. However, strong 
(high) loadings are found in ranges > 0.75. Traditionally, 
the strong loadings are said to be very significant and 
explain more details about a given dataset.

Soft computing methods for groundwater quality 
modeling

Multiple linear regression modeling

More advanced than simple linear regression, multiple 
linear regression is a data-driven algorithm for the 
prediction of the linear relationships between input 
(independent or predictor) variables and the output 
(dependent, target, outcome, or predicted) variable(s). The 
MLR is an algorithm that adopts the simple least-squares 
rule in its judgment. This predictive modeling approach 
has been used in predicting water quality parameters and 
indices in different parts of the world (Chen and Liu 2015; 
Kadam et al. 2019; Gaya et al. 2020). Mathematically, MLR 
is simply expressed as shown in Eq. 9:

where y = predicted target, 𝑏0 = regression constant, 𝑏𝑖 = 
regression coefficient of the 𝑖th predictor, and 𝑥𝑖 = value of 
the 𝑖th predictor, whereas ε = residual or error for individual 
i.

The MLR was applied in the present study to simulate 
and predict pH, EC, TDS, TH, MHMI, PLI, and SPI. For the 
predictions of pH, EC, TDS, and TH, the predicted is consid-
ered as the output parameter and all other physicochemical 
variables used as input. Alternatively stated, seventeen input 

(9)y = b
0
+ b

1
x
2
+ b

2
x
2
+⋯ + bixi + �

variables were utilized for the predictions of pH, EC, TDS, 
and TH. On the other hand, the predictions of MHMI, PLI, 
and SPI utilized all the eighteen physicochemical parameters 
analyzed on the groundwater samples as input variables.

The IBM SPSS (v. 22) was also used for the MLR mod-
eling. The performances of the MLR models were evaluated 
using four different statistical methods, including multiple 
correlation coefficient (R), standard error of estimate (SEE), 
coefficient of determination (R2), and adjusted R2. The inte-
gration of the multiple statistical methods for validating the 
accuracies of the models seems to better guarantee the reli-
ability of such models, as a single measure of validity might 
lead to bias.

Artificial neural network modeling

Unlike the MLR that only considers the multiple linear-
ity between predictor and the predicted variables, ANN is 
a more advanced soft computing simulation approach for 
predicting linear, nonlinear, and complex relationships. 
Since the relationships between water quality parameters 
are usually complex, it is important to also include ANN 
in the present modeling study. Similar thought has been 
expressed by Senapati et al. (2021). Interestingly, numerous 
water researchers have adopted ANN modeling as a reli-
able approach to water quality prediction, even though there 
are newer and more advanced soft computing approaches 
that are now usable for the same course. It is sufficed to say 
that the reliability of ANN modeling in predictive study of 
water quality parameters could be one of the main reasons 
it is still adopted, regardless of newer prediction algorithms. 
According to Chen and Liu (2015), ANN modeling is usu-
ally adopted in water quality prediction due to the fact that 
there are several challenges and difficulties often associated 
with the computation of water quality indices and the simu-
lation of the conditions that influence water quality based 
on hydrodynamics.

In this paper, scaled conjugate gradient (SCG) optimiza-
tion algorithm was utilized in developing seven ANNs that 
predicted the seven variables of interest—pH, EC, TDS, 
TH, MHMI, PLI, and SPI. Thus, seven SCG-ANNs are the 
models also utilized, alongside the seven MLR models, to 
simulate and predict these water quality parameters. Similar 
to the MLR, seventeen input parameters were used for the 
predictions of the pH, EC, TDS, and TH, whereas eight-
een input variables were utilized for the predictions of the 
MHMI, PLI, and SPI. The ANN modeling methodology for 
the present paper is summarized in Table 3. All the ANN 
models were produced in IBM SPSS (v. 22). The perfor-
mances and accuracies of the ANN models were evaluated 
in SPSS using different statistical methods such as R2, rela-
tive error (RE), sum of square errors (SOSE), and residual 
error plots (REPs).
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Results and discussion

Overview of groundwater physicochemical 
properties and quality

Summary of the physicochemical testing is presented in 
Table 4. It has been reported that most chemical reactions in 
both surface and groundwater systems are greatly influenced 
by the water pH (Idriss et al. 2020). Thus, pH is regarded as 
an important water quality parameter. The pH values, which 
were found to range between 4.0 and 6.4, revealed that the 
water resources are mostly acidic in nature. The pH range 
that has been stipulated by WHO (2017) and SON (2015) 
as acceptable benchmark is 6.5–8.5. Also, pH values in the 
range of 6.22 to 7.43 have been noted to be the best fit for 
the existence and survival of aquatic life (Garg et al. 2010). 
The measured pH scores indicate that the majority of the 
groundwater resources are unsuitable for man’s consump-
tion, aquatic life, and food production.

The acidic nature of the analyzed groundwater could be 
corrosive to metallic domestic, irrigational, and industrial 
wares (Egbueri et al. 2021a, c) and could also affect human 
skin and eyes negatively (Li et al. 2017). A scenario whereby 
acidic water deteriorates metallic wares and influences 
public health could amount to socioeconomic losses. The 
groundwater acidity could be attributed to acidic rain and 
other geochemical processes or reactions. Also, the release 

of nitrogen oxides and sulphur gases by fossil fuel burning 
could trigger precipitation of acid rain (Egbueri et al. 2021c). 
The weathering and leaching of minerals rich in sulphur and 
chloride and subsequent oxidation/hydrogenation into water 
could heighten its acidity.

Total dissolved solids (TDS) and electrical conductiv-
ity (EC) are also essential physicochemical properties of 
water (Weber-Scannell and Duffy 2007). The TDS and EC 
of water are part of the key indicators used for estimating the 
level of water quality deterioration. Thus, variations in the 
level of water TDS and EC seem to provide useful insights 
on the extent and possible predominant sources of water 
contamination and pollution. Water resources with elevated 
TDS and EC values have a higher chance of possessing con-
taminants and pollutants. Since they can be used as reliable 
indicators, they can be used for managing pollution in water 
environment (Shah et al. 2021; Sun et al. 2021). Moreover, 
both can be used to infer the salinity of water. In this study, 
TDS ranged from 8.00 to 76.00, whereas EC was found to 
range between 8.00 and 102.00 mg/L (Table 4). These values 
were found to be within their standard permissible limits 
of 600–1000 mg/L and 1000 μS/cm, respectively (WHO 
2017; SON 2015). Thus, with respect to the TDS and EC, 
it is anticipated that all the water samples have low level of 
contaminants.

Water samples with higher TDS values could have 
esthetic problems with respect to staining, taste, and scaling 

Table 3  ANN modeling requirements and instructions for the current predictive study

Model parameter Instruction/activity report

Input variables The predictor variables are pH, EC, TDS, TSS, TH, Na, K, Ca, Mg, 
Cl,  SO4,  HCO3,  NO3, Fe, Zn, Ni, Cr, and Pb. All these were used 
as input for the predictions of MHMI, PLI, and SPI. However, for 
the predictions of pH, EC, TDS, and TH, the predicted is made the 
dependent variable and all others used as predictors.

