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A B S T R A C T   

In this work, a combination of isotopic and hydrogeochemical data of a karstic region was clustered with four 
distinct clustering analysis (CA) methods to study water evolution in a vulnerable karstic region to improve 
protection, sustainability, and enhanced water resource management. Four CA methods, including hierarchical 
cluster analysis (HCA), K-means (KM), and fuzzy logic CA methods, fuzzy C-mean (FCM), and genetic K-means 
(GKM), have been utilized to analyze hydrochemical, chemical, and isotopic datasets, including dissolved 
inorganic carbon (DIC), δ13C-DIC, δ18O, and δ2H datasets of water resources of Paveh-Javanrud (PV-JR) karstic 
region, located at the western border of Iran and Iraq countries. The utilized dataset contains 34 water samples 
with varied origination to evaluate the performance of each model and find the best method based on a 
meaningful categorization of geological, hydrogeochemical, and isotopic characteristics. Finally, the best model 
results were matched graphically with developed geospatial graphs to visualize the correlation between the 
region’s water resources. Accordingly, the FCM and GKM methods represent the same, yet meaningful results and 
have the best performance among the four methods. It was also identified that the PV-JR water resources could 
be generally categorized into five distinct clusters, including FC1 to FC5 and GK1 to GK5, of which two clusters 
that have mixing, two clusters with solo-origination and no sign of mixing, and finally, a seasonal spring which is 
categorized as a separate cluster. Potentially, studying water resources via theoretical methods combined with 
considering isotope hydrology is of particular interest since solving the environmental issues related to karstic 
regions and their water resource management are shared concerns in most arid and semi-arid countries, espe-
cially in the Middle East as this study, thus could lay a basis for the following scientific attempts involving 
hydrogeochemical studies and advanced statistical analysis.   

1. Introduction 

In recent decades, the world has faced the crucial issue of water 
scarcity and water quality degradation. The consequences of such 
changes in precipitation patterns due to climate change also harsher the 
condition and decline the availability of water resources (Konapala 
et al., 2020), leading to an increase in the dependency on groundwater 
reservoirs more than ever. This condition is also worse in arid and semi- 

arid areas where groundwater resources are perceived as sustainable 
water supplies for various usages. Karstic aquifers procure drinking 
water for about 20 – 25 % of the world’s population (Ford and Williams, 
2013). In many areas, carbonate aquifers are considered a unique water 
resource (Bakalowicz, 2015), which means there is considerable tension 
on these water resources. On the other hand, complex conditions of 
karstic regions such as heterogenic hydrogeological system and various 
characteristics regarding the complex condition of karst development 
(Ford and Williams, 2013) intensify the vulnerability of carbonate 
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aquifers and highlight the importance of accurate and reliable water 
studies in these areas (Wang et al., 2016). To increase the understanding 
of carbonate aquifers, researchers generally consider different tech-
niques. Environmental stable isotopes, including δ13C, δ18O, and δ2H, 
known as “fingerprints” in the hydrological cycle, have gained wide-
spread interest in water studies in recent decades (Clark, 2015; Grim-
meisen et al., 2017). On the other hand, hydrogeochemical 
investigations are complementary tools to identify the main processes 
controlling water characteristics, mainly influenced by natural processes 
and anthropogenic activities. It also could deliver reliable information 
about the aquifer (Azizi et al., 2019; Mohammadzadeh and Eskandari, 
2018; Sánchez et al., 2015; Wang et al., 2016). Accordingly, the com-
bined use of environmentally stable isotopes and hydrochemistry in-
vestigations has been a powerful tool in water studies, especially in 
karstic areas (Kendall and McDonnell, 2012; Liu et al., 2019). Generally 
speaking, graphical diagrams (e.g., Schoeller, Piper, Stiff, Durov, etc.) 
are utilized to pragmatically interpret the hydro-geochemical evolutions 
of water (Hounslow, 2018; Piper, 1944). However, they are not meant to 
analyze neutral chemical species such as SiO2 and NO3

– (Voudouris 
et al., 1997). It should be noted that, however, data interpretation by 
graphical methods is not regarded as the most accurate approach. 
Thereby, it is proposed that using graphical techniques in conjunction 
with cluster-based methods could pave the way to compensate for the 
existing restrictions of these methods (Cloutier et al., 2008; Rahbar 
et al., 2020; Vadiati et al., 2019). 

The cluster analysis (CA) method can distinguish the relationship 
between the characteristics of the object (Peng et al., 2015). CA method 
is segregated into two types of soft and hard procedures (Cassalho et al., 
2019), and each category is appropriate in different contexts. Consid-
ering hydrogeological systems chemical and physical continuity, their 
corresponding statistical clusters should also be seamless for authentic 
interpretations (Güler et al., 2002). Consequently, crisp (or hard) clus-
tering is unsuitable for hydrological systems since it leads to mis-
classifications (Güler and Thyne, 2004). On the other hand, soft (or 
fuzzy) clustering methods are more consistent for these integrated sys-
tems. Besides, soft clustering methods could ideally differentiate over-
lapped data that are not decisively categorized in one cluster. For a 
better graphical analysis, it is useful to associate the clustering tech-
niques with geostatistical methods that, in turn, spark a better under-
standing of spatial features of water resources. 

Several studies have implemented CA methods for the hydro-
chemical analysis (Güler et al., 2012; Güler and Thyne, 2004). In com-
plex aquifers, the most responsive yet best applicable method would be 

the combination of clustering analysis with multivariate statistical 
analysis (Cloutier, 2004). Interestingly, the fuzzy C-mean (FCM) clus-
tering method is the most reported method in many water quality 
studies (Abu-Alnaeem et al., 2018; Cassalho et al., 2019; Rahbar et al., 
2020; Rakotondrabe et al., 2018). 

Artificial intelligence methods have long been practiced widely in 
many scientific fields as well as hydrologic studies (Feng et al., 2021; 
Ibrahim et al., 2022; Oyebode and Stretch, 2019; Rezaei et al., 2021), 
including predicting the streamflow (Londhe and Charhate, 2010; Niu 
and Feng, 2021), forecasting surface water level (Ebtehaj et al., 2019; 
Kisi et al., 2012; Piasecki et al., 2018; Zakaria et al., 2021), and un-
derstanding water science (Alizadeh et al., 2018; Chen and Chau, 2019; 
Shamshirband et al., 2019; Zhou, 2020) as well as climate change issues 
(Ehteram et al., 2018; Sharafati and Pezeshki, 2020). Some reports exist 
on the combined use of genetic algorithms (GM) and FCM for clustering 
applications in hydrology (Beskow et al., 2016), while few articles 
combine these methods for hydrogeochemical evaluations (Mohamma-
drezapour et al., 2020). It is worth mentioning that based on Yang et al., 
(Yang et al., 2020) if the aim of the study is a long-term monitoring 
network, many clustering methods may have limitations regarding the 
classification of the cluster is conducted for temporal means (Güler and 
Thyne, 2004). This cluster analysis identifies the spatial patterns and 
could not reveal the temporal patterns (Yang et al., 2020). 

Previous studies are the combined use of the environmental tracers 
(hydrogeochemistry and stable isotope). Although the results reveal 
some general characteristics of the water resources (Mohammadzadeh 
and Eskandari, 2018; Mohammadzadeh and Eskandari, 2021) it is 
obvious that a deeper understating is required to unveil the hidden 
features of all water resources in the region. Since hydrogeological 
systems are continuous and physio-chemical properties of water change 
continuously, it is recommended to use the soft clustering methods, 
especially the methods which are related to the “fuzzy logic” and could 
be the most useful classification (Güler et al., 2012; Güler et al., 2002). 
Moreover, the CA methods could mathematically discriminate the 
hydrogeological, hadrochemical, and isotopic characteristics, in which 
reliable results and interpretations would be achievable. Although some 
researchers applied clustering methods (i.e., FCM, KM, HCA, etc.) to 
evaluate the hydrogeochemical characteristics of water and reflect the 
underlying hydrochemical and hydrologic characteristics of the water 
resources (Güler et al., 2012; Rahbar et al., 2020), none of them take 
advantage of genetic algorithm. 

To the best of our knowledge, this study is the first effort to assess and 
address groundwater evolution in a complex karstic region by 

Nomenclature 

AMSL Above Mean Sea Level 
CBE Charge Balance Errors 
CA Clustering Analysis 
DEM Digital Elevation Model 
DIC Dissolved Inorganic Carbon 
FCM Fuzzy C-Means Clustering 
FC1 Fuzzy C-Mean Clustering (Cluster # 1) 
FC2 Fuzzy C-Mean Clustering (Cluster # 2) 
FC3 Fuzzy C-Mean Clustering (Cluster # 3) 
FC4 Fuzzy C-Mean Clustering (Cluster # 4) 
FC5 Fuzzy C-Mean Clustering (Cluster # 5) 
FPI Fuzziness Performance Index 
GIS Geographic Information System 
GKM Genetic K-Means Clustering 
GK1 Genetic K-Means Clustering (Cluster # 1) 
GK2 Genetic K-Means Clustering (Cluster # 2) 
GK3 Genetic K-Means Clustering (Cluster # 3) 

GK4 Genetic K-Means Clustering (Cluster # 4) 
GK5 Genetic K-Means Clustering (Cluster # 5) 
HCA Hierarchical Cluster Analysis 
HC1 Hierarchical Cluster Analysis (Cluster # 1) 
HC2 Hierarchical Cluster Analysis (Cluster # 2) 
HC3 Hierarchical Cluster Analysis (Cluster # 3) 
HC4 Hierarchical Cluster Analysis (Cluster # 4) 
HC5 Hierarchical Cluster Analysis (Cluster # 5) 
KM K-Means Clustering 
KM1 K-Means Clustering (Cluster # 1) 
KM2 K-Means Clustering (Cluster # 2) 
KM3 K-Means Clustering (Cluster # 3) 
KM4 K-Means Clustering (Cluster # 4) 
KM5 K-Means Clustering (Cluster # 5) 
M Fuzzification Parameter 
NCE Normalized Classification Entropy 
TDS Total Dissolved Solids 
RT Residence Time  
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comparing HCA, KM, FCM, and GKM clustering methods. The present 
study aims at (i) evaluating the performance of introduced methods 
(HCA, KM, FCM, and GKM) to identify the main processes affecting 
hydrochemical and isotopic evolution in a karstic terrain, (ii) comparing 
the ability of the methods and identifying the best one for the karstic 
terrain, and (iii) classifying the water resources based on groundwater 
origin, and hydrochemical and isotopic characteristics. For this purpose, 
multi-tracer exploration (water chemistry and stable environmental 
isotopes of δ13C-DIC, δ18O, and δ2H) utilizing HCA, KM, FCM, and GKM 
clustering methods were adopted. Due to the vulnerability and 
complexity of the karstic region, especially in border areas, accurate 
studies are demanded to increase the protection of the environment and 
sustainable water resource management. 

2. Material and methods 

2.1. Hydrochemical and stable isotopes dataset 

To investigate and compare trends in groundwater evolution within 
the study area (which will be explained in section 2.6), a dataset con-
sisting of totally 34 water samples (including springs, wells, rivers, and 
watery caves) in wet and dry seasons with detailed isotopic and 
hydrogeochemical information were selected from karstic outlets of PV- 
JR karstic area (Mohammadzadeh and Eskandari, 2021). The region is a 
complicated karstic mountain area and the samples were collected from 
different geological formations that truly represent the region’s features 
and water resources were the primary groundwater resources with the 
highest discharge rates. The statistical parameters, including mean, 
maximum, minimum, and standard deviation (SD) of the data, are 
presented in Table 1. Among conventional hydrochemical variables, 
main parameters have been chosen based on the scientific norm, pre-
vious studies, the aim of the research, and the local environment of the 
region. Isotopic inputs (δ18O and δ2H, and δ13C-DIC concentration) have 
been selected to determine the origin of water and compare the mean 
residence time of water in the carbonate aquifer. The δ13C-DIC con-
centration was also chosen as a good indication for determining the 
residence time of water and karst development. Find the origin of water, 
evaluate the mean residence time of water, and karst development 
evaluation. Hydrochemical parameters including major ions 
(Ca2+,Mg2+,Na+,HCO-

3,Cl-, SO2-
4 ), as well as total dissolved solids (TDS) 

and pH, were selected as the key parameters to investigate the water 
evolution. The concentration of NO-

3 is also considered, due to its effects 
on human health. Furthermore, to independently confirm the efficiency 
of the analytical outcomes, the charge-balance error (CBE, %) in this 

study has been calculated by the following equation (Eq. 1), represented 
by Freeze and Cherry (Freeze and Cherry, 1979). 

CBE (%) =
[
∑

Cations] − [
∑

Anions]
[
∑

Cations] + [
∑

Anions]
× 100 (1) 

The calculated CBE was less than ±5%, with a mean value of 0.4  %,

which agrees well with the reported criterion by Güler et al. (Güler et al., 
2012). Additionally, the main statistical analyses were also fulfilled by 
SPSS version 24.0 (IBM-Corp, 2016) and FuzME software (B Minasny, 
1999). The methodology adopted to this study is presented in Fig. 1. 

2.2. Hierarchical Cluster analysis (HCA) 

The invention of the CA method has been a significant aid for better 
interpretation of cluster-separated data with a noticeable resemblance. 
As a data-mining approach, CA facilitates obtaining membership to in-
dividual groups utilizing an n × k data matrix that divides data into 
apparent clusters. The clusters should consist of linked points which are 
separated by small distances between clusters. The widely utilized dis-
tance procedure is Euclidean distance (Eq. (2)) in the K-dimensional 
space (Wilks, 2011). 

|x − y| =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑K

k=1
(xk − yk)

2

√
√
√
√ (2) 

In the HCA method, the Ward method starts with considering n single 
member groups that will be combined two by two in every successive 
step (Ward Jr, 1963). The selected pair for merging is so that squared 
error of distances among points was minimized, as demonstrated in Eq. 
(3). All possible methods are considered in the HCA method for merging 
groups of two G + 1 to produce G groups and Ward’s criterion de-
termines the optimal pair. The results of an HCA can be illustrated using 
a tree diagram or a dendrogram (Ward Jr, 1963; Wilks, 2011). 

W =
∑G

g=1

∑ng

i=1

⃦
⃦
⃦Xi − X2

g

⃦
⃦
⃦ =

∑G

g=1

∑ng

i=1

∑K

k=1

(
xi,k − xg,k

)2 (3)  

2.3. K-Means (KM) clustering 

Another proper clustering method applicable for both quantitative 
(numerical) and qualitative data or combining these two is K-Means 
clustering (KM). As known, quantitative or numerical data are the 
product of observation of the same experimental or physical process. 
Every observation indeed consists of “N” observed variables in an n- 
dimensional vector Xk so thatXk = [xk1, xk2, …, xkn]

T, Xk ∈ Rn . A set of 
N measurements that isXk = {xk|k = 1,2,…, N}, represent a N × n 
matrix. The clustering models represent the results based on the simi-
larities of each group. Accordingly, the data similarity pertains to the 
mathematical similarity’s degree. Considering that the distance between 
two objects defines their similarity, thus, the distance of Euclidean is 
mainly utilized as the criterion of similarity (Fernandez-Cano, 2016; Xu 
et al., 2018). In addition, KM is an algorithm dependent on generalized 
standard squared error, and it uses the following objective function 
(Feil, 2006):. 