Output variable The predicted parameters are pH, EC, TDS, TH, MHMI, PLI, and SPI.
Input layer activation function Hyperbolic tangent
ANN type Multilayer perceptron (MLP)
Rescaling of covariates Normalized
Partitioning of dataset Randomly assigned cases based on relative number of cases:

pH: Training (75%), testing (25%), and validity of cases (100%)
EC: Training (80%), testing (20%), and validity of cases (100%)
TDS: Training (90%), testing (10%), and validity of cases (100%)
TH: Training (80%), testing (20%), and validity of cases (100%)
MHMI: Training (80%), testing (20%), and validity of cases (100%)
PLI: Training (75%), testing (25%), and validity of cases (100%)
SPI: Training (70%), testing (30%), and validity of cases (100%)

Number of hidden layers One (1)
Hidden layer activation function Hyperbolic tangent
Number of units Automatically computed
Rescaling of scale dependent variables Adjusted normalized (correction = 0.02)
Type of training Batch
Optimization algorithm Scaled conjugate gradient (SCG)
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or precipitation (Sibanda et al. 2014; Sun et al. 2021). On 
the other hand, water with high EC could cause certain 
undesired reactions in the human body. Both the TDS and 
EC are greatly influenced by the TDS (inorganic salts and 
organic matter) present in the water (McNeil and Cox 2000; 
Subramani et al. 2005; Miranda and Krishnakumar 2015; 
Wagh et al. 2020; Sun et al. 2021; Shah et al. 2021). The 
dissolved minerals which primarily account for TDS may be 
related to the release of salts from surface soil and aquifer 
materials and some human-induced activities (Mukate et al. 
2019). The electronic conductivity of the water may be related 
to evaporation processes in the phreatic zone, extensive rock-
water interactions, and man-made contamination exercises 
(Wagh et al. 2020). Furthermore, it is suspected that the low 
TDS and EC observed in this study could be due to dilution 
by rain infiltrating through the aquifer system.

The groundwater samples were also tested for total 
suspended solids (TSS) and total hardness (TH). The 
TSS has no WHO (2017) and SON (2015) guidelines. 
However, the TSS values obtained in this study were 
seen to be generally low (Table 4). On the other hand, the 
TH values ranged from 6 to 52 mg/L (Table 4), which is 
below the 150-mg/L threshold value (SON 2015). TH has 
been recognized as a crucial parameter for assessing the 
suitability of water resources for domestic and industrial 
uses (Lower 2007). Water quality may be classified into 
four categories on the basis of TH as follows: soft water 
(TH < 60 mg/L), moderately hard water (TH range of 
60–120 mg/L), hard water (TH range of 120–180 mg/L), 
and very hard water (TH > 180 mg/L) (McGowan 2000; 
Sawyer and McCarthy 1967). Based on this classification, 
all the groundwater samples are adjudged to be soft. This 
implies that they would readily allow the formation of 
lather; thus, would not cause wastage of soap in domestic 
laundry and other sanitary activities.

Salt deposition due to rock-water interaction might 
be responsible for elevated TH values in water (Kadam 
et al. 2021). TH concentration above the standard limit 
could cause health hazards (Kožíšek 2003) such as 
eczema (Arnedo-Pena et al. 2007; Miyake et al. 2004; 
McNally et al. 1998) and cardiovascular issues (Marque 
et al. 2003; Rubenowitz et al. 1999; Pocock et al. 1981). 
Moreover, scale formation on water boilers and clogging 
of water distribution pipes are some of the problems 
posed by hard water in homes and industries (Lower 
2007; Roy and Majumder 2018a; Egbueri et al. 2021a, 
c). However, for the present study, the low TH values 
could be attributed to low concentrations of Ca and Mg 
salts (WHO 2011).

The cations analyzed in the groundwater samples are 
 Na+,  K+,  Ca2+, and  Mg2+, whereas the anions include  Cl−, 
 SO4

2−,  HCO3
−, and  NO3

−. Their results are also presented 
in Table 4. Overall, all the chemical ions were noticed to be 

mostly within their permissible limits of 200 mg/L  (Na+), 
12 mg/L  (K+), 75 mg/L  (Ca2+), 0.20–50 mg/L  (Mg2+), 250 
mg/L  (Cl−), 100–250 mg/L  (SO4

−), 250 mg/L  (HCO3
−), and 

50 mg/L  (NO3
−) (SON 2015; WHO 2017). This implies that 

the cations and anions mostly occurred at contamination lev-
els, not polluted levels. Low concentration of  Na+ might be 
due to the absence of confirmed rock salt deposits in the 
area (Egbueri et al. 2021a). Dissolved potassium seems to 
be low due to its high resistance in minerals, especially in 
clay structures (Srinivas et al. 2017). Due to this fact, studies 
have suggested that  K+ in surface water or groundwater is 
normally found in few parts per million to about 0.1 ppm in 
rainwater (Matthess 1982).

Majority of the groundwater sample exceeded the per-
missible limits of  Mg2+ in water; thus, they are adjudged to 
be polluted with  Mg2+. This suggests that the people who 
consume the water resources are exposed to health risks due 
to the ingestion of excess Mg. Excessive concentration of 
 Mg2+ in water could be a result of irrigation return flow 
and dissolution of evaporites and ferromagnesian minerals 
(Haritash et al. 2008; Egbueri et al. 2020). Moreover, car-
bonate species present in an area might also have obvious 
influence on the  Mg2+ content of water. However, the pres-
ence of carbonates is mostly favored by alkaline conditions 
of water, unlike the acidic nature observed in the study area. 
The acidic nature of the waters could be one of the reasons 
for the low  HCO3

− measured in the samples.
Dissolved chlorides and  SO4

2− seem to be the most pre-
dominant anions measured in the groundwater samples, as 
their concentrations were generally seen to be higher than 
those of the  HCO3

− and  NO3
− (Table 4). Human-induced 

activities such as the use of fertilizer in farms and deter-
gents in homes could influence the concentrations of  SO4 in 
water (Kadam et al. 2021). However, chloride in water could 
be influenced by anthropogenic exercises such as improper 
waste disposal in dumpsites, sewage, and agrarian flows 
(Egbueri 2018; Mukate et al. 2017; Kumar et al. 2008). Both 
 SO4

2− and  Cl− can also be influenced by geogenic processes 
such as rock weathering, mineral dissolution, and decom-
position of sulfide and carbon-based substances (Egbueri 
2019a, b; Kadam et al. 2021).

Inorganic nitrogen in soil is very essential for the 
growth and development of plants and crops (Pisciotta 
et al. 2015). From the soil, nitrate can be added to water. 
In recent times, nitrate pollution of water systems has 
attracted the attention of many researchers on a global 
scale (Rahman et al. 2021). In this paper,  NO3 ranged from 
0.00 to 18.48 mg/L in the groundwater system (Table 4). 
Nitrate, when occurring excessively in water, could lead 
to several health hazards (including methemoglobinemia 
in children and stomach cancer in adults) over a long 
time of ingestion. Agricultural return flows (Vetrimuru-
gan et al. 2013) as well as population explosion, rapid 
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industrialization and rapid urbanization, human and ani-
mal wastes, improper sewage systems, and excessive use of 
fertilizers (Egbueri 2019a, b; Pisciotta et al. 2015; Egbueri 
et al. 2020; Idriss et al. 2020; Kadam et al. 2021; Rahman 
et al. 2021) are examples of the commonest human exer-
cises that contribute to nitrate water pollution.