J(X;V) =
∑c

i=1

∑

k
∫

i

⃒
⃒
⃒x(i)k − vi

⃒
⃒
⃒
*

(4)  

where x(i)
k is the distance of the kth object of the ith cluster and Vi is the 

distance between the cluster center i and the origin of coordination. The 
cluster center is then calculated by the following equation (Eq. (5)): 

vi =

∑Ni
k=1xk
Ni

, xk∊Ai (5)  

Table 1 
Descriptive statistic of stable isotopic and hydrochemical variables of ground-
water samples.  

Parameter Minimum Maximum Mean SD 

T 9.1 22.1 14.06  3.26 
pH 7.0 8.7 7.79  0.52 
TDS 186 574 333  65.71 
HCO3

– 121.6 383.2 234.04  62.20 
Ca2+ 35 111.5 63.76  15.35 
Mg2+ 1.9 12.9 5.27  2.86 
Cl- 0.5 13.9 3.65  3.39 
Na+ 0.4 7 2.05  2.06 
SO4

2- 1.7 66.6 12.53  12.43 
NO3– 0.7 101.4 7.97  17.05 
Si 0.7 5.0 2.91  1.04 
δ18O − 7.5 − 5.0 − 6.99  0.51 
δ2H − 40.8 − 31.5 − 37.34  2.25 
d-excess 7.2 28.2 18.96  3.1 
DIC 24.7 79.1 48.34  15.67 

Note: All parameters and their units are as follows: T (◦C), TDS (mg⋅L–1), ionic 
concentrations (ppm), δ2H and δ18O isotopic values are in per mil (‰) VSMOW, 
and DIC concentration is in mg⋅L –1. SD stands for standard deviation. 
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where Ni stands for the quantity of members in Ai set in the ith cluster. 
KM clustering firstly classifies the objects randomly based on their 

similarity and continuously amends the classification. To correct clas-
sification, the KM algorithm uses the similarities between the cluster 
centers and objects. The algorithm then starts repeating this procedure 
until identified condition of convergence is met. By several iterations, 
the objective function based on squared error (Eq. (4)) considerably 
decreased, and objects are not displaced anymore within the clusters. 
For the KM method, the nearest objects to the mean of data are defined 
as the cluster centers in one cluster. If each data point could precisely 
define the position of the system, the KM method could render a decent 
classification (Rahimi et al., 2019). 

2.4. Fuzzy C-Mean (FCM) clustering 

If an object could be ascribed to all classes but with varying mem-
bership degrees, soft or fuzzy procedure, or FCM, is the best method to 
cauterize this object (Güler and Thyne, 2004). The FCM method was 
proposed by Dunn in 1974 and was improved by Bezdek in 1981 (Bez-
dek, 1981). In FCM, a dataset X = [x 1,….x n] ⊂Rp is split into c ∈ {2,
…, n − 1} clusters. The cluster center is also determined byvi(i =

1,⋯.c). Data splitting is then implemented by minimizing the objective 
function according to the following equation (Güler and Thyne, 2004). 

JFCM(M, C) =
∑c

i=1

∑n

k=1
um

ik‖xk − vi‖
2 (6)  

where M, C, c, and n respectively refer the matrix of membership, the 
matrix of cluster center, the quantity of clusters, and the quantity of data 
points. uik is the degree of membership degree of sample k within 
clusteri. The larger Euclidean distance (ED) minimizes JFCM and the 
smaller ED brings about unity (Höppner, 2002). The parameter m∊(1,∞)

is a weighting exponent which controls the classification fuzziness de-
gree, or in the other words, it indicates the overlapping degree between 
classes. m = 1 means the result has a hard partition, that is, the result is 
1(member) or 0 (non-member). As m approaches to infinity(∞), the 
solution converges its highest fuzziness degree (Bezdek, 1981). 

Soft clustering methods are chosen if meaningful and logical sim-
plifications could be applied to a large quantity of data by considering 
basic patterns. In the soft FCM clustering method, the classes number (c)
and the fuzzification parameter’s value (m) are two critical parameters. 
Many functions can help determine optimal values of c and m. These 
values are so-called “validity functions’’. The applied validity functions 
proposed by Bezdek in 1981, Roubens in 1982, and Xie and Beni in 1991 
(e.g., fuzziness performance index or FPI and normalized classification 
entropy or NCE) were used as two validation functions according to the 
Eqs. 7 and 8 (Bezdek, 1981; Roubens, 1982; Xie and Beni, 1991): 

FPI = 1 −
cF − 1
c − 1

, where F =
1
n

∑c

j=1

∑n

k=1

(
u2

jk

)
(7)  

NCE =
H

c − 1
, where H =

1
n

∑c

j=1

∑n

k=1
(ujk) × log(ujk) (8) 

FPI and NCE are measured by the degree of fuzziness and the amount 
of disorganization in a specific number of clusters between 0 and 1 (Lee, 
2019).The optimal number of groups are then selected according to the 
computed FPI and NCE values by the FuzME program, which their re-
sults are presented in Table 2. FPI and NCE are minimal at c = 5, with m 
= 1.2 and m = 1.25 for the wet and dry seasons, respectively. 

2.5. Genetic K-means (GKM) clustering 

Genetic algorithm (GA), inspired by Charles Darwin’s theory of 
natural evolution, employs the process of natural selection for searching 
the optimum solution and has been widely utilized in data clustering to 
solve clustering problems (Srinivas and Patnaik, 1994). When GA is 
merged with clustering algorithms, more accurate yet profoundly 
interpretable results would be generated once compared with only 
conventional clustering algorithm outputs and in many data clustering 
cases (Cowgill et al., 1999). For instance, GA combined with KM algo-
rithm (GKM) was initially proposed by Krishna and Murty in 1999 
(Krishna and Murty, 1999). GKM is particularly beneficial in obtaining a 
global optimal partition in pattern recognition. This algorithm has been 
proved to converge global optimum. As for GKM method, the procedure 
for recombination operator (RO) and selection operator (SO) is rela-
tively well defined. By the SO, search direction is controlled, whereas a 
RO produces new territories for searching. The search procedure in GKM 
is employed in complex, extensive, and multipurpose perspectives and it 
produces optimum and/or near-optimum outcomes for a fitness function 
which is necessary for an optimization. In this research, the GKM search 
ability was used to properly define the cluster centers’ locations (e.g., 
centroids) of geochemical data in Euclidean space with N-dimension; 
thereby, correctly clustering the “n” geochemical samples (Ghezelbash 
et al., 2020). 

2.6. Study area 

Paveh-Javanrud (PV-JR) study area consists of significantly devel-
oped karstic geological features, including caves and springs. This area is 
located at the north-west of Iran in Kermanshah province, which is 
placed between longitude and latitudes of 46◦07′–46◦27′N 
34◦75′–35◦18′E (PV) and 45◦33′–55◦45′N 34◦51′–35◦04′E (JR) (Fig. 2a, 
b). The region under study, which is also located along the Zagros 
Mountains, annually receives up to 2000 mm of meteoric precipitation 
(Mohammadzadeh et al., 2020; Raziei et al., 2008). The high amount of 
precipitation synergistically affected the karst development in the re-
gion, particularly in its fault zones. The presence of Quri Qale cave with 
kilometers of length and giant sinkholes, and noticeable discharge of 
water in karst springs indicate that the karst aquifer in most parts of the 
area is well-developed. 