Potentially toxic elements (PTEs) were also analyzed in 
the groundwater resources. Their results are presented in 
Table 4. These are elements which often have higher toxicity 
than the chemical ions, even in little concentrations. They 
are nonbiodegradable and could be more persistent in differ-
ent environmental compartments (Ukah et al. 2020). Thus, 
they have the potential to bioaccumulate in human systems. 
It is important to mention that they can naturally occur in the 
water environment. However, elevated values of PTEs are 
highly toxic to human beings and their concentrations could 
be greatly influenced by anthropogenically induced activi-
ties. Fe, Zn, Ni, Cr, and Pb were found to range from 0.00 
to 2.40 mg/L, 0.00 to 0.40 mg/L, 0.00 to 0.34 mg/L, 0.00 to 
0.015 mg/L, and 0.00 to 2.00 mg/L, respectively. Based on 
their concentration levels, their decreasing order is Fe > Pb 
> Zn > Ni > Cr.

Amongst the analyzed metals, Fe and Zn are required 
in the human system for some biochemical functions. 
Similarly, Cr has been recognized as an essential nutrient for 
insulin action (Proshad et al. 2021). Hence, these elements 
can be considered essential elements. Nevertheless, there is 
a broad range of health issues associated with cumulative 
consumption of water resources polluted with PTEs. 
Several ailments, such as gangrene, cancer, peripheral 
vascular disease, fatal cardiac arrest, hyperkeratosis, liver 
disease, nausea and vomiting, restrictive lung diseases, 
hypertension, kidney failure, abdominal pain, headache, 
gliomas, nerve damage, loose stools, and fatal organ failure, 
are attributed to the ingestion of high concentration of 
PTEs into the human system (Alsubih et al. 2021; Enyigwe 
et al. 2021; Proshad et al. 2021; Ukah et al. 2020). Studies 
have also shown that there is an increment in the rate of 
dissolution and absorption of toxic metals in humans when 
the system is acidic (Egbueri et al. 2021c). Since the water 
resources are mostly acidic in nature, the bioaccumulation 
and bioavailability of these metals in humans would be 
enhanced.

Not only are the PTEs injurious to humans, they can also 
affect plants and aquatic life. For instance, Proshad et al. 
(2021) reported that Pb in excess of 0.5 μg/L can inhibit 
enzymatic functions required for photosynthesis in algae. 
This portends danger for the use of the water for agricultural 
purpose. Likewise, fishes, which are more affected by Pb 
than algae, can develop gill diseases due to high content of 
Pb in water (Proshad et al. 2021). This, therefore, portends 
danger for the use of the Pb-contaminated groundwater in 
fishponds and fisheries.

Indexical methods for groundwater pollution 
and quality assessment

Pollution load index

The extent of PTEs loading on the groundwater system was 
first examined using PLI. The obtained PLI results are pre-
sented in Table 5. Prior to the PLI final computation, the 
contamination factor of each of the metals was computed 
and the result is also shown in Table 5. With respect to con-
tamination factor (CF), pollution level can be classified into 
four categories: low contamination is indicated by CF < 1, 
moderate contamination is represented by CF range of 1 ≤ 
CF < 3, considerable level of contamination is signified by 
CF range of 3 ≤ CF < 6, and very high contamination level is 
indicated by CF > 6 (Håkanson 1980; Egbueri et al. 2021c). 
Based on the CF results shown in Table 5, it was learnt that 
all the samples had low contamination with respect to Zn 
and Cr. Although majority of the samples also showed low 
contaminations of Fe, Ni, and Pb, some recorded moderate 
to very high levels of contamination. Furthermore, the final 
PLI values were seen to range between 0.000 and 1.4491 
(Table 5). The PLI classifies water quality into four groups: 
no pollution is signified by PLI < 1, moderate pollution level 
is indicated by 1 < PLI < 2, heavy pollution level is signi-
fied by 2 < PLI < 3, and PLI ≥ 3 represents extreme heavy 
pollution (Tomlinson et al. 1980; Egbueri et al. 2021c). With 
respect to this classification scheme, 90% of the total sam-
ples were identified as having no pollution, whereas 10% had 
moderate pollution. The samples with moderate pollution 
are adjudged to have been exposed to more contaminants, 
linked to anthropogenic genesis, which elevated the concen-
trations of the PTEs more than in the other samples.

Modified heavy metal index

The computed MHMI results are shown in Table 5. MHMI 
classifies water quality into five categories: excellent water 
quality is represented by MHMI < 50, good water quality is 
indicated by 50 ≤ MHMI < 100, poor water quality is signi-
fied by 100 ≤ MHMI < 200, 200 ≤ MHMI < 300 indicates 
very poor water quality, and MHMI ≥ 300 marks unsuit-
able water quality for human consumption (Egbueri et al. 
2020). In the present study, it was realized that the MHMI 
results of the analyzed water samples ranged between 0.0026 
and 48.3924 (Table 5). Overall, this result suggests that all 
the groundwater samples are suitable for human consump-
tion. Nevertheless, it was also observed that the majority 
(about 80%) of the samples had MHMI < 2. But samples 
1, 14, 19, and 20 had higher MHMI scores in the range of 
35.0229–48.3924. Based on the MHMI values of the water 
samples mentioned above (Table 5) and the concentration 
of PTEs in them (Table 4), it was noticed that these four 
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samples had the highest Pb pollution. They were also identi-
fied to have the highest PLI scores amongst the water sam-
ples. Although the MHMI has classed them as suitable, prior 
treatment before human consumption is advised. This rec-
ommendation is based on the WHO (2017) and SON (2015) 
acceptable limits for Pb in water.

Synthetic pollution index

The SPI model is more elaborate and comprehensive as 
it considered all the analyzed parameters. Thus, it gives 
a clearer picture of the drinking water quality. The com-
puted SPI for the water samples is given in Table 6, and 
their results ranged between 0.001 and 144.805. The indi-
vidual contributions of the water quality parameters to the 
final SPI scores of the water samples are also presented in 
Table 6. The SPI classifies drinking water quality into five 
different categories: excellent and suitable drinking water 
(SPI < 0.2); slightly polluted drinking water (SPI 0.2–0.5); 
moderately polluted drinking water (SPI 0.5–1.0); highly 
polluted drinking water (SPI 1.0 and 3.0); and extremely 
polluted and unsuitable drinking water source (SPI > 3.0) 
(Solangi et al. 2019; Egbueri and Unigwe 2019). The present 
study reveals that 50% of the total samples are excellent 
and suitable drinking waters, whereas the other water sam-
ples fall into the following classification: slightly polluted 
(10%), moderately polluted (10%), highly polluted (5%), or 
extremely polluted (25%) drinking water resources. There-
fore, the SPI results confirmed that 50% of the groundwater 
samples are of excellent quality and suitable for drinking, 
domestic, industrial, and irrigation purposes. However, the 
other 50% are confirmed to have questionable quality. Thus, 
they would require adequate treatment before human con-
sumption, as they may constitute health risks to the people 
who drink from the sources.