The total area is about 1750 km2, and the elevation varies from 400 
m up to 3000 m AMSL with a decreasing mountain altitude trend from 

Fig. 1. Overall procedure and the conceptual flowchart applied to the study PV-JR karstic area.  
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Table 2 
The fuzziness performance index (FPI) and normalized classification entropy (NCE) values against the number of groups (c) for fuzzy exponent values (m) varying from 
1.100 to 2.900, by 0.10 step.  

nosaesyrDnosaesteW
Fuzzy  
exponent (m) 

Number of clusters (c) Fuzzy  
exponent (m) 

Number of clusters (c) 
2 3 4 5 2 3 4 5 

1.10 FPI 0.0044 0.0000 0.0000 0.0696 1.10 FPI 0.00011 0.00168 0.00003 0.00002 
NCE 0.0090 0.0000 0.0001 0.0002  NCE 0.00038 0.00296 0.00008 0.00005 

1.20 FPI 0.0744 0.0006 0.0026 0.0050 1.20 FPI 0.00776 0.02097 0.00409 0.00205 
NCE 0.0898 0.0015 0.0042 0.0061  NCE 0.01527 0.02418 0.00695 0.00339 

1.30 FPI 0.0639 0.0069 0.0150 0.0214 1.30 FPI 0.03316 0.04676 0.02497 0.01423 
NCE 0.0906 0.0127 0.0191 0.0218  NCE 0.0521 0.05102 0.0339 0.01877 

1.40 FPI 0.1219 0.0242 0.0403 0.0482 1.40 FPI 0.06929 0.07344 0.06431 0.04007 
NCE 0.1532 0.0373 0.0461 0.0461  NCE 0.09813 0.08288 0.07769 0.04701 

1.50 FPI 0.1752 0.0524 0.0771 0.0794 1.50 FPI 0.10915 0.10679 0.11301 0.07653 
NCE 0.2066 0.0724 0.0838 0.0761  NCE 0.14664 0.12267 0.12804 0.08427 

1.60 FPI 0.2140 0.0885 0.1215 0.1129 1.60 FPI 0.14996 0.14607 0.16321 0.11928 
NCE 0.2487 0.1141 0.1285 0.1109  NCE 0.19552 0.16799 0.17841 0.12677 

1.70 FPI 0.2453 0.1295 0.1688 0.1498 1.70 FPI 0.19094 0.18879 0.21199 0.16484 
NCE 0.2869 0.1596 0.1765 0.1504  NCE 0.24408 0.21593 0.22697 0.17166 

1.80 FPI 0.2763 0.1731 0.2161 0.1902 1.80 FPI 0.23179 0.2331 0.25873 0.21074 
NCE 0.3251 0.2068 0.2250 0.1933  NCE 0.29177 0.26461 0.27351 0.21683 

1.90 FPI 0.3082 0.2177 0.2622 0.2329 1.90 FPI 0.27223 0.38298 0.30319 0.25533 
NCE 0.3633 0.2541 0.2726 0.2378  NCE 0.33808 0.41305 0.31789 0.26085 

2.00 FPI 0.3407 0.2621 0.3069 0.2763 2.00 FPI 0.3119 0.42051 0.34519 0.29772 
NCE 0.4008 0.3006 0.3188 0.2823  NCE 0.3825 0.4529 0.35992 0.30289 

2.10 FPI 0.3732 0.3056 0.34994 0.31907 2.10 FPI 0.35048 0.45578 0.3846 0.50501 
NCE 0.4371 0.3455 0.3630 0.3257  NCE 0.42465 0.48981 0.39941 0.47947 

2.20 FPI 0.40507 0.34751 0.39099 0.3604 2.20 FPI 0.38765 0.48885 0.42139 0.37525 
NCE 0.4718 0.3883 0.4048 0.3672  NCE 0.4643 0.52393 0.43629 0.38037 

2.30 FPI 0.43606 0.3875 0.42978 0.39963 2.30 FPI 0.42321 0.51981 0.45564 0.54724 
NCE 0.5047 0.4287 0.4439 0.4063  NCE 0.50133 0.55546 0.4706 0.52808 

2.40 FPI 0.46589 0.42534 0.46616 0.47066 2.40 FPI 0.45699 0.54877 0.48746 0.56793 
NCE 0.5357 0.4666 0.4804 0.4764  NCE 0.53572 0.58459 0.50244 0.55113 

2.50 FPI 0.49441 0.46092 0.50007 0.47066 2.50 FPI 0.48891 0.57588 0.51707 0.58789 
NCE 0.5648 0.5018 0.5141 0.4764  NCE 0.56753 0.61156 0.532 0.57311 

2.60 FPI 0.52156 0.60655 0.53154 0.50239 2.60 FPI 0.51894 0.60123 0.5446 0.60913 
NCE 0.5921 0.6475 0.5452 0.5075  NCE 0.59686 0.63651 0.55939 0.60073 

2.70 FPI 0.5473 0.6293 0.56063 0.53172 2.70 FPI 0.5471 0.62495 0.64794 0.64079 
NCE 0.6175 0.6691 0.5739 0.5363  NCE 0.62386 0.65965 0.66504 0.63188 

2.80 FPI 0.57164 0.65085 0.66369 0.55882 2.80 FPI 0.57343 0.64714 0.66608 0.66291 
NCE 0.6411 0.6895 0.6822 0.5628  NCE 0.64866 0.68111 0.68302 0.65425 

2.90 FPI 0.59461 0.67096 0.68597 0.58385 2.90 FPI 0.59801 0.6679 0.68349 0.6655 
NCE 0.6631 0.7083 0.7033 0.5872  NCE 0.67145 0.701 0.70006 0.65929 

Fig. 2. (a) Study area location, (b) 3D digital elevation model (DEM), and (c), the geological map of PV-JR study area (Mohammadzadeh and Eskandari, 2021).  
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east of the area to its west (Fig. 2b). Based on the data reported by 
Kermanshah meteoric organization, the average annual temperature 
and precipitation are 14.8 ◦C and 654 mm, respectively. Accroding to 
the De Martonne’s aridity index calculation, the region has a clement to 
humid-moist weather resembling Mediterranean climate. Most of the 
precipitations occur in winter (February), and the dry seasons occur 
mainly in March and April (Mohammadzadeh and Eskandari, 2018). 
The PV-JR study areas have several important key characteristics that 
highlight the necessity for a reliable understanding of this region. First, 
it is a complicated highly faulted and fractured karstic region located 
along the high Zagros Mountains Bult. The karstic groundwater re-
sources are the main water source for local usage of the region. 

Radiolarite formations (chert, shale, and impure limestone) from 
Jurassic-Cretaceous, represent the oldest unite, and the quaternary de-
posits are the youngest units. From the hydrogeological point of view, 
the aquifers are developed in three crucial units (Fig. 2c). First, Jurassic- 
Cretaceous limestone, known as Bistoun formation (JKb), contains pure 
limestone with a high rate of discharge, especially in fractured zones (Bil 
spring in the north-east of the region, with high discharge (4000 L⋅s− 1). 
Ilam-Sarvak formation (KIl-KSv or Il-Sv) is another aquifer (limestone 
and dolomite and gray marls). Finally, Garu formation (Gr.), which 
contains gray limestone and shale, is the last known karstic formation of 
the region (Mohammadzadeh and Eskandari, 2021). 