Linear regression of indexical models

Graphical and statistical methods are usually useful for clear 
representation of complex datasets and in the recognition of 
patterns. Thus, in this paper, the interrelationships between 
indexical methods of water quality assessment were estab-
lished in this paper using simple trend graph, linear regres-
sion models, and parity plots. This was considered neces-
sary as the different index methods have varied scores and 
meanings. Prior to the linear regression modeling, simple 
line graph (shown in Fig. 2a) was used to depict the trend of 
the indexical models. Figure 2a portrays that MHMI results 
agreed best with the results of PLI and SPI. Alternatively 
stated, the groundwater samples that were identified to have 
elevated pollution were observed to have similar trend as 
per the MHMI and SPI model. Furthermore, the simple 
regression models shown in Fig. 2b–d seem to confirm the 

pollution trend/pattern shown in Fig. 2a. It was observed that 
the strength of agreement between MHMI and SPI (R2 = 
0.9996; Fig. 2b) was stronger than that between MHMI and 
PLI (R2 = 0.7415; Fig. 2c) and PLI and SPI (R2 = 0.7346; 
Fig. 2d).

It is recalled that while the MHMI model required 
weights to be assigned to the water quality parameters by 
the assessors, the SPI model did not require weightage 
assignment by the assessors. Traditionally, the assignment 
of weights to water quality parameters is usually based 
on the assessors’ discretion regarding the possible 
significance and health impacts of the considered 
variables. Unfortunately, it has been reported by several 
authors that weightage assignment by water quality 
assessors often introduces some levels of bias in water 
quality assessment (Li et  al. 2010; Amiri et  al. 2014; 
Egbueri et al. 2020; Ukah et al. 2020). However, the very 
strong agreement between the MHMI and SPI models 
suggests that the weights assigned to the parameters 
in the present MHMI analysis seem to be the best fits 
and typical representatives of the actual water quality 
scenario. Although the PLI did not also require weight 
assignment to the water quality variables, its judgments 
seem to be less correlative to those of the MHMI and SPI. 
In this study, combining indexical, statistical (artificial 
intelligence), and human intelligence interestingly seems 
to have provided more robust and reliable assessment.

Soft computing methods for groundwater quality 
classification

Q-mode hierarchical clustering

The grouping of the groundwater samples based on their 
quality was first performed with the hierarchical cluster 
method. Dendrograms produced for this analysis are pre-
sented in Fig. 3. Figure 3a represents the water quality clas-
sification based on pH. Three main clusters were identified. 
The first cluster is composed of samples 13, 1, 10, and 7; the 
second cluster has samples 18, 8, 17, and 11 as members; 
the third cluster is made up of groundwater samples 9, 14, 
12, 20, 15, 4, 16, 2, 5, 3, 19, and 6 (Fig. 3a). Based on the 
pH scores presented in Table 4, the second cluster represents 
the water samples with the highest acidity, as their pH values 
ranged from 4.000 to 4.400. Following a similar trend, the 
third cluster also has acidic water samples with pH range 
of 4.600–5.400. However, the first cluster represents water 
sample class with their pH values (5.800–6.400) tending 
towards alkalinity. The order in which corrosion and associ-
ated health risks of the acidic waters are anticipated is clus-
ter 2 > cluster 3 > cluster 1. Thus, cluster 2 contains samples 
with high-risk exposure due to acidic pH, and cluster 1 has 
samples with the lower risk exposure.

38358 Environmental Science and Pollution Research  (2022) 29:38346–38373



1 3

Ta
bl

e 
6 

 S
yn

th
et

ic
 p

ol
lu

tio
n 

in
de

x 
(S

PI
) o

f t
he

 g
ro

un
dw

at
er

 sa
m

pl
es

Sa
m

-
pl

e 
no

.

So
ur

ce
SP

I (
pH

)
SP

I (
EC

)
SP

I (
TD

S)
SP

I (
TH

)
SP

I (
N

a)
SP

I (
K

)
SP

I (
C

a)
SP

I (
M

g)
SP

I (
C

l)
SP

I (
SO

4)
SP

I 
(H

CO
3)

SP
I 

(N
O

3)
SP

I (
Fe

)
SP

I (
Zn

)
SP

I (
N

i)
SP

I (
C

r)
SP

I (
Pb

)
Fi

na
l 

SP
I

1
B

H
0.

00
08

56
7

0.
00

00
00

1
0.

00
00

00
7

0.
00

00
07

2
0.

00
00

02
7

0.
00

02
51

3
0.

00
00

02
6

0.
00

00
00

6
0.

00
00

00
4

0.
00

00
08

1
0.

00
00

00
2

0.
00

00
02

6
0.

03
21

64
0

0.
00

00
90

5
0.

02
95

38
6

0.
00

28
94

8
14

4.
73

96
00

0
14

4.
80

5

2
B

H
0.

00
06

79
5

0.
00

00
00

2
0.

00
00

00
3

0.
00

00
09

4
0.

00
00

02
3

0.
00

02
01

0
0.

00
00

05
1

0.
00

00
00

9
0.

00
00

00
7

0.
00

00
01

2
0.

00
00

00
0

0.
00

00
00

0
0.

03
21

64
0

0.
00

00
13

6
0.

00
00

00
0

0.
00

00
00

0
1.

51
97

65
8

1.
55

3

3
H

W
0.

00
07

09
0

0.
00

00
00

1
0.

00
00

00
3

0.
00

00
11

5
0.

00
00

03
1

0.
00

04
02

0
0.

00
00

10
2

0.
00

00
01

7
0.

00
00

01
4

0.
00

00
13

3
0.

00
00

00
4

0.
00

00
00

1
0.

03
21

64
0

0.
00

00
49

7
0.

00
00

00
0

0.
00

00
00

0
0.

00
00

00
0

0.
03

3

4
B

H
0.

00
06

94
3

0.
00

00
00

5
0.

00
00

01
2

0.
00

00
32

4
0.

00
00

01
8

0.
00

01
50

8
0.

00
00

25
6

0.
00

00
02

0
0.

00
00

00
7

0.
00

00
05

6
0.

00
00

00
0

0.
00

00
00

1
0.

04
02

05
0

0.
00

01
44

7
0.

00
00

00
0

0.
04

34
22

0
0.

00
00

00
0

0.
08

5

5
B

H
0.

00
07

09
0

0.
00

00
00

2
0.

00
00

00
6

0.
00

00
11

5
0.

00
00

01
4

0.
00

03
51

8
0.

00
00

10
2

0.
00

00
01

5
0.

00
00

00
4

0.
00

00
01

5
0.

00
00

00
0

0.
00

00
05

5
0.

01
60

82
0

0.
00

00
18

1
0.

00
00

00
0

0.
00

00
00

0
0.

86
84

37
6

0.
88

6

6
B

H
0.

00
07

09
0

0.
00

00
00

1
0.

00
00

00
2

0.
00

00
13

0
0.

00
00

01
8

0.
00

02
01

0
0.

00
00

03
8

0.
00

00
01

7
0.

00
00

03
8

0.
00

00
02

8
0.

00
00

00
0

0.
00

00
00

1
0.

02
41

23
0

0.
00

00
00

0
0.

00
00

00
0

0.
00

00
00

0
0.

00
00

00
0

0.
02

5

7
B

H
0.

00
08

71
5

0.
00

00
00

7
0.

00
00

01
5

0.
00

00
37

4
0.

00
00

04
9

0.
00

03
51

8
0.

00
00

32
0

0.
00

00
46

4
0.

00
00

03
6

0.
00

00
07

8
0.

00
00

00
4

0.
00

00
00

0
0.

00
80

41
0

0.
00

00
45

2
0.

00
00

00
0

0.
00

00
00

0
0.

00
00

00
0

0.
00

9

8
B

H
0.

00
06

35
2

0.
00

00
00

1
0.

00
00

00
2

0.
00

00
05

8
0.

00
00

02
7

0.
00

01
50

8
0.

00
00

07
7

0.
00

00
01

2
0.

00
00

02
2

0.
00

00
00

9
0.

00
00

00
4

0.
00

00
00

6
0.

00
80

41
0

0.
00

00
27

1
0.

00
00

00
0

0.
00

00
00

0
4.

41
45

57
8

4.
42

3

9
H

W
0.

00
07

53
3

0.
00

00
00

1
0.

00
00

00
3

0.
00

00
05

8
0.

00
00

02
7

0.
00

00
00

0
0.

00
00

05
1

0.
00

00
00

6
0.

00
00

00
5

0.
00

00
04

6
0.

00
00

00
4

0.
00

00
00

0
0.

19
29

84
0

0.
00

00
00

0
0.

00
00

00
0

0.
00

00
00

0
0.

00
00

00
0

0.
19

4

10
B

H
0.

00
08

86
3

0.
00

00
00

3
0.

00
00

00
4

0.
00

00
17

3
0.

00
00

02
9

0.
00

02
01

0
0.

00
00

14
1

0.
00

00
01

7
0.

00
00

00
9

0.
00

00
02

9
0.

00
00

00
2

0.
00

00
00

9
0.

03
21

64
0

0.
00

00
04

5
0.

17
72

31
4

0.
00

00
00

0
0.

07
23

69
8

0.
28

3

11
B

H
0.

00
05

90
9

0.
00

00
00

4
0.

00
00

00
6

0.
00

00
23

8
0.

00
00

02
7

0.
00

06
03

0
0.

00
00

12
8

0.
00

00
00

0
0.

00
00

00
5

0.
00

00
03

8
0.

00
00

00
0

0.
00

00
53

6
0.

03
21

64
0

0.
00

00
00

0
0.

00
00

00
0

0.
00

00
00

0
0.

00
00

00
0

0.
03

3

12
B

H
0.

00
07

38
6

0.
00

00
00

1
0.

00
00

00
2

0.
00

00
04

3
0.

00
00

03
1

0.
00

00
00

0
0.

00
00

02
6

0.
00

00
01

5
0.

00
00

00
5

0.
00

00
02

1
0.

00
00

00
0

0.
00

00
24

4
0.

02
41

23
0

0.
00

00
00

0
0.

00
00

00
0

0.
00

00
00

0
0.

00
00

00
0

0.
02

5

13
B

H
0.

00
09

45
4

0.
00

00
00

3
0.

00
00

00
7

0.
00

00
23

0
0.

00
00

02
2

0.
00

02
51

3
0.

00
00

10
2

0.
00

00
01

7
0.

00
00

00
7

0.
00

00
03

0
0.

00
00

00
3

0.
00

00
00

2
0.

03
21

64
0

0.
00

00
04

5
0.

17
72

31
4

0.
00

00
00

0
0.

07
23

69
8

0.
28

3

14
B

H
0.

00
07

23
8

0.
00

00
00

2
0.

00
00

00
2

0.
00

00
05

8
0.

00
00

06
8

0.
00

04
52

3
0.

00
00

05
1

0.
00

00
01

2
0.

00
00

05
9

0.
00

00
08

4
0.

00
00

00
6

0.
00

00
12

2
0.

00
80

41
0

0.
00

01
80

9
0.

50
21

55
7

0.
01

15
79

2
14

3.
29

22
04

0
14

3.
81

5

15
B

H
0.

00
07

82
9

0.
00

00
00

2
0.

00
00

00
4

0.
00

00
08

6
0.

00
00

02
2

0.
00

04
02

0
0.

00
00

03
8

0.
00

00
00

9
0.

00
00

04
5

0.
00

00
00

9
0.

00
00

00
0

0.
00

00
04

9
0.

02
41

23
0

0.
00

00
54

3
0.

00
00

00
0

0.
00

00
00

0
0.

00
00

00
0

0.
02

5

16
B

H
0.

00
06

79
5

0.
00

00
00

1
0.

00
00

00
6

0.
00

00
10

1
0.

00
00

02
5

0.
00

01
50

8
0.

00
00

03
8

0.
00

00
00

9
0.

00
00

04
1

0.
00

00
02

9
0.

00
00

00
1

0.
00

00
00

1
0.

01
60

82
0

0.
00

00
00

0
0.

00
00

00
0

0.
00

00
00

0
0.

00
00

00
0

0.
01

7

17
H

W
0.

00
06

05
6

0.
00

00
00

1
0.

00
00

00
2

0.
00

00
11

5
0.

00
00

03
6

0.
00

04
02

0
0.

00
00

09
0

0.
00

00
00

9
0.

00
00

01
6

0.
00

00
15

1
0.

00
00

00
1

0.
00

00
00

1
0.

00
00

00
0

0.
00

00
49

7
0.

00
00

00
0

0.
00

00
00

0
0.

00
00

00
0

0.
00

1

18
B

H
0.

00
06

49
9

0.
00

00
00

1
0.

00
00

00
2

0.
00

00
05

8
0.

00
00

02
0

0.
00

01
50

8
0.

00
00

06
4

0.
00

00
00

0
0.

00
00

01
8

0.
00

00
07

4
0.

00
00

00
0

0.
00

00
05

2
0.

03
21

64
0

0.
00

00
00

0
0.

00
00

00
0

0.
00

00
00

0
0.

79
60

67
8

0.
82

9

19
B

H
0.

00
07

09
0

0.
00

00
00

1
0.

00
00

00
2

0.
00

00
07

2
0.

00
00

02
2

0.
00

05
52

8
0.

00
00

09
0

0.
00

00
02

9
0.

00
00

03
8

0.
00

00
01

7
0.

00
00

00
0

0.
00

00
41

8
0.

01
60

82
0

0.
00

01
53

8
0.

33
96

93
6

0.
03

47
37

6
10

3.
48

88
14

0
10

3.
88

1

20
B

H
0.

00
07

97
7

0.
00

00
00

1
0.

00
00

00
5

0.
00

00
07

2
0.

00
00

02
5

0.
00

04
02

0
0.

00
00

02
6

0.
00

00
00

9
0.

00
00

00
5

0.
00

00
08

1
0.

00
00

00
2

0.
00

00
03

6
0.

02
41

23
0

0.
00

00
90

5
0.