3. Results 

3.1. Hydrochemical and isotope evolutions 

Groundwater is greatly replenished by rainfall and is highly affected 
by rock weathering and evaporation that change its water quality. Rock 
weathering processes add various chemical species, 
includingCa2+,Mg2+,SO2-

4 ,HCO-
3, and SiO2 to the groundwater (Houn-

slow, 2018). According to the hydrogeochemical results (Table 1), all 
PV-JR water resources feature the bicarbonate-calcite type due to hav-
ing interactions with carbonate formations. As investigated for both wet 
and dry season periods, the relative ion abundance was identified to be 
Ca2+ > Mg2+ > Na+ + K+ for cations and HCO-

3 > SO2-
4 > Cl− for 

anions. Isotopic investigations indicate that depleted isotopic values of 
(–7.3 ‰ and –38.8 ‰ for δ18O and δ2H, respectively) are due to 
recharging by high altitudes precipitations while the water resources 

from lower elevations represent enriched values (–6.6 ‰ and –35.4 ‰ 
for δ18O and δ2H, respectively), due to evaporation and mixing 
processes. 

Although the abovementioned hydrochemical and isotopic in-
vestigations have revealed crucial hydrogeochemical traits of complex 
karstic resources of PV-JR terrestrial region, the use of mathematical 
models such as clustering methods could increase the accuracy of such 
investigations, which will be discussed in the following sections. 

3.2. HCA results 

As for all sampling sites in both wet and dry seasons, the summarized 
HCA results are presented in Table 3a. The cluster averages of HCA were 
determined as arithmetic average values of the arguments. 

To find out the most efficient clustering method, the particular dis-
tribution of each method is shown on the geological map. Bicarbonate is 
the main anion in all water samples due to carbonate formations are the 
significant part of the study. Bicarbonate vs. TDS is adopted as a refer-
ence plot for water chemistry assessment. Since the water molecules 
contain these two stable isotopes (18O and 2H), these isotopes can be 
used to determine the water origination and possible reactions (e.g., 
evaporation, mixing) possible reactions which affect isotopic content of 
groundwater. Therefore, δ18O versus δ2H plot will be applicable. In 
isotopic studies, plotting δ18O versus δ2H is a common scientific practice 
to determine and illustrate the Meteoric Water Line (MWL) and compare 
the isotopic content of the water resources with it. HCA inputs are 
segregated into separate groups according to their identical or equiva-
lent characteristics. Based on similarities in hydrogeochemical and iso-
topic compositions, water samples were unequivocally classified by HCA 
into five general clusters, including HC1, HC2, HC3, HC4, and HC5. As 
shown in Fig. 3, the spatial distribution of HCA methods is depicted over 
the PV-JR area while simultaneously showing the scattered bicarbonate 
vs. TDS and 18O vs. 2H plots. Ward’s method (Ward, 1963) as a linkage 
rule and the Euclidean distance as a distance measure could successfully 
produce distinctive groups. Euclidean distance is based on Eq. 9 
(Mohammadrezapour et al., 2020). RMSE was also selected as a per-
formance index to show the square root of the average squared differ-
ence between the predicted values and the actual values in a dataset and 
assess how well a model fits with the data set which is shown in Eq. 10. 

Table 3a 
Results of the cluster average and cluster center by HCA and KM clustering methods (r value in ppm and TDS in mgL− 1).    

T pH TDS HCO3
– Ca2+ Mg2+ Cl- Na+ SO4

2- NO3– Si δ18O δ2H d-excess DIC mgL− 1 

HCA  Wet season  
Cluster 1 11.86  7.29  264.60  181.27  53.56  5.03  2.87  1.61  9.67  5.05  2.42  − 7.13  − 37.41  19.61  40.07  
Cluster 2 11.05  7.68  383.36  258.15  80.61  5.40  4.45  2.24  17.29  6.55  3.69  − 7.03  − 36.95  19.70  53.90  
Cluster 3 10.90  7.80  203.89  130.63  47.07  2.37  3.79  0.99  10.04  5.24  1.13  − 6.93  − 36.07  19.40  26.54  
Cluster 4 13.60  7.60  574.34  383.17  111.54  5.67  13.87  7.02  27.09  12.65  4.69  − 6.90  − 36.30  18.90  79.08  
Cluster 5 13.60  7.50  321.13  229.51  63.31  4.41  1.54  1.11  11.07  4.63  3.04  − 7.23  − 37.93  19.93  48.99   

Dry season  
Cluster 1 17.33  8.30  297.99  214.74  55.23  4.60  4.00  2.93  7.41  2.83  3.20  − 7.03  − 39.27  17.07  42.67  
Cluster 2 12.50  8.60  186.43  138.72  35.00  2.89  0.95  0.38  3.02  2.41  1.20  − 7.30  − 38.60  19.80  27.40  
Cluster 3 16.92  7.86  370.18  274.90  66.47  5.62  2.72  1.19  7.60  6.30  3.07  − 7.00  − 37.74  18.28  55.62  
Cluster 4 16.30  8.02  423.92  302.39  74.00  7.19  3.20  2.34  19.98  3.87  3.40  − 6.98  − 37.36  20.32  60.76  
Cluster 5 17.00  8.70  322.66  220.70  50.71  8.31  10.61  6.91  15.75  101.40  3.39  − 5.00  –32.40  7.20  43.55 

KM  Wet season  
Cluster 1 10.85  7.70  399.95  276.90  84.75  3.55  4.70  1.00  14.35  7.30  3.45  − 6.90  − 36.05  20.05  56.65  
Cluster 2 11.86  7.29  264.59  181.27  53.54  5.06  2.87  1.60  9.67  5.04  2.43  − 7.13  − 37.41  19.61  40.07  
Cluster 3 12.66  7.56  339.40  233.46  68.58  5.52  2.62  2.06  14.72  5.10  3.40  − 7.20  − 37.90  19.70  49.84  
Cluster 4 13.60  7.60  574.30  383.20  111.50  5.70  13.90  7.00  27.10  12.70  4.70  − 6.90  − 36.30  18.90  79.10  
Cluster 5 10.90  7.80  203.90  130.63  47.07  2.37  3.77  1.00  10.03  5.23  1.13  − 6.93  − 36.07  19.40  26.57   

Dry season  
Cluster 1 16.40  7.92  391.73  290.76  69.99  5.83  2.52  1.32  9.12  5.41  3.08  − 7.10  − 38.14  19.75  58.66  
Cluster 2 17.33  8.30  298.00  214.73  55.23  4.63  4.00  2.93  7.43  2.87  3.17  − 7.03  − 39.27  17.07  42.67  
Cluster 3 12.50  8.60  186.40  138.70  35.00  2.90  0.90  0.40  3.00  2.40  1.20  − 7.30  − 38.60  19.80  27.40  
Cluster 4 17.00  8.70  322.70  220.70  50.70  8.30  10.60  6.90  15.80  101.40  3.40  − 5.00  –32.40  7.20  43.60  
Cluster 5 18.40  8.20  476.90  281.20  76.50  12.90  7.60  6.80  66.60  0.70  5.00  − 5.90  − 31.50  15.80  56.00  
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D(x, v) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(xi − vi)

2

√

(9)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑i=n

i=1
(y − y,)

2

√
√
√
√ (10)  

Squared Euclidean distance and Ward’s methods were employed to 
measure the linkage and similarity between clusters. In addition, the 
stopping level was determined from the merged cluster intervals. 

3.3. KM results 

KM results of the PV-JR study area and their clusters averages 
(arithmetic mean of the arguments calculated by SPSS software) are 
presented in Table 3a. 