02
95

38
6

0.
00

28
94

8
14

4.
73

96
00

0
14

4.
79

7

38359Environmental Science and Pollution Research  (2022) 29:38346–38373



1 3

Fig. 2  Graphical comparison of the agreement between MHMI, PLI, and SPI (a), MHMI and SPI (b), MHMI and PLI (c), and PLI and SPI (d)

Fig. 3  Q-mode hierarchical clustering of water quality based on pH (a), EC (b), TDS (c), TH (d), MHMI (e), PLI (f), and SPI (g)
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The groupings of the water samples on the basis of EC 
and TDS are presented in Fig. 3 b and c, respectively. In 
Fig. 3b, water samples 4 and 7 formed the first cluster, 
whereas the second cluster is constituted by water samples 
11, 13, 10, 14, 15, 6, 2, 16, 20, 9, 18, 19, 12, 17, 6, 1, 8, 
and 3. While cluster 1 has the samples with the highest EC 
values (ranging between 73 and 102 μS/cm), cluster 2 has 
samples with the lowest EC scores (< 73 μS/cm) (Fig. 3b; 
Table 4). The negative effects of water EC would be much 
pronounced around the water sites that formed the first clus-
ter than around those in cluster 2. However, the TDS dendro-
gram has three main clusters. Cluster 1 of this dendrogram 
also has samples 4 and 7 as members (Fig. 3c). However, 
cluster 2 is constituted by water samples 5, 1, 13, 16, and 
11, while the cluster 3 has samples 10, 20, 16, 3, 9, 2, 14, 
8, 12, 18, 6, 19, and 17 (Fig. 3c). It was observed that the 
TDS decreased from cluster 1 to cluster 3. While cluster 1 
has a TDS range of 62–76 mg/L, cluster 2 has a TDS range 
of 28–35 mg/L, and Cluster 3 has TDS < 28 mg/L (Fig. 3c; 
Table 4). Accordingly, the risk of TDS in water would more 
likely decrease from cluster 1 to cluster 3.

Composed of two main water quality clusters, the dendro-
gram that classified the groundwater samples on the basis 
of TH is shown in Fig. 3d. While cluster 1 has five water 
samples as members (10, 13, 11, 4, and 7), cluster 2 has 
fifteen water samples (6, 3, 17, 5, 15, 16, 2, 12, 9, 8, 18, 14, 
1, 20, and 19) (Fig. 3d). The first cluster represents water 
sites that have the higher TH concentrations (in the range 
of 24–52 mg/L) amongst the samples. On the other hand, 
the second cluster represents water sites with lower TH val-
ues < 24 mg/L (Fig. 3d; Table 4). Scale formation in water 
distribution networks, which is often linked to TH, would 
be more anticipated in the water sites that formed cluster 
1. In other words, cluster 2 would pose little or no scaling 
(encrustation) risk to well-screen, domestic, and industrial 
pipes and wares. This order seems to hold true for the use 
of the waters for laundry. Ease of lather formation would be 
higher in cluster 2 than in cluster 1.

The results of the computed pollution and water qual-
ity indices were also utilized in classifying the samples. 
The dendrograms for the MHMI, PLI, and SPI are shown 
in Fig. 3 e, f, and g, respectively. Generally, all of the den-
drograms have two main clusters each. In Fig. 3e, cluster 1 
is represented by five samples (19, 14, 20, and 1), whereas 
the cluster 2 is represented by fifteen water samples (9, 8, 
17, 16, 7, 15, 12, 6, 11, 3, 18, 5, 4, 2, 13, and 10). For the 
PLI, four water samples (19, 14, 20, and 1) were identified 
as the members of the first cluster while the remaining six-
teen groundwater samples (3, 5, 4, 7, 6, 9, 8, 11, 10, 13, 12, 
16, 15, 2, 18, and 17) formed the second cluster (Fig. 3f). 
Meanwhile, Fig. 3g showed that four water samples (19, 14, 
20, and 1) represent cluster 1 on the basis of SPI, whereas 

cluster 2 is represented by sixteen groundwater samples (8, 
2, 18, 5, 9, 13, 10, 4, 17, 16, 7, 15, 12, 6, 11, and 3).

With respect to the hierarchical classifications of the 
groundwater quality based on the MHMI, PLI, and SPI 
(Fig. 3e–g), a high-level agreement was noticed between 
the produced dendrograms. Generally, the dendrograms sug-
gest that the first clusters of MHMI, PLI, and SPI classifica-
tions are typical representatives of the water samples which 
were highly influenced by PTEs and anthropogenic inputs. 
As can be recalled, samples 19, 14, 20, 1, and 5 were ini-
tially identified to have higher MHMI, PLI, and SPI values 
than other samples. On the other hand, their second clusters 
represent those samples with lesser contamination, as their 
index results were observed to be much lower than those of 
the first clusters (Fig. 3e–g; Tables 5 and 6). The results of 
the dendrograms appear to be consistent with the findings 
of the linear regression models.

K-means partitional clustering

The summarized result of the KMC analysis is shown in 
Table 7, and the bar and area charts of the extracted clusters 
are provided in Fig. 4. The bar and area charts were used 
to show the predominance of the various cluster families. 
Generally, it was observed that the number of clusters gotten 
from the KMC analysis for some of the groundwater quality 
parameters varied from those obtained from the Q-mode 
hierarchical dendrograms. According to the water quality 
classification on the basis of pH, five clusters were obtained 
(Table 7), unlike the hierarchical clustering that presented 
three clusters. With respect to Table 7, it was noticed that 
clusters 1 and 5 were the cluster 1 of the hierarchical den-
drogram shown in Fig. 3a; cluster 2 of the KMC is the same 
as cluster 2 of the hierarchical dendrogram (Fig. 3a); and 
clusters 3 and 4 of the KMC were the components of cluster 
3 in the pH hierarchical dendrogram (Fig. 3a).

The KMC classifications of the water quality based 
on EC and TDS seem to follow the same trend as those 
reported from the hierarchical clustering. For the EC shown 
in Table 7, two main clusters were identified. While cluster 
1 represents cluster 2 of the hierarchical dendrogram, cluster 
2 represents cluster 1 of the dendrogram (compare Table 7 
and Fig. 3b). On the other hand, the KMC for TDS has two 
clusters (Table 7) contrary to the three generated in hierar-
chical dendrogram (Fig. 3c). Nevertheless, cluster 1 from 
the KMC represents cluster 1 of the dendrogram, whereas 
clusters 2 and 3 of the dendrogram merged to form cluster 2 
of the KMC. Table 7 presents the KMC for TH. It was real-
ized that cluster 1 formed in the KMC represents cluster 2 of 
the counterpart hierarchical dendrogram shown in Fig. 3d. 
However, clusters 2 and 3 of the KMC typically represent 
cluster 1 of the hierarchical dendrogram (Table 7; Fig. 3d).
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Furthermore, the KMC groupings for the MHMI, PLI, and 
SPI seem to be consistent with the respective Q-mode hier-
archical dendrograms. However, the KMC for PLI (Table 7) 
showed three main clusters. Clusters 1 and 3 formed cluster 
1 of the counterpart hierarchical dendrogram, while cluster 2 
typically represents cluster 2 of the same dendrogram (Table 7; 
Fig. 3f). The KMC for the MHMI and SPI showed two main 
clusters each in Tables 7, respectively. These clusters are 
the same as those formed in their hierarchical dendrograms 
(Fig. 3e and g), respectively. It is pertinent to mention that 
the implications mentioned earlier for these clusters still hold 
true accordingly.

Soft computing methods for groundwater 
contamination source apportionment

Principal component analysis

The groundwater quality datasets were also transformed and 
reduced for the assessment and prediction of the possible 
influencers of the water quality using principal components 
(PCs) and factor loadings. Results of the non-rotated PCA 
are presented in Table 8. The scree plot for the selection 
of PCs and factor loadings is shown in Fig. 5. Seven PCs 
explained about 89.942% of the information regarding the 

Fig. 4  Bar and area charts showing the shape of distribution and final cluster centers of K-means clustering of water quality: pH (a, b), EC (c, 
d), TDS (e, f), TH (g, h), MHMI (i, j), PLI (k, l), and SPI (m, n)
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datasets. Their eigenvalues and percentages of variance were 
also documented (Table 8). It is realized that Na, K, Zn, Ni, 
Pb, PLI, MHMI, and SPI have significant loadings in PC 1. 
This indicates that these parameters could have closer asso-
ciations amongst themselves. Dissolved Na and K could be 
attributed to geogenic processes such as the weathering of 
orthoclase minerals (Egbueri 2019a, b); Zn, Ni, and Pb are 
attributed to anthropogenic inputs. Ni in water environment 
has been attributed to mining, fuel combustion, and sewage 
sludge (Obasi and Akudinobi 2020). Mineral mining, fossil 
fuel combustion, traffic emissions, agriculture, and industrial 
manufacturing are some of the human activities that could 
release Pb in the water environment (Hanfi et al. 2020). 
Meanwhile, the strong correlation between PLI, MHMI, 
and SPI, as earlier suggested by the simple linear regres-
sion modeling and the cluster techniques, could be why they 
appeared alongside each other in the same PC. Moreover, 
in PC 1, Zn, Ni, and Pb had a higher positive loading value 
compared to  Na+ and  K+. It is understood that they possibly 
influenced the scores of the MHMI, PLI, and SPI, far more 
than the other water quality parameters.

In PC 2, significant loadings were observed on the EC, 
TDS, TH, Ca, and Mg. These parameters seem to influence 
the occurrences of one another. For instance, TDS measures 
the concentrations of solids and ions present in water. The 
divalent Ca and Mg concentrations in water also influence 
the TDS. The TDS, in turn, influences the EC and TH of 
water. The Ca and Mg present in the water resources may be 
linked to geogenic processes, such as silicate rock weather-
ing (Kadam et al. 2021). They could also be attributed to 
the weathering of carbonate minerals (Egbueri et al. 2021a). 
Furthermore, PC 3 was noticed to have obvious loadings on 
pH,  NO3, and Cr (Table 8). While the pH was seen to have 
positive loading, the  NO3 and Cr were seen to have negative 
loadings. The variation in the signs could be indicating dif-
ferences in their possible sources and influencers. The pH 
could be attributed to acid rain and geochemical processes 
(Ukah et al. 2020). However,  NO3 and Cr seem to be mostly 
influenced by anthropogenic exercises. Again, the pH pos-
sibly has little or no impact/control on the enrichment of 
 NO3 and Cr in the groundwater resources. Similarly,  NO3 
and Cr seem to have no impact on the acidity of the water 
resources. Moreover, several reports have shown that  NO3 
and Cr in water are influenced by agricultural activities and, 
therefore, it validates the similarity in the loadings of both 
elements (Papazotos et al. 2019; Vasileiou et al. 2019; Papa-
zotos et al. 2020).

As the eigenvalues decreased with an increasing number 
of PCs, PC 4, PC 5, PC 6, and PC 7 were seen to have high 
loadings on Cl,  SO4,  SO4, and Fe, respectively (Table 8). 
Only one parameter was represented in each of the four 
PCs. This suggests that these parameters have little or 
no relationships with the other variables. This further 

implies that their sources/origins are different. Although 
geogenic processes (such as mineral-rock weathering) could 
be responsible for the occurrences of Cl and  SO4 in the 
groundwater system, they seem to have some peculiarities 
in the kind of minerals they originated from. Cl could 
be attributed to the dissolution of chlorite minerals in 
mudrocks, whereas  SO4 may be from the weathering of 
minerals like pyrite and oxidation of sulfide in soil (Egbueri 
et al. 2019). Fe in water could have both geogenic and 
human-induced origins. Due to the ease with which Fe 
reacts with sulphur compounds and oxygen, it is rare to 
find elemental Fe in free state. Thus, Fe is usually found 
in combined states in the form of oxides, hydroxides, 
sulphides, and/or carbonates, with the oxides being the most 
common in nature (Elinder et al. 1986; Knepper 1981). The 
weathering of ferruginized mineral-rock deposits, such as 
ironstones and siltstones, is one of the primary geogenic 
sources of Fe in water. Also, Fe leachate from corroding 
water pipes could influence Fe concentration in water. On 
the other hand, indiscriminate disposal of metallic wastes 
in dumpsites and wastewater flows from septic tanks could 
influence the release of Fe into groundwater system (Bader 
1973; Barzegar et al. 2019; Meyer 1973; Ballentine 1972).

Varimax-rotated factor analysis

The Varimax-rotated factors extracted in this study for the 
association and source identification of the water quality 
parameters are presented in Table 8. Similar to the PCA, 
89.942% of the information regarding the water quality data 
was explained by seven factor classes. The results of the 
FA seem to provide clearer insights into the associations 
between the water quality parameters. Factor 1 has high 
loadings on Zn, Ni, Pb, PLI, MHMI, and SPI (Table 8). 
This observation seems to validate that Zn, Ni, and Pb could 
have the same anthropogenic origin and that they impacted 
the scores of the PLI, MHMI, and SPI, more than other 
water quality variables. Moreover, the association existing 
between EC, TDS, TH, Ca, and Mg, which was initially 
captured by the PCA, was also reported in Factor 2. This 
appears to be confirmatory to the relationships existing 
between these parameters. Factor 3, which explained about 
12.131% of the total variance, was seen to have loadings 
on TSS, Cl, Zn, and Ni (Table 8). This association suggests 
that, although Zn and Ni had been linked to anthropogenic 
sources, they could also have similar geogenic origin as Cl 
and TSS.

Factor 4 has high loadings on Na and Cr, while Factor 5 
has significant loadings on pH, K, and  NO3 (Table 8). Na in 
Factor 4 has positive loading, whereas Cr has negative load-
ing. This indicates that both might have different influencers. 
Na has been attributed to geogenic origin, while Cr concen-
tration could more likely be influenced by human-induced 
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activities. Many industrial activities such as electroplating, 
tanning, dyeing, painting, wood/paper processing, and bat-
teries are known to release Cr into the environment. How-
ever, for both to occur in the same factor class could fur-
ther be suggesting that Cr might also have some geogenic 
origins (such as chromite deposits and the weathering of 
mafic minerals in mudrocks) that contributed to its presence 
in the groundwater system. Nevertheless, literature has not 
indicated that there are chromite deposits in the study area. 
In Factor 5, it is thought that the association between K and 
 NO3 in water could be attributed to the use of NPK fertiliz-
ers and other nutrients from anthropogenic sources (Egbueri 
2019a, b; Rahman et al. 2021). While K and  NO3 had posi-
tive loading in this factor class, pH has negative loading. 
This could imply that the pH has no obvious control on the 
release of K and  NO3 in the groundwater. Finally, Factor 6 
has loading on only  SO4, whereas Factor 7 has loading on 
only Fe. These loadings are seen to be consistent with the 
reports of the PC 6 and PC 7, respectively.