Similar to HCA, distinct groups with similar apparent characteristics 
were generated by splitting the inputs. Accordingly, five clusters (KM1, 
KM2, KM3, KM4, and KM5) were resulted in water samples based on 
similarity in terms of hydrogeochemical and isotopic compositions. 
Fig. 4 depicts the spatial distribution of the KM method over the PV-JR 
area while simultaneously showing the scattered bicarbonate vs. TDS 
and 18O vs. 2H plots. 

3.4. FCM results 

To minimize the interclusters variability of the hydrochemical data 
while maximizing intracluster variability to provide homogeneous 
hydrochemical classes, the FCM method was applied (Güler et al., 2012). 
The original data were used without standardization and log trans-
formation. In FCM clustering, the class number (c) has been chosen 

along with the distance measure, stopping criterion (ε), and fuzzification 
parameter (m). In addition, the stopping criterion was 1 × 10− 3 while 
ED was decided for measuring distance. Optimal values of m and c 
values were decided by the cluster validation functions (i.e., FPI and 
NCE). The optimal values of clustering were defined by dividing the 
hydrochemical and isotopic datasets into a series of m and c values, 
followed by categorizing various c and m values combinations. From 
initial trial and error runs, m = 1.8 was the optimal fuzzification value 
resulting in values of membership which were neither too crisp nor too 
fuzzy (Güler and Thyne, 2004). In the present research, considering the 
FPI and NCE criteria presented in Table 2, the optimal number of cluster 
number and values of fuzzification parameter were found to be 5 and 1.8 
for both seasons, respectively. The values were then varied from 1.10 to 
2.9 by 0.10 stopping level. 

Five clusters (i.e., FC1, FC2, FC3, FC4 and FC5) were resulted by FCM 
method. Table 3b provides results of FCM clustering for water samples. 
Fig. 5 exhibits the spatial distribution of FCM methods over the PV-JR 
study area while simultaneously showing the scattered bicarbonate vs. 
TDS and 18O vs. 2H plots. The center of clusters are given by FuzME (B 
Minasny, 1999). 

3.5. GKM results 

Table 2 sums up the outcomes of the GKM clustering after analyzing 
hydrogeochemical and isotopic info of the PV-JR karstic area. GKM 
clusters averages are computed as the arithmetic mean of the arguments 
(Table 3b). 

Similar to the previous three methods, in GKM, inputs are again 
divided into several groups with apparent analogous characteristics. 
Based on the similarity in hydrogeochemical and isotopic compositions, 
water samples of the area under study were classified into five clusters, 

Fig. 3. The spatial distribution of the HCA clustering method, the scatter plot of HCO-
3 versus TDS, and the relationship between δ18O and δ2H on PMWL for (a, b, c) 

wet and (d, e, f) dry seasons, respectively. 

E. Eskandari et al.                                                                                                                                                                                                                              



Journal of Hydrology 609 (2022) 127706

8

namely, GK1, GK2, GK3, GK4, and GK5. Demonstratively, Fig. 6 illus-
trates the spatial distribution of GKM methods over the PV-JR study area 
while simultaneously showing the scattered bicarbonate vs. TDS and 18O 
vs. 2H plots. 

4. Discussion 

Ultimately, clustering approaches including the HCA, KM, FCM, and 
GKM applied on the hydrogeochemical, and isotopic datasets were 
comprehensively compared, all of which resulted in five distinct clus-
ters. According to TDS values of resulting clusters, samples represent 

Fig. 4. The spatial distribution of the KM clustering method, the scatter plot of HCO-
3 versus TDS, and the relationship between δ18O and δ2H on PMWL for (a, b, c) 

wet and (d, e, f) dry seasons, respectively. 

Table 3b 
Results of cluster center by FCM and GKM clustering (r value in ppm and TDS in mgL− 1).    

T pH TDS HCO3
– Ca2+ Mg2+ Cl- Na+ SO4

2- NO3– Si δ18O δ2H d-excess DIC mgL− 1 

FCM  Wet season  
Cluster 1 11.96  7.29  264.47  180.25  54.04  5.01  2.87  1.59  9.86  5.07  2.47  − 7.12  − 37.39  19.61  39.84  
Cluster 2 13.33  7.49  325.41  230.68  65.05  4.62  1.83  1.32  11.37  4.73  3.16  − 7.23  − 37.97  19.83  49.39  
Cluster 3 10.87  7.73  392.05  266.51  82.05  4.75  4.61  1.79  16.95  6.93  3.55  − 6.98  − 36.50  19.94  54.81  
Cluster 4 13.60  7.60  573.94  383.16  111.49  5.70  13.90  7.00  27.10  12.70  4.70  − 6.90  − 36.30  18.90  79.09  
Cluster 5 10.91  7.79  204.66  131.16  47.14  2.39  3.77  1.01  10.03  5.23  1.15  − 6.94  − 36.10  19.39  26.72   

Dry season  
Cluster 1 15.87  7.98  418.77  303.60  74.26  6.47  2.72  1.93  15.88  4.16  3.27  − 7.08  − 37.95  20.86  61.10  
Cluster 2 16.85  7.86  372.92  275.85  66.81  5.69  2.95  1.28  8.48  6.50  3.13  − 6.94  − 37.46  18.10  55.84  
Cluster 3 12.51  8.60  186.79  138.92  35.06  2.91  0.91  0.41  3.06  2.40  1.21  − 7.30  − 38.59  19.79  27.44  
Cluster 4 17.13  8.26  295.86  214.97  55.47  4.26  3.36  2.57  6.61  2.82  3.14  − 7.07  − 39.58  17.04  42.75  
Cluster 5 17.03  8.69  323.95  221.29  50.96  8.32  10.54  6.87  16.13  99.71  3.41  − 5.03  –32.44  7.37  43.72 

GKM  Wet season  
Cluster 1 11.86  7.29  264.71  181.26  53.55  5.06  2.87  1.60  9.67  5.04  2.43  − 7.13  − 37.41  19.61  40.07  
Cluster 2 13.59  7.50  321.20  229.62  63.40  4.40  1.57  1.10  11.06  4.64  3.04  − 7.23  − 37.94  19.93  49.00  
Cluster 3 10.90  7.80  204.00  130.63  47.07  2.37  3.77  1.00  10.03  5.23  1.13  − 6.93  − 36.07  19.40  26.57  
Cluster 4 13.60  7.60  574.00  383.20  111.50  5.70  13.90  7.00  27.10  12.70  4.70  − 6.90  − 36.30  18.90  79.10  
Cluster 5 11.03  7.68  383.76  258.26  80.62  5.38  4.47  2.25  17.35  6.56  3.69  − 7.02  − 36.93  19.71  53.88   

Dry season  
Cluster 1 12.50  8.60  186.40  138.70  35.00  2.90  0.90  0.40  3.00  2.40  1.20  − 7.30  − 38.60  19.80  27.40  
Cluster 2 17.33  8.30  298.00  214.73  55.23  4.63  4.00  2.93  7.43  2.87  3.17  − 7.03  − 39.27  17.07  42.67  
Cluster 3 16.29  8.02  423.86  302.42  74.00  7.19  3.19  2.34  19.91  3.89  3.40  − 6.98  − 37.37  20.32  60.76  
Cluster 4 16.92  7.86  370.20  274.91  66.49  5.60  2.72  1.18  7.63  6.30  3.08  − 7.00  − 37.74  18.28  55.62  
Cluster 5 17.00  8.70  322.70  220.70  50.70  8.30  10.60  6.90  15.80  101.40  3.40  − 5.00  –32.40  7.20  43.60  
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freshwater criteria with TDS < 1000 mg⋅L-1 which agrees well with 
literature findings (Fetter, 2018). The relative abundance of ions could 
be arranged in the following order: Ca+ > Mg+> Na+ and HCO-

3 > SO-
4>

Cl- and bicarbonate-calcite type. 

4.1. Identification and interpretation of water chemistry 

The results of FCM and GKM clustering methods were used for the 
hydrochemical and isotopic investigations (Figs. 5 and 6), while bivar-
iate diagrams were used to find out the critical mechanism controlling 
the chemistry in each cluster. The Na+versus Cl- and Ca2+ +Mg2+ versus 
HCO-

3 +SO2-
4 diagrams are shown in Fig. 7. The clustering results of FCM 

and GKM are shown as scatter plot of Ca2+ +Mg2+ versus HCO-
3 +SO2-

4 in 
Fig. 7a,b, respectively. FCM and GKM clusters exhibited the hydro-
geochemical and isotopic characteristics of the samples logically, which 
have a reasonable correlation with the geological location of the sam-
ples. To be specific, FC1/GK1 groups demonstrate water mixing between 
JKb and Il-SV formations. Subsequently, FC2/GK2 is recharged by Il-SV 
formation, FC3/GK5 is originated from Gr. formation, and FC4/GK4 is a 
seasonal spring with a low discharge rate. The different trends observed 
in this water resource were influenced by local drainage with long RT of 
water and low water quality, resulting in a deviation from other sam-
ples. FC5/GK3 water resources have been originated from the JKb 
aquifer. FC5/GK3 illustrates the best quality, referring to the high 
discharge rate and short RT of water in Bil spring, due to recharging 
from high permeability areas, rapid infiltration, and a short time for 
water–rock interaction (Fig. 7a,b). 

The cation exchange could cause an excess of HCO-
3 +SO2-

4 and hence 
causes plotting of the clusters to the right-hand side (RHS) of the 1:1 
stoichiometry line. Whereas reverse cation exchange increases 
Ca2+ +Mg2+ and leads to the plotting of clusters on the left-hand side 

(LHS) of the 1:1 stoichiometry line, which matches the literature reports 
(Belkhiri et al., 2011). According to Fig. 7a,b, few clusters represent 
excessively Ca2+ and Mg2+ (FC1 and FC5, GK1 and GK3), and are placed 
on the LHS of 1:1 stoichiometry line, while most of the samples are 
placed on the RHS of the line and represent an excess of (HCO-

3 + SO2-
4 ), 

which could indicate the cation exchange in the aquifer (Belkhiri et al., 
2011). 

The scatter plot of Na+ versus Cl− and Na+/Cl− 1:1 stoichiometry 
line (Fig. 7c,d) for FCM and GKM clusters suggest that only several 
samples have equal Na+/Cl− ratios, which may refer to halite dissolu-
tion. In clusters that Na+/Cl− the ratio is larger than one, the dissolution 
of Na-containing silicate could be the possible source ofNa+. This is also 
in good agreement with literature findings (Fisher and Mullican III, 
1997). Processes of cation exchange in the aquifer could cause high Na 
concentrations. In contrast, reverse ion exchange could decrease the 
Na+/Cl− ratio to be less than one (Hounslow, 2018) (Fig. 7c,d). 

4.2. Water-rock interaction 

As depicted in FCM and GKM clustering special distribution (Fig. 5a, 
d and Fig. 6a,d), the concentration of HCO-

3 increases by increasing TDS 
values (Fig. 5b,e and Fig. 6b,e), indicating a significant dissolution of 
carbonate formation in the area of PV-JR. Based on Freeze and Cherry 
(Freeze and Cherry, 1979), increment in TDS values indicates a longer 
RT for water. Therefore, this parameter was used as a relative compar-
ison basis for understanding the RT in distinct clusters. Accordingly, the 
clusters could be rearranged from short RT to long RT in this manner and 
as follows: FC5/GK3 (JKb) < FC1/GK1 (JKb and Il-SV) < FC2/GK2 (Il- 
SV) < FC3/GK5 (Gr.) < FC4/GK4 (local drainage) (Fig. 5b,e and Fig. 6b, 
e). 

The relative RT of water has a direct relationship with the dissolution 

Fig. 5. The spatial distribution of the FCM clustering method, the scatter plot of HCO-
3 versus TDS, and the relationship between δ18O and δ2H on PMWL for (a, b, c) 

wet and (d, e, f) dry seasons, respectively. 

E. Eskandari et al.                                                                                                                                                                                                                              



Journal of Hydrology 609 (2022) 127706

10

Fig. 6. The spatial distribution of the GKM clustering method, the scatter plot of HCO-
3 versus TDS, and the relationship between δ18O and δ2H on PMWL for (a, b, c) 

wet and (d, e, f) dry seasons, respectively. 

Fig. 7. The scatter plot of Ca2+ +Mg2+ versus HCO-
3 +SO2-

4 for (a) FCM and (b) GKM clustering methods, and scatter plot of Na+versus Cl- for (c) FCM and (d) GKM 
clustering methods, and. 
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of minerals, and as a result, clusters with short travel time contain less 
dissolved minerals (FC5/GK3). FC4/GK4 represents the longest RT for 
water. On the other hand, Karst’s development is crucial for the RT of 
water in the aquifer. FCM and GKM clustering results could be 
concluded that karst development in JKb formation is higher than Il-SV 
and Gr. formations (Fig. 5b,e and Fig. 6b,e). In the following section, the 
ionic ratio of FCM and GKM results were used to evaluate the rock type 
and the main processes in every cluster (Hounslow, 2018). 

Ionic ratios were used to evaluate the main characteristics of water in 
both FCM and GKM clustering methods, and the results are presented in 
Table 4. Halite is the source of sodium, but due to the dominance of 
carbonate formations, the ionic ratio of Na+/(Na+ + Cl-) is not signif-
icant (Hounslow, 2018). The ratio of Ca2+

Ca2++SO2-
4 

< 0.5, suggesting that 

calcite precipitation or calcium removal is an ion exchange process in 
the aquifer. HCO-

3
Sum of anions values also prove the carbonate weathering in all 

the clusters. All the clusters except for FC4/GK4 represent TDS > 500, 
which refers to carbonate weathering. FC4/GK4 TDS is higher than 500, 
probably resulting from silicate weathering (Table 4) (Hounslow, 2018). 
The main process of controlling groundwater hydrochemistry could be 
illustrated by the Gibbs diagram (Gibbs, 1970). The FCM and GKM 
clustering ratios of Na+/(Na+ + Ca2+) and Cl-/(Cl- + HCO-

3) were 
plotted as functions of TDS on a logarithmic scale. The Gibbs diagram 
model indicates that all the clusters are plotted in the rock weathering 
domain and chemical weathering and mineral dissolution control the 
water hydrochemistry in the study area (Fig. 8a,b). 

4.3. Stable isotope investigation in FCM and GKM clustering methods 

In isotopic studies, the Local Meteoric Water Line (LMWL), which is 
based on every region’s meteoric precipitation, is considered as a 
reference baseline to evaluate different processes in the water cycle. The 
depletion of isotopic content causes plotting on the lower part and at the 
left side of the LMWL. Whereas the enriched values plotted below LMWL 
which could refer to being affected by secondary processes such as 
evaporation and/or mixing (Clark and Fritz, 2013). 