Soft computing methods for groundwater quality 
modeling

Multiple linear regression modeling

The statistical metrices of the performance of the MLR mod-
eling of the water quality parameters are given in Table 9. 
The parity plots of the models are presented in Fig. 6. The 
results showed that the MLR models generally performed 
excellently well in predicting all the variables. However, 
variation in performances was also noticed. Although high 
R, R2, and adjusted R2 values were obtained in all, the SEE 
varied (Table 9). However, with respect to the R2 valuation, 
the performances of the models are in the order of MHMI = 
PLI =S PI > EC > TH > PH > TDS (MHMI = 1.000, PLI 
= 1.000, SPI = 1.000, EC = 0.996, TH = 0.992, Ph = 0.958, 
TDS = 0.946). Moreover, the overall results of the MLR 
modeling suggest that this modeling technique is suitable 
for the soft computation and prediction of the considered 
variables.

Artificial neural network modeling

The soft computation and prediction of the seven 
parameters were also carried out using the SCG-ANN 
technique. The performance metrices of the SCG-ANN 
models produced in this study are presented in Table 9. 
The parity plots of the models are presented in Fig. 7, 
whereas the residual error plots are shown in Fig. 8. It 
was also realized that the SCG-ANN models performed 
excellently well. Very low modeling errors were observed 
in the SCG-ANN models. Based on the R2, the order 
of performance for the SCG-ANN models seems to be 
MHMI > PLI > EC > pH > SPI > TH > TDS (Table 9). 
Nevertheless, just like the MLR models, the SCG-ANN 
models have proven to be efficient and economical tools 
for the computation and prediction of the analyzed 
groundwater quality parameters.

Fig. 5  Scree plot showing the selected components based on eigen-
value ≥ 1

Table 9  Performance summary of the MLR and SCG-ANN models

Predicted 
parameter

a. MLR modeling b. SCG-ANN modeling

Multiple cor-
relation coefficient 
(R)

Coefficient of 
determination 
(R2)

Adjusted R2 Standard error of 
estimates (SEE)

R2 Sum of square 
errors (SOSE)

Relative 
error (RE)

Residual error plot

pH 0.979 0.958 0.598 0.4088 0.966 0.031 0.077 Fig. 8a
EC 0.998 0.996 0.957 4.8803 0.974 0.012 0.086 Fig. 8b
TDS 0.973 0.946 0.491 12.7611 0.914 1.5978E−05 0.006 Fig. 8c
TH 0.996 0.992 0.928 3.4750 0.950 0.004 0.182 Fig. 8d
MHMI 1.000 1.000 1.000 0.0000021 0.994 0.005 0.013 Fig. 8e
PLI 1.000 1.000 0.999 0.0137088 0.981 0.005 0.073 Fig. 8f
SPI 1.000 1.000 1.000 0.0000025 0.957 0.002 0.004 Fig. 8g
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Sensitivity analysis was also carried out to determine 
the impacts of the input variables in the prediction of the 
groundwater quality parameters. The results of the analysis 
are summarized in Fig. 9. In this study, only input variables 
with sensitivity score (normalized importance) above 50% 
were considered very important in the SCG-ANN modeling 
of the various water quality parameters. The sensitivity 

analysis produced for pH, EC, TDS, and TH showed that 
ten, two, three, and three input variables, respectively, sig-
nificantly impacted their SCG-ANN models, respectively 
(Fig. 9a–d). For the PLI model, Pb, Ni, Cr, and Mg contrib-
uted more to its SCG-ANN performance (Fig. 9f). However, 
for the MHMI and SPI SCG-ANN predictions, only Pb was 
noticed to be the most important predictor (Fig. 9e and g).

Fig. 6  Parity plots and R2 values for the MLR prediction of pH (a), EC (b), TDS (c), TH (d), MHMI (e), PLI (f), and SPI (g)

Fig. 7  Parity plots and R2 values for the SCG-ANN prediction of pH (a), EC (b), TDS (c), TH (d), MHMI (e), PLI (f), and SPI (g)
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Comparison of accuracies of MLR and SCG-ANN models

It is important to have accurate models that could 
predict the parameters of interest, in order to save cost of 
monitoring and assessment of the groundwater quality. In 
this study, both MLR and ANN techniques have proven 
to be reliable tools for the computation and prediction of 
pH, EC, TDS, TH, MHMI, PLI, and SPI. Although both 
techniques have performed very well, it is also considered 

necessary to determine the one that outperformed the 
other. With respect to the R2 ratings obtained in both MLR 
and ANN modeling of the groundwater parameters, the 
SCG-ANN and the MLR models performed equally in the 
prediction of the water quality indices (MHMI, SPI, and 
PLI). However, the MLR performed better than the SCG-
ANN model in predicting EC, TH, and TDS. Nevertheless, 
the ANN model predicted the pH better than the MLR 
model.

Fig. 8  Parity and residual error plots for the SCG-ANN prediction of pH (a), EC (b), TDS (c), TH (d), MHMI (e), PLI (f), and SPI (g)

Fig. 9  Bar charts showing the sensitivities of input variables on the SCG-ANN prediction of pH (a), EC (b), TDS (c), TH (d), MHMI (e), PLI 
(f), and SPI (g)
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Conclusions

This paper has assessed the potentials of several soft 
computing techniques in the assessment, computation, 
and prediction of several groundwater quality parameters, 
including pH, EC, TDS, TH, MHMI, PLI, and SPI, in 
southeastern Nigeria. The results of the physicochemical 
analysis, PLI, MHMI, and SPI revealed that about 20–25% 
of the groundwater is polluted and, thus, unsuitable for 
drinking. Meanwhile, about 80% of the water samples 
were found in excellent condition; hence, they are 
considered suitable for drinking. Principal component 
and Varimax-rotated factor analyses were utilized for 
source apportionment, and their findings suggest that 
both geogenic processes and human-induced exercises are 
responsible for the water quality deterioration. The current 
study integrated different soft computing algorithms, and 
the results have confirmed that using multiple models 
usually provides robust and better judgments than using 
standalone model, which could easily lead to bias, and 
perhaps, costly assumptions. The findings of this paper 
would enhance groundwater monitoring and assessment 
programs in the area and could also provide baseline 
information for future water quality simulation and 
prediction, locally and internationally, based on the 
studied parameters. It is recommended that the inhabitants 
of areas with water samples identified to be unsuitable for 
human consumption should apply reliable water treatment 
strategies before use or search for alternative source of 
water resources. Government should set up policies in 
these areas to check indiscriminate waste disposal. It is 
also recommended that future water resources research 
should apply more advanced methods and also develop 
new models for computation, assessment, and prediction 
of the water quality parameters considered in the present 
paper.
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