Regarding isotopic investigations, the δ18O and δ2H data of FCM and 
GKM cluster members were plotted simultaneously with the Paveh 
Meteoric Water Line (PMWL) (Mohammadzadeh and Eskandari, 2018) 
(Fig. 9a,b). The majority of FCM and GKM clusters are plotted close to 
the PMWL, while some exhibit a degree of deviation. This suggests that 
meteoric precipitation mainly affects such clusters, while the 

evaporation affects deviated cluster members. As it is shown in Fig. 9a,b, 
both FCM and GKM cluster members share the same nature/origin, 
except for one cluster member. Most of the JKb (FC5/GK3) cluster 
members and the mixing JKb and Il-SV (FC1/GK1) group are placed at 
the lower part at the left side of the PMWL. Due to well-developed and 
high-elevated carbonate formations in PV-JR karstic area, the pre-
cipitations infiltrate rapidly into the karstic aquifer. Therefore, due to 
the lack of evaporations and low residence time of water, the isotopic 

Table 4 
Source-Rock Deduction of Karst (Hounslow, 2018).  

Parameter Value Conclusion FCM GKM 

FC1 FC2 FC3 FC4 FC5 FC1 GK1 GK2 GK3 GK4 GK5 

Wet season 

Na+

Na+ + Cl- 
> 0.5 Sodium source is other than 

halite-albite, ion exchange 
0.36  0.42  0.28  0.33  0.21  0.36  0.36  0.41  0.21  0.33  0.34 

Ca2+

Ca2+ + SO2-
4 

< 0.5 Calcium removal-ion exchange 
or calcite precipitation 

0.85  0.85  0.83  0.80  0.82  0.85  0.85  0.85  0.82  0.80  0.82 

HCO-
3

Sum.Anion 
< 0.8 Silicate or carbonate weathering 0.93  0.95  0.93  0.90  0.90  0.93  0.94  0.95  0.90  0.90  0.92 

TDS <

500 
Carbonate weathering 264.47  325.41  392.05   204.66  264.47  264.71  321.20  204.00   383.76  

>

500 
Silicate weathering     573.94       574.00     

Dry season 
Na+

Na+ + Cl- 
> 0.5 Sodium source is other than 

halite-albite, ion exchange 
0.42  0.30  0.31  0.43  0.39  0.42  0.31  0.42  0.42  0.30  0.39 

Ca2+

Ca2+ + SO2-
4 

< 0.5 Calcium removal-ion exchange 
or calcite precipitation 

0.82  0.89  0.92  0.89  0.76  0.82  0.92  0.88  0.79  0.90  0.76 

HCO-
3

Sum.Anion 
< 0.8 Silicate or carbonate weathering 0.94  0.96  0.97  0.96  0.89  0.94  0.97  0.95  0.93  0.96  0.89 

TDS <

500 
Carbonate weathering 418.77  372.92  186.79  295.86  323.95  418.77  186.40  298.00  423.86  370.20  322.70  

Fig. 8. Gibbs diagrams of Na+/(Na+ + Ca2+) versus TDS and Cl-/(Cl- + HCO-
3)

versus TDS for (a) FCM and (b) GKM clustering methods in the wet season. 
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content in groundwater samples are depleted. Most of the FC2/GK2 and 
FC3/GK5 groups are placed under PMWL due to partial evaporation and 
longer water RT compared to the JKb cluster. FC4/GK4 is affected by 
meteoric water, and the evaporation caused the placement of samples in 
the upper part of PMWL (Fig. 9a,b). 

The comparison of FCM and GKM clustering results of δ13C-DIC 
concentration indicates that, in both methods, the clusters bear a close 
resemblance. The results also display meaningful correlation regarding 
the geological trends, hydrogeochemical characteristics, and isotopic 
data (Fig. 9a,b). The δ13C-DIC concentrations of the cluster could 
identify the RT and karstification of distinct groups. FC5/GK3 (JKb) 
cluster represents the lowest δ13C-DIC concentration. On the contrary, 

the FC4/GK4 has the highest δ13C-DIC concentration. Based on the δ13C- 
DIC concentration of all FCM and GKM clusters, lower δ13C-DIC con-
centration could prove higher karst development due to the shorter RT 
of water and water–rock interaction. 

The main characteristics of every cluster based on the FCM and GKM 
methods are summarized in Table 5. The results of CA suggest that the 
water resources could be divided into five distinctive groups. The divi-
sion was set out based on the physicochemical characteristics, major 
ions, stable isotopes (δ18O and δ2H), and δ13C-DIC concentrations which 
illustrate four different groundwater originations, and the results are 
summarized in Table 5. Evaluating the main characteristic of distinct 
clusters by different hydrogeological conditions and geographical 

Fig. 9. The relationship between δ18O and δ2H for (a) FCM and (b) GKM clustering methods on PMWL plot.  
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locations could profoundly increase the karst system understanding and 
help find out the origin of each cluster with more accuracy and 
precision. 

According to the results, water resources from FC5/GK3 located in 
the east of PV, with the low TDS, major ions, δ13C-DIC concentration, 
and depleted δ18O and δ2H content are considered as the most developed 
karst system with a short mean RT of water (Table 2 and Fig. 5c,f and 
Fig. 6c,f). This cluster location shows good agreement with high 
elevated JKb, as shown in (Fig. 2b,c). Recharging from high elevated 
lands and a low rate of water–rock interaction is evident in FC5/GK3. 
The FC1/GK1, which is a mixing cluster, originated from JKb and Il-SV 
in the east and center of PV. The mixing cluster characteristics compared 
to the FC5/GK3, which had one origination without mixing, shows that 
water–rock interaction is higher and leads to relatively higher TDS, 
δ13C-DIC concentrations. Increasing the TDS and δ13C-DIC concentra-
tions in FC2/GK2 (in the center and south of JR) and FC3/GK5 clusters 
show a less-developed karst system. The seasonal spring, which is 
individually categorized as FC4/GK4 cluster, represented inordinate 
TDS, major ions, and δ13C-DIC concentration compared to other clusters 
(Table 5). 

5. Conclusion 

Herein, the combined use of clustering analysis (CA) methods in 
conjunction with graphical plots were employed to profoundly interpret 
the chemical evolution of water resources of an essential karstic region 
by using enriched hydro-geochemical and isotopic datasets in two 
different seasons. Located in Kermanshah province, Iran, the karstic 
region consists of three pivotal karstic formations (abbreviated as JKb, 
Il-Sv, and Gr formations). It is referred to as “PV-JR karstic area”. CA 
approaches including HCA, KM, FCM and GKM were employed to 
cauterize the water datasets to reveal the water origination for better 
water management. The comparison of CA results and geological, 
hydrogeological, hydro-geochemical, and isotopic characteristics of PV- 
JR region indicates that the FCM and GKM with significant similarity 
yielded distinct clusters yet identical and meaningful results with 
improved spatial variations. FCM and GKM clustering results in the PV- 
JR area indicate that water resources could be classified in five distinct 
clusters, including FC1/GK1 (mixing between JKb and Il-SV), FC2/GK2 
(Il-SV), FC3/GK5 (Gr), FC4/GK4 (seasonal spring), and FC5/GK3 (JKb). 
According to FCM and GKM clusters plotted simultaneously with the 
Gibbs diagram models, rock weathering was the significant phenome-
non shared between all the clusters. Specifically, major ions, TDS values, 
stable isotopes compositions, and δ13C-DIC concentration in FCM and 
GKM clustering results are well-correlated. Based on the results of the 
current study, it was proved that when clustering approaches are inte-
grated with graphical methods to realize hydro-geochemical and iso-
topic datasets, an improved data interpretation with much more 
accuracy and precision is yielded. The results of this survey could be a 
framework for water management programs, especially in complex re-
gions and borderline aquifers. Further research is needed to compare the 
advantages and disadvantages of each method. More data is needed with 
a longer time scale duration. Multiple sampling from more sufficient 

sites and a longer time scale could establish more suitable input for the 
models and make the management plans more reliable since Zagros 
Mountain ranges (ZMR) are extended in Iran, Iraq, and Turkey. 
